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Abstract

Representation learning has been centered to many NLP and multimodal tasks.
This thesis presents a humble but systematic exploration of a specific form of ideal
representations, i.e., representations that enable similarity search in the Euclidean
space.

Centered to the training of this form of representation models is a technique
called contrastive learning, whose spirit is to push instances which ought having
similar semantics closer in the representation space, while pulling ones irrelevant away.
Representation models trained using this technique widely facilitate language-only
and multimodal applications, such as search engines.

This thesis studies representation models trained by contrastive learning from
three progressive perspectives:

It first visits the fundamentals of contrastive learning (Chapter 4, Chapter 5),
focusing on the mechanism why it works, from theoretical properties such as isotropy,
contextualization and learning dynamics. It also studies how these properties connect
to more behaviors such as models’ length generalization. Using these insights, an
unsupervised contrastive learning approach is presented, reaching state-of-the-art
performance on information retrieval benchmarks when it was released.

Going beyond traditional measurement and expectation of representation models
capabilities like retrieval, new challenges emerged especially under the context of
collaborating with LLMs through paradigms like RAG. And we see the need to
call into questions embedding models’ generalization to OOD tasks (e.g., can it
understand reasoning-level expressions?) and instruction-following capabilities. At
that time, co-authors and I were the first to call for measuring reasoning capabilities
of embedding models, proposing a visionary paradigm which we termed Reasoning
as Retrieval (Chapter 6), which was lately widely adopted by the field.

From the benchmarking of reasoning and instruction-following capabilities, I saw
the massive potential of generative models’ representational power, as opposed to
previous widely adoption of BERT-based and CLIP-based representation models. I
grew the belief in March 2024 that “training representation models is aligning their

?
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representational capabilities with their generative capabilities”, and my research
interest grows into proving that the upperbound of this alignment increases by
grounding the models in more and more modalities (Chapter 7, Chapter 8)
(e.g., going from LLMs to MLLMs). We proposed pixel sentence representation
learning, a unified framework to model the semantics of visual texts, and trained
Pixel Linguist, a powerful model that can understand visual representation of texts.
We then built the largest image and multimodal benchmark, MIEB - Massive Image
Embedding Benchmark, defined by 8 capability categories we see necessary to
measure from multimodal representation models in the new era, incorporating 130
image/multimodal tasks in 38 languages. In the context of multimodality, we again
saw concrete evidence between how generative models’ representational capabilities
can be activated through orders-of-magnitude less alignment training than the CLIP
paradigm, revealing latent alignment built in generative pretraining which needs
to be activated to be similarity-matchable. We also saw early signs of scaling law
between models performance on generative benchmarks and their representation
upperbound post-contrastive learning. Such topics are being actively studied at the
time of this thesis.

And the above marks the very beginning of the journey to pursue the ultimate
form of a generalizable omni-modal representation model.
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CHAPTER 1

Preface

This thesis is the by-product of my exploration in the past four years on a topic
that has not yet stopped fascinating me: Sentence Representation Learning, which
I broadly refer to as learning numerical representation of texts that are equal to or
more than one word, such that their distance reflects their relative semantics.

My PhD research journey interestingly coincides with an important paradigm
shift in the research of Natural Language Processing (NLP), with the emergence of
large language models happening in the middle. Surprisingly, sentence representation
learning turns out to be a field of greater significance in facilitating research in the
era of LLMs, instead of one eclipsed (e.g., the dominance of Retrieval-augmented
Generation, or RAG, at the time of writing of this thesis).

My understanding of representation went through a severe shift, seen in Chapter
5, where we provided early evidence for the field that generative models have greater
potential in attaining representational abilities. I conceptualized representation
learning as an alignment to models’ own generative capabilities.

And the upper bound of this capability alignment keeps getting surpassed by

grounding in more and more modalities...



CHAPTER 2

Introduction

Learning numerical representation of texts is a long-standing topic in natural language
processing (NLP). Representing texts in vectors allows their geometrical distance to
be measured by varied similarity metrics, such that their relative semantics can be
ranked numerically. Due to this reason, the most intuitive motivation of studying
sentence representation is to find such “universal projectors”, such that texts with
closer semantics can be projected to have smaller distances than ones with different
underlying meanings. This might sound easy, with sentences like I love you and
I like you deemed supposed to have a smaller distance than either of them to the
sentence [t’s awful innit [[]

However, the complexity of this problem scales up along the need to ensure
the representations a model produces makes the rule hold for a larger exhaust
combinations of words in the human vocabulary.

This thesis revolves around the core problem of learning such universal sentence

and document-level representations, such that the rule (similarity of embeddings

!The very first sentence I heard in Durham, sheltering from the rain under the eaves in front of
a bank with an older gentleman, with the strongest northern British accent you can ever imagine,
which I luckily managed to decipher thanks to my familiarity with a similar expression: ain’t it,
growing up picking up from Hip Hop music from the other continent.
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reflect their real-world semantic relationships) holds for situations beyond domain-
specific applications, and for texts that require modeling nuances and conditions in
language, such as reasoning-level expressions and instruction-following. In the last
two chapters of the thesis, we also seek to extend such insights to multi-modality.

The overall aim of the thesis is to analyze and build general-purpose dense
representations for text and multimodality. The thesis addresses this high-level goal
through three aspects. First, we provide an analysis framework to analyze properties
of representations, which is shown able to provide transferable insights for training
representation models. Second, we utilize findings we attain from the analyses to
propose training methods of state-of-the-art text-only and multimodal representation
models. Last, we construct systematic evaluation benchmarks for comprehensive
assessment of representation quality. Throughout the thesis, we aim to reveal two
findings: 1) Representation models can retrieve, reason, and perceive, which forms
the title of the thesis. 2) More implicitly, we want to prove at a high level, that
training a representation model is aligning their representational capabilities with
their generative capabilities.

To achieve our overall aim, we ask the following research questions:

Research Question 1: Why does contrastive learning work to attain useful
embeddings?

As we will see, contrastive learning has become a go-to method to transform a
pretrained model into an embedding model that is able to perform similarity search.
But just why do the base models not work, the mechanism why contrastive learning
makes them work, and what properties have changed in the model during contrastive
learning, remain under-explored. In Chapter 4, we first present a systematic study
to answer this question, leveraging important metrics including anisotropy, intra-
sentence similarity and self similarity, which reveal useful findings about models’
encoded uniform embedding space, contextualization and learning dynamics.
Research Question 2: What vulnerability does contrastive learning have
and how can we solve it?

Although contrastive learning is powerful, we show that vulnerability remains

in models trained with contrastive learning. In Chapter 5, we study an important
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property for text retrieval models, length robustness, a property central for retrievers
to retrieve documents of different lengths accurately. We show that properties we
analyzed in Chapter 4 are important to understand why models are not robust to
documents across different lengths, such as when models are only trained on short
documents, their long document embedding space remains anisotropic. We also
show that we can effectively train state-of-the-art embedding models solely through
addressing the length vulnerability.

Research Question 3: Can retriever models solve reasoning problems?

In the era of LLMs, we are faced with new challenges: Are retrievers good enough
to work for paradigms which involve collaboration with LLMs, such as retrieval-
augmented generation (RAG)? For example, how well can retrievers reason? If
retrievers are not good at reasoning, they can then only play basic roles in RAG,
with the reasoning burden mostly posed on LLMs (e.g., what to retrieve, how to
decompose the queries).

In Chapter 6, we provide an upperbound assessment to answer this question.
Specifically, we assess whether the retrievers can solve reasoning problems themselves.
Findings in this chapter shed early light on the role of contrastive learning in the
era of embedding models trained from generative backbones: Contrastive learning
facilitates the alignment of a model’s representational capability with their generative
capability.

Research Question 4: Can tokenization-free/vision encoders attain strong
sentence/document embeddings?

In parallel to the exploration of text-only representation models and methods, we
saw a few disadvantages of text-only models. For example, they are not designed to
be robust to typos due to the tokenization mechanism. With a one-character typo
injected, what looks similar to humans and vision models and become a different
set of tokens and thus confusing to text models. At a high level, text models are
not able to naturally represent information encoded in complex figures and layouts.
Also, they are not able to leverage the shape information of the characters to attain
cross-lingual transferability like humans (e.g., simplified Chinese readers have high

transferbility to zero-shot understand traditional Chinese characters without training,
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which is not the case for text models due to tokenizing into distinct tokens). In
Chapter 7, we present a vision-only framework to encode text semantics, which reveal
the advantages of vision models in terms of robustness to shape-based perturbations,
and their natural advantages to transfer knowledge across languages.
Research question 5: How to evaluate embeddings holistically?

As we extend the exploration scope to multimodal contexts, we aim to develop
a framework to holistically evaluate embedding quality. Traditional multimodal
representation benchmarks assess embedding quality through fragmented tasks
and protocols, such as linear probing, full fine-tuning, or off-the-shelf assessment of
embeddings through protocols such as retrieval. In Chapter 8, we introduce the largest
multimodal embedding benchmark to date, covering 8 capability categories and 130
multimodal tasks across 38 languages. Apart from traditional tasks like linear probing,
retrieval, clustering and zero-shot classification, we introduce challenging tasks to
reveal advanced capabilities of current multimodal embedding models, including
Visual Semantic Textual Similarity (Visual STS), Compositionality Evaluation, Visual

Document Retrieval, and Vision-centric QA.

Main Contributions The main contribution of this thesis is as follows:

1. We provide a systematic framework to analyze properties in representation
models, providing analytical lens to understand why contrastive learning works and
explain vulnerabilities of the trained models.

2. We introduce methods to train state-of-the-art representation models, including
LA(SER)? and Pixel Linguist.

3. We introduce two comprehensive benchmarks, RAR-b and MIEB, respectively
assessing embedding models’ reasoning capabilities and multimodal representation
quality.

4. Through all chapters, we collectively reveal a conceptual principle: Train-
ing representation models is aligning their representational capabilities with their

generative capabilities.



2.1 Basics

In this section, we introduce technical and theoretical basics of sentence representation

learning.

2.1.1 Core Task and Settings

We start by introducing tasks used to assess embedding quality. There are two
well-known tasks, Semantic Textual Similarity (8 [9; [10; 1T 12; [13)) and Information
Retrieval (e.g., the BEIR benchmark (I4).) Semantic Textual Similarity (STS)
assesses whether a model’s similarity perception of two sentences aligns with human
annotation. Each sentence pair is encoded by the model, yielding a similarity
score. The full list of similarity scores is evaluated against human annotated scores,
through Spearman Correlation. Information Retrieval assesses whether a model
is able to retrieve targeted documents given a query. An information retrieval task
typically consists of a query dataset, a document dataset (also known as corpus or
database), and a table of relevance scores between each query and their relevant
documents. In test time, the model encodes the queries and the documents. Similarity
scores are computed between each query and all documents, deciding how top the
groundtruth documents to a query ranked, among all documents. This “rank” is
typically quantified using recall@k or nDCG@k. Recall@k is ranking-insensitive, only
concerning whether the groundtruth documents are retrieved as top k. In contrast,
nDCGQk is ranking-sensitive, assigning different scores to groundtruth documents
depending on how close they are to top 1. Also note that there is a difference between
the recall used in the NLP and the CV community. In CV, as long as the top k
contains one of the groundtruth documents, that specific query gets a perfect recall
score (a score of 1). In NLP, the recall is measured by the number of groundtruth
documents in top k, divided by the number of all groundtruth documents to that
specific query. We follow the NLP protocol of recall in Chapter 5-6 and the CV
protocol in Chapter 8 according to the nature of the tasks.

Information retrieval approaches are generally categorized into two primary

paradigms: sparse retrieval and dense retrieval. Sparse retrieval methods, such as



BM25, rely on lexical overlap and represent text as high-dimensional vectors where
non-zero values correspond to specific keywords found in the vocabulary. In contrast,
dense retrieval utilizes neural networks to project queries and documents into a
shared, low-dimensional continuous vector space, enabling the system to capture
semantic relationships and context beyond simple keyword matching. It is important
to note that this thesis focuses exclusively on studying the representation aspect
of these models—analyzing how information is encoded in the latent space—rather

than on the retrieval mechanisms themselves.

2.1.2 Attaining Sentence Embeddings

With the introduction of Transformer-based language models (I5)) in 2017 and the
pretraining of them starting to be widely-accepted (16; [I7) in 2018, it has been de
facto to use Transformer-based language models as the backbone since.

Given a Transformer model f that maps a sequence of n tokens x = [x1, 2o, ..., z,)]
to a sequence of n x h dimensional vectors H = [hy, h, ... h,], where each h; € R"

represents the hidden state corresponding to the i-th token:

H = f(x) where HcR™"

To obtain a sentence-level representation s, a pooling operation is applied over
the token vectors (i.e., token embeddings). Common pooling methods include mean
pooling, max pooling, or taking the representation corresponding to a special token
(e.g., |CLS]| token in BERT). In sentence representation learning, mean pooling and
[CLS| pooling are commonly seen in earler work, compared to max pooling used
in applications in computer vision. With the recent emerging popularity of using
decoder-based models for learning sentence representation, last-token pooling (using
[EOS], the “end-of-sequence" token, of decoder language models) and weighted mean
pooling are also frequently seen. Model properties under different pooling methods,
including their anisotropy, self-similarity and intra-sentence similarity, are also study
in our work, seen in Chapter [4.12]

Mean pooling computes the sentence representation by averaging the hidden



states across all tokens:

1 n

Special tokens like [CLS| or [EOS]| can either be included in the averaging, or not,
and this can also be a hyperparamter to tune.
Max pooling computes the sentence representation by taking the element-wise

maximum across all hidden states:

n .
Sj:r?:athi,j for 7=1,2,...,h
S = [s1,S2,...,Sh]

where s; represents the j-th element of the sentence representation vector s.
[CLS] Token Pooling: In models like BERT, the hidden state corresponding

to the special [CLS| token can be used as the sentence representation:

s = hjcrg

Intuitively, as [CLS| token is designed as an extra token to attend to the rest
of the “regular” tokens in the sequence, one would hope that it can more or less
represent the semantics of the sequence. Sadly, it is not true - at least without
training [CLS]| token to do so.

Last token pooling emerges in the era of decoder-based sentence representation
learning, seen in a few state-of-the-art work. It takes the hidden state corresponding

to the last token in the sequence as the sentence representation:

s=h [eos]

Also intuitively, as decoder models apply uni-directional attentions, only the last
token has the access to attend to all previous tokens, and it is the only token that is
“qualified” to represent the sequence.

Weighted average pooling builds upon this intuition, and computes the
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sentence representation by weighting each token’s hidden state according to its
position in the sequence. In the same vein as last token pooling, the key spirit is
that later tokens should be given higher weights than previous tokens, as they have
attended previous tokens. A form of the weight for the i-th token can be given by %,
where n is the total number of tokens. Based on this, the sentence representation is

then:

i=1

Summary In each of these cases, the sentence representation s € R”" is a
condensed form of the input sequence’s information, and we optimize upon these
condensed embeddings, to improve their representational abilities.

Despite the plethora of pooling methods, I tend to believe that all these oper-
ations will lead to an identical theoretical upperbound, and only serve to provide
optimization advantages that happen to work best for different models. That is
because: all these operations essentially define weight priors to tokens, which can
also be learned through adapting attention weights throughout layers of a model -
given enough optimization.

For instance, mean pooling gives an average prior to the tokens, saying that each
token should be weighted the same. If this doesn’t work the best for the model to fit
the optimizaiton goal, e.g., if say the first token should receive higher weights, the
model will learn to assign higher weights to the first token in early layers through
attention mechanism, before they are simply averaged in the last layer. I provide a

theoretical analysis between attention mechanism and pooling in Chapter [5.2]

2.1.3 Training
Why training?

The fundamental question we need to ask first is why do we need to train the models
given the strong capabilities of the pretrained models. The answer lies in a well-
documented observation: standard pooling methods applied to token embeddings
from off-the-shelf pretrained Transformer-based language models often fail to produce

9



sentence embeddings that reliably capture real-world semantic relationships between
sentences.

This phenomenon is first found in (I8)), where the [CLS|-pooled and mean-pooled
embeddings of BERT even fall behind the representational abilities of the average
of static embeddings from GloVe (19)). Since then, research has been dedicated
to train Transformer-based pretrained language models to better model sentence

representations.

Desiderata

Given real-world pairwise data i, j sampled from pgata, We aim to minimize between

the model’s similarity perception of 7, j, and their ground-truth relative semantics
Sij-

N
min B [(F@) S @) - )] A 1@, (2.1)
(i) ~Paata =1

where z; is a text, f € F is a language model, and the second half of the equation
serving as a regularization term to prevent representation collapse.

The goal has inspired earlier work on this problem, including the earliest version of
SBERT (I8)). The limitation of this approach is that real-world similarities between
texts are sparsely annotated, with only datasets like the STS series annotated
with a few thousand examples (I3)), and optimizing the model to fit this objective
generally suffers from overfitting. Therefore, it has gradually become established to
see Equation as the goal instead of the method, but rather optimize the models

on orders of magnitudes larger datasets, with contrastive losses.

2.1.4 Contrastive Learning

Contrastive learning aims to push closer the representations of semantically sim-
ilar instances, while pushing away the dissimilar ones. Among different variants
of contrastive losses, InfoNCE (20)) has emerged as a go-to solution in representa-
tion learning nowadays, including in sentence representation learning (3), image

representation learning (21} 22)), and image-text alignment (23)).
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Using a InfoNCE objective to fine-tune a PLM on datasets that consist of

sentence/document pairs is defined as follows:

esim(ei ,ej)/T

l; = —log (2.2)

N _sim(egel)/7’
Zj:l € !

where e; and e denote embeddings of a sentence/document pair, whose cosine
similarity is to be maximized, while all e;r in a same training batch when j # i is to
be pushed further from e;.

In the following section, we go through previous literature related to the contrastive
learning technique, theoretical properties of representations and contrastive learning,
and applications that can be facilitated by embeddings which motivate new directions

of embedding research including ones done in this thesis.

2.2 Thesis Structure

The remaining chapters of this thesis is organized as follows, going from fundamental
analysis to multi-modality. Chapter 3 first provides a comprehensive literature re-
view, surveying the current landscape of dense text and multimodal representations,
identifying theoretical gaps that motivating our subsequent explorations. Chapter 4
systematically investigates the mechanism of contrastive learning (RQ1), analyzing
geometric properties like anisotropy to explain how pre-trained models transform into
effective embedding models. Chapter 5 builds on this by identifying and resolving
a critical vulnerability in contrastive learning regarding document length (RQ2),
demonstrating that addressing specific embedding space flaws yields state-of-the-art
retrieval performance. Under the era of LLMs, Chapter 6 transitions to the "Reason"
component of the thesis (RQ3), providing an upper-bound assessment of whether
retrievers can solve reasoning tasks and showing how contrastive learning aligns
representational capabilities of models with their generative capabilities. Chapter 7
explores the "Perceive" aspect by questioning the necessity of tokenization (RQ4),
proposing a vision-only framework that learns textual semantics using vision-only
models. Finally, Chapter 8 unifies these themes by addressing how to evaluate embed-

dings holistically (RQ5), introducing a massive multimodal benchmark that rigorously
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tests the "Retrieve, Reason, Perceive" capabilities across diverse multimodal tasks
and languages.

The publications that are relevant to this thesis are as follows, and the full list of
publications are provided in Chapter [10]

(Chapter 4) Xiao, C., Long, Y. and Al Moubayed, N., 2023, July. On Isotropy,
Contextualization and Learning Dynamics of Contrastive-based Sentence Represen-
tation Learning. In Findings of the Association for Computational Linguistics: ACL
2023 (pp. 12266-12283).

(Chapter 5) Xiao, C., Li, Y., Hudson, G., Lin, C. and Al Moubayed, N., 2023.
Length is a Curse and a Blessing for Document-level Semantics. In Proceedings of
the 2023 Conference on Empirical Methods in Natural Language Processing, pages
1385-1396, Singapore. Association for Computational Linguistics.

(Chapter 6) Xiao, C., Hudson, G.T. and Al Moubayed, N., 2024. Rar-b:
Reasoning as retrieval benchmark. arXiv preprint arXiv:2404.06347.

(Chapter 7) Xiao, C., Huang, Z., Chen, D., Hudson, G.T., Li, Y., Duan, H.,
Lin, C., Fu, J., Han, J. and Al Moubayed, N., 2024. Pixel sentence representation
learning. arXiv preprint arXiv:2402.08183.

(Chapter 8) Xiao, C., Chung, I., Kerboua, I., Stirling, J., Zhang, X., Kar-
dos, M., Solomatin, R., Al Moubayed, N., Enevoldsen, K., Muennighoff, N., 2025.
MIEB: Massive Image Embedding Benchmark. In Proceedings of the IEEE/CVF

international conference on computer vision
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CHAPTER 3

Related Work

The pursuit of learning effective numerical representations for text is a foundational
and rapidly evolving field in Natural Language Processing (NLP). This section
situates the contributions of this thesis within the broader research landscape,
tracing the progression from early contextual embeddings to the current frontiers
of reasoning, multimodality, and novel representation paradigms. We structure
this review into four key areas: (1) Sentence and document representation learning;
(2) Dense retrieval and benchmarks; (3) Reasoning, RAG, and instruction-tuned
embeddings; and (4) Tokenization-free and multimodal encoders. For each area, we
synthesize the state-of-the-art and identify specific theoretical and practical gaps

that this thesis addresses.

3.1 Sentence and Document Representation Learn-
ing

From Static to Contextual Embeddings Early approaches to sentence repre-
sentation relied on averaging static, non-contextual word embeddings such as GloVe

(19). The introduction of pre-trained Transformer-based language models (PLMs)
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like BERT ([16; [I7) marked a paradigm shift. However, a critical “representation gap”
was quickly identified: standard pooling methods (e.g., [cls| or mean pooling) applied
to off-the-shelf PLMs often yielded sentence embeddings that performed poorly on
semantic tasks, frequently lagging behind simple GloVe averages. (I8}, 19)). This
representation gap highlighted that the powerful contextual understanding at the
token level did not automatically transfer to the sentence level.

Early and effective solutions emerged from supervised fine-tuning. A pioneering
work, Sentence-BERT (SBERT) utilized Siamese network architectures to fine-tune
pre-trained models on sentence-pair tasks like Natural Language Inference (NLI)
(24; 25) and Semantic Textual Similarity (STS) (13). This approach successfully
adapted the models to produce embeddings where spatial distance in the vector
space corresponded to semantic similarity, establishing a powerful baseline that is

still widely used today.

The Rise of Contrastive Learning for Text Embedding models More
recently, the field has adopted contrastive learning (CL) as the dominant training
paradigm. Utilizing objectives like InfoNCE, CL pulls semantically similar instances
together while pushing dissimilar ones apart. SimCSE (3)) represented a breakthrough
in unsupervised learning by using standard dropout as a data augmentation technique,
creating positive pairs from the same input processed twice. This has inspired a
wave of research into unsupervised contrastive methods, including InfoCSE (2)),
DiffCSE (26), DeCLUTR (27) and so on, which explored different augmentation and

auxiliary objective strategies.

Isotropy and Post-Processing A core motivation for these advancements is the
"representation degeneration" problem , where embeddings from PLMs occupy a
narrow, anisotropic cone in the vector space. This anisotropy limits the expressiveness
of the representations. Several post-processing methods, such as BERT-flow ()
and BERT-whitening (5)), attempted to transform embeddings into a more isotropic
distribution (e.g., Gaussian) without further training. However, contrastive learning
has been theoretically and empirically shown to promote uniformity (isotropy) more

effectively during the training process itself.
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Research Gap While the benefits of contrastive learning for isotropy are ac-
knowledged, the precise mechanism and learning dynamics remain under-explored.
Specifically, how does contrastive fine-tuning alter the internal geometry of the
embedding space beyond global uniformity? Does it change how tokens within a
sentence interact (intra-sentence similarity) or how the same token behaves across
contexts (self-similarity)? Furthermore, there is a lack of deep analysis connecting
these geometric shifts to model performance. This gap motivates Chapter 4, which
provides a systematic analysis of isotropy, contextualization, and learning dynamics

in contrastive sentence representation learning (28]).

3.2 Dense Retrieval Methods and Benchmarks

Dense retrieval uses neural networks to project queries and documents into a shared
embedding space, overcoming the lexical mismatch limitations of sparse retrieval

methods like BM25.

Modern Dense Retrivers The effectiveness of dense retrievers relies heavily on
negative sampling and training objectives. Architectures range from dual-encoders (bi-
encoders) for efficiency to cross-encoders for higher accuracy but higher computational
cost. Models like Contriever (29) demonstrated that strong retrieval performance
could be achieved via unsupervised pre-training using creating positive pairs from

independent spans of the same document.

Benchmarking Information Retrieval To rigorously evaluate generalization,
the BEIR (Benchmarking IR) benchmark (14) was introduced. BEIR evaluates
models in a zero-shot setting across diverse domains (e.g., bio-medical, finance,

news), becoming the standard for assessing retrieval capabilities.

Research Gap Despite these advancements, the need to effectively address long
documents has become increasingly relevant, and it remains a critical gap whether

current state-of-the-art models can generalize effectively across different length ranges.
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Furthermore, while standard contrastive learning has been powerful, it remains a
question whether it can still introduce vulnerability.

As investigated in the work forming Chapter 5 of this thesis (30; 31]), standard
contrastive methods can introduce new, previously overlooked vulnerabilities, such as
a model’s sensitivity to document length. Specifically, we identify "length attacks,"
where models are fooled into perceiving higher similarity solely due to artificial
elongation of content despite no new semantic information being added. This finding
highlights that prior work has not provided a solution rooted in the training framework
itself, motivating the development of more robust training frameworks. Consequently,
Chapter 5 introduces LA(SER)?, a framework that leverages document elongation as
a semantic signal to achieve state-of-the-art unsupervised retrieval performance and

robustness.

3.2.1 Expanding the Frontier: Reasoning, RAG, and Instructions-

aware Embeddings

The advent of Large Language Models (LLMs) has transformed the requirements
for embedding models, moving them from simple semantic matching to complex

components within Retrieval-Augmented Generation (RAG) pipelines (32)).

Retrieval-Augmented Generation Retrieval-Augmented Generation (RAG) In
RAG, retrievers assist LLMs by fetching relevant context to mitigate hallucinations
and provide up-to-date knowledge. However, in reasoning-intensive tasks (e.g., multi-
hop QA), retrievers often fail to identify the necessary logical steps, placing the

entire reasoning burden on the LLM.

Instruction-aware Embeddings This shift has given rise to a new class of
instruction-aware embedding models. Models like Instructor (33) and TART (34)
are trained with task-specific instructions (e.g., "Retrieve scientific papers for..."),
allowing a single model to adapt to various domains and intents. Recent advances
involve fine-tuning LLM backbones (e.g., E5-Mistral (35), GritLM (36)) to leverage

the generative capabilities inherent in generative models for representation tasks.
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Research Gap Despite the rise of RAG, evaluation of reasoning and retrieval
remains orthogonal: reasoning is evaluated on generative models, and retrieval is
evaluated on topical matching. There is a distinct absence of a systematic evaluation
of representation models’ reasoning capabilities. This motivates Chapter 6, where
we introduce RAR-b (37), a benchmark that reframes reasoning tasks as retrieval
problems to assess embedding models’ reasoning capabilities using an upperbound
setting: whether embedding models can solve the reasoning problems themselves
by retrieving. This evaluation pushes the evaluation frontier beyond traditional
STS and IR, and led us to systematically understand generative backbones’ great
representation potential, and our conceptual principle: Training representation is

aligning models’ representational capabilities with their generative capabilities.

3.3 Tokenization-free & Multimodal Models and
Benchmarks

The final frontier of representation learning involves moving beyond text-only modal-

ities toward unified multimodal understanding.

Tokenization-free Methods Standard language models rely on discrete subword
tokenization, which is sensitive to noise (e.g., typos) and limits the application
of computer vision augmentation techniques to text. PIXEL proposed rendering
text as images to process language via vision encoders (ViT)(38). This paradigm
has expanded with models like CLIPPO (39)), which learns joint image-language
representations from pixels, and autoregressive approaches concurrent to our work
introduced in the thesis like PIXAR (40) and PTP (41)) that investigate generation
and screenshot understanding. While promising for robustness, vanilla pixel models

lag significantly behind token-based models in semantic understanding.

Vision-only Multimodal Models Parallel to advancements in text, self-supervised
vision-only models such as SimCLR (22]), MoCo (21)), and DINOv2 (42) have estab-

lished robust visual representations through contrastive and reconstructive objectives.
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CLIP (23)) revolutionized multimodal learning by proving that feature transferability
can be learned by aligning image and text encoders via massive contrastive training.
This has led to numerous successors, including OpenCLIP (43)), SigLIP (44), and
ALIGN (45). More recently, Multimodal LLMs (MLLMs) like LLaVA have been
adapted into embedding models, showing strong potential.

However, the evaluation of such powerful multimodal models has remained
fragmented across task-specific protocols (I} 22 42). CLIP models on zero-shot
classification, vision models on linear probing , and retrieval models on specific
datasets like MSCOCO. There is no unified, massive-scale benchmark that holistically
evaluates image and image-text embeddings across diverse capabilities (retrieval,

clustering, visual text understanding, etc.) and languages.

Research Gap Two major gaps exist here:

1) Weak Semantics in visual text Models: There is no framework that success-
fully transfers visual augmentation techniques (typos, shuffling) to learn strong
sentence embeddings in tokenization-free models. This motivates Chapter 7, where
we introduce Pixel Linguist (40]).

2) Lack of Unified Multimodal Evaluation: The field lacks a comprehensive
standard to compare vision-only, CLIP-style, and MLLM-based embedding models
across a wide spectrum of tasks. This motivates Chapter 8, where we introduce

MIEB (Massive Image Embedding Benchmark).
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CHAPTER 4

On Properties of Contrastive Sentence Representation Learning

In this chapter, we reveal important empirical patterns we find about token and
sentence-level embeddings that occur in the process of learning sentence representation
with contrastive learning. The goal is to understand why contrastive learning works,
aiming to provide fundamental insights that inspire the works in the following
chapters, such as proposing enhancements to training methods (Chapter 5, 7).
More specifically, we study three properties: anisotropy, intra-sentence similarity,
and self similarity. These properties will reveal how sentence-level embeddings
distribute in the semantic space (anisotropy), and how token-level embeddings interact
with each other in the same sentence/document (through the lens of intra-sentence
similarity and self-similarity). We will see how the findings in this chapter connects to
interpreting the length vulnerability of retrievers (Chapter 5) and facilitate revealing
cross-lingual transferability potential of visual text representation model (Chapter
7). In short, findings and analysis angles in this chapter provide transferable insights
to understanding and enhancing representation models of different types. We now
start by summarizing this chapter’s content.

Incorporating contrastive learning objectives in sentence representation learning

(SRL) has yielded significant improvements on many sentence-level NLP tasks.

19



However, it is not well understood why contrastive learning works for learning
sentence-level semantics. In this chapter, we aim to help guide designs of sentence
representation learning methods by taking a closer look at contrastive SRL through
the lens of isotropy, contextualization and learning dynamics. We interpret its
successes through the geometry of the representation shifts and show that contrastive
learning brings isotropy, and drives high intra-sentence similarity: when in the same
sentence, tokens converge to similar positions in the semantic space. We also find
that what we formalize as “spurious contextualization” is mitigated for semantically
meaningful tokens, while augmented for functional ones. We find that the embedding
space is directed towards the origin during training, with more areas now better
defined. We ablate these findings by observing the learning dynamics with different

training temperatures, batch sizes and pooling methods.

4.1 Introduction

Since vanilla pre-trained language models do not perform well on sentence-level
semantic tasks, Sentence Representation Learning (SRL) aims to fine-tune pre-trained
models to capture semantic information (3} 6} [18). Recently, it has gradually become
de facto to incorporate contrastive learning objectives in sentence representation
learning (2} B}, 27; [47)).

Representations of pre-trained contextualized language models (16} [17; 48) have
long been identified not to be isotropic, i.e., they are not uniformly distributed in
all directions but instead occupying a narrow cone in the semantic space (49)). This
property is also referred to as the representation degeneration problem (50), limiting
the expressiveness of the learned models. The quantification of this characteristic
is formalized, and approaches to mitigate this phenomenon are studied in previous
research (50; 51 52)).

The concept of learning dynamics focuses on what happens during the continuous
progression of fine-tuning pre-trained language models. This has drawn attention in
the field (53; 54), with some showing that fine-tuning mitigates the anisotropy of

embeddings (59), to different extent according to the downstream tasks. However, it
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Figure 4.1: Expanded semantic space produced by contrastive learning (CL), visual-
ized with UMAP. At the beginning of training, all embeddings occupied a narrow
cone. After 200 steps of fine-tuning with a contrastive loss, they spread out to define
a larger semantic space.

is argued that the performance gained in fine-tuning is not due to its enhancement
of isotropy in the embedding space (55). Moreover, little research is conducted on
isotropy of sentence embedding models, especially contrastive learning-based sentence
representations.

Vanilla Transformer models are known to underperform on sentence-level semantic
tasks even compared to static embedding models like Glove (I8} [19), whether using
the [cls| token or averaging word embeddings in the output layer. Since Reimers
et al.(I8)) proposed SBERT, it has become the most popular Transformers-based
framework in sentence representation tasks. The state-of-the-art is further improved
by integrating contrastive learning objectives (2} [3} [47). The other line of works
concern post-processing of embeddings in vanilla language models (5; [6; 50) to attain
better sentence representations.

Learning dynamics in fine-tuning was previously investigated, revealing isotropy
shifts in the process (3;55), but few studies have systematically investigated relevant
pattern shifts in sentence representation models, and none has drawn connections

between these metrics and the performance gains on sentence-level semantic tasks.
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While some implicitly studied this problem by experimenting on NLI datasets
(53t 54 [55]), we argue that a more extensive study on the geometry change during
fine-tuning SOTA sentence embedding models with contrastive objectives is necessary.

To summarize to existing work and research gap: 1) Prior analysis work on
anisotropy only focuses on base models. 2) Previous learning dynamics research
focuses on standard fine-tuning such as classification. There is no work systematically
analyzing token- and sentence-level geometric analysis of contrastive SRL and its
link to performance.

In this work, we demystify the mechanism of why contrastive fine-tuning works
for sentence representation learning.r'_-] Our main findings and contributions are as

follows:

e Through measuring isotropy and contextualization-related metrics, we uncover
a previously unknown pattern: contrative learning leads to extremely high
intra-sentence similarity. Tokens converge to similar positions when given the

signal that they appear in the same sentence.

e We find that functional tokens fall back to be the “entourage” of semantic
tokens, and follow wherever they travel in the semantic space. We argue that
the misalignment of the “spurious contextualization change” between semantic

and functional tokens may explain how CL helps capturing semantics.

e We ablate all findings by analyzing learning dynamics through the lens of
temperature, batch size, and pooling method, not only to validate that the
findings are not artifacts to certain configurations, but also to interpret the

best use of these hyperparamaters.

Our study offers fundamental insights into using contrastive objectives for sentence
representation learning. With these, we aim to shed light on future designs of sentence

representation learning methods.

'Our code is publicly available.
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https://github.com/gowitheflow-1998/on-isotropy-of-contrastive-SRL/

4.2 Isotropy and Contextualization Analysis of

Contrastive-based Sentence Embedding models

4.2.1 Preliminary

Anisotropy of token embeddings produced by pre-trained language models has
drawn attention in the field, and been validated both theoretically and empirically
(49; 50; 52k 57).

For an anisotropic model, the embeddings it encodes have a high expected value
of pair-wise cosine similarity: E, ,cscos(u,v) >> 0, where u and v are contextualized
representations of tokens randomly sampled from corpus S.

A contrastive learning objective to fine-tune a PLM on datasets that consist of

sentence/document pairs is defined as follows:

esim(ei 7e:r)/T

l; = —log (4.1)

Zé\:l esim(ei,ej)/T’

where e; and €] denote embeddings of a sentence/document pair, whose cosine
similarity is to be maximized, while all e;r in a same training batch when j # i is to
be pushed further from e;.

The central question posed in this chapter revolves around the mechanism involved
in the contrastive learning process that diminishes anisotropy, leading to an isotropic
model. If anisotropy is neutralized, we would observe a new mathematical expectation
of cosine similarity, represented by E, ,cscos(u,v) =~ 0. However, the precise process
and the underlying mechanism that facilitate this transition remain the key questions
we aim to address.

Therefore, metrics such as self-similarity of same tokens in different contexts,
and intra-sentence similarity of different tokens in the same context, are pertinent.
More importantly, we could further trace the contextualization shift that brings
mitigated anistropy to word type, i.e., are functional words and semantic words
less/more contextualized after contrastive learning? We show that, this finding
could potentially attribute to the performance gain on sentence-level semantic tasks
brought by contrastive fine-tuning.
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We summarize the main metrics used in Table 4.1 and explain in detail in the

following subsection.

Metric Computation

Interpretation

Anisotropy
Intra-sentence Similarity

Self-Similarity

Expected cosine similarity
of random sentences.

Similarity between all to-
kens in the same sentence.
Similarity of the same to-
ken in different sentences.

How collapsed the embed-
ding space is.

How  tokens interact
within the same sentence.
How one token contextual-
izes in different contexts.

Table 4.1: Metric overview table.

4.2.2 Metrics

We adopt the metrics defined in (49), who studied the extent to which word rep-
resentations in pre-trained ELMo, BERT, and GPT-2 are contextualized, taking
into consideration their anisotropy baselines. We reimplement the computation on
self-similarity, intra-sentence similarity, and anisotropy baselines. We then break
the similarity measures down into dimension level to inspect whether certain rogue
dimensions (57) dominate these metrics and therefore making the similarity measures

only artifacts of a small set of dimensions.

Self Similarity: Self similarity measures the similarity among different contex-
tualized representations of a token across different contexts. Higher self-similarity
indicates less contextualization. Given a token x, we denote the set of token embed-
dings of x contextualized by different contexts in corpus S as Sy. Self similarity is
then defined as the empirical mean of pair-wise cosine similarity of contextualized
embeddings of token x in all these contexts:

sel fsim(x) £ Euves;[cos(u, v)] (4.2)

Intra-sentence Similarity: By contrast, intra-sentence similarity measures the

similarity across tokens in the same context.
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Given a sentence s with n tokens ;{1 2,... n}, We first attain sentence representation
§ by mean-pooling, i.e., averaging all token embeddings z;. Intra-sentence similarity
is then defined as the average cosine similarity between token representations z; and

the sentence representation §.

mies (4.3)

1
intrasim(s) = — Z cos(tj, §)
n

Intra-sentence similarity provides a quantitative measure of the extent to which
tokens in the same sentence are similar, allowing us later to derive insights on:
whether token representations would converge in the semantic space only because

they appear in a same sentence.

Anisotropy Baselines: While self and intra-sentence similarity are computed
given the restrictions of respectively 1) same word in different contexts 2) different
words in the same context, these values are not reflective of the general distribution
across different words and different contexts.

In line with (49), we adjust the above two metrics by substracting the anisotropy
baseline of a model from them, i.e., average cosine similarity between randomly

sampled tokens from different contexts as defined in preliminary.

Dimension-level Inspection of the Metrics Due to the fact that cosine simi-
larity is highly sensitive to outlier dimensions, we inspect whether the outcomes of

the above measurements are only artifacts of these dimensions, i.e. rogue dimensions

7).

uU-v

Formally, the cosine similarity of two embeddings is defined as: cos(u,v) = Tl

where © and v are two embeddings to measure against. Since the term w - v is just a
sum of the element-wise dot product of the 7** dimension of the embeddings, it is
convenient to inspect the contribution each dimension makes to the global similarity:
cos(u,v) = 3¢ | TlTsT

Given a set S that consists of n randomly sampled representations, the ex-

pected contribution of the i** dimension in a model to a similarity metric could be
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approximated as:

U;V;
_T T .
<05 = Buves ool (4.4)

By breaking the global metrics down to dimension level, whether the output
of a metric is a global property of all embeddings in the language model or is
only dominated by a set of rogue dimensions D could be inspected by whether
Zie p COS; >> ”%H]Eu,vegcos(u, v), with d being the dimensionality of word embed-
dings.

Nonetheless, we could mathematically derive that, dominating dimensions domi-
nate corpus-level similarity metric computations mostly because of their high average
distances to the origin at the corresponding dimensions. However, if the values in
these dimensions do not have high variation, then eliminating the top || D]|| of these
dimensions from the embeddings would not significantly bring semantic shifts to the
original representations and therefore would not affect the corresponding relative
similarity relationship between sentence pairs.

Therefore, we will also need to inspect whether there is a misalignment between
the existence of the rogue dimensions, and their actual impact on informativity (57)).
Given a f(t, k) that maps a token ¢ to its representation, with top k rogue dimensions
eliminated, we could compare the correlation between similarity measures yielded
by the original representatations and those with top-k rogue dimensions removed.

Formally, given:

Cosoriginal(o) - COSw,yEO(f(:E; 0)7 f(ya 0)) (45)

c0Spost(O) = €Sy yeo(f(2, k), f(y, k)), (4.6)

Wbl

we compute: 1 = Corr[coSoriginal, COSpost], Which is an indicator of the “authenticity
of the representations left without these rogue dimensions.

With the corresponding dimension-level inspections of the three metrics, we could
take a step further to investigate whether fine-tuning a vanilla language model to
sentence embedding tasks with the contrastive objective mitigates the dominance of

rogue dimensions.
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4.2.3 Models

We analyze two models that achieve SOTA performances on sentence embedding
tasks and semantic search tasks, all-mpnet-base-v2 [] and all-MinilM-L6-v2. []
They have both been fine-tuned with a contrastive loss on 1B+ document pairs, with
the goal of predicting the right match to a document d; given its ground-true match
d; and the rest of the in-batch d;“ as natural negative examples. The prediction is
conducted again reversely with d;, d; and other in-batch d;. The loss is averaged for
these two components for every batch. The representation of each document d is by
default the mean-pooled embedding of each token.

We compare the results to their vanilla versions, mpnet-base (58) and Mz'mLMIﬂ
(59) to get a closer look to the initial state of their corresponding pre-trained
counterparts, and how the metrics change after fine-tuning on the goal of getting
better sentence and document-level representations. In Section [4.2.5| and Section 4.3
we used these four off-the-shelf checkpoints described above (mpnet: before vs.
after contrastive learning; MiniLM: before vs. after contrastive learning). And in
Section [4.4.2] we re-train a model using the InfoNCE loss with mpnet-base to study

the learning dynamics of the properties studied in Section [£.2.5] and Section [4.3]

4.2.4 Data

We use STS-B (13)), which comprises a selection of datasets from the original SemEval
datasets between 2012 and 2017. We attain the dataset through Hugging Face
Datasetsﬂ Notably, the models that we are looking at were not exposed to these
datasets during their training. Therefore, the pattern to be found is not reflective of
any overfitting bias to their training process.

We use the test set and only use sentence 1 of each sentence pair to prevent the
potential doubling effect on self-similarity measure, i.e., providing tokens with one

more sentence where they are in the similar contexts. Following the description, 1359

Zhttps:/ /huggingface.co/sentence-transformers/all-mpnet-base-v2
3https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

4https: //huggingface.co/nreimers/MiniLM-L6-H384-uncased. Notably, we use a 6-layer version.
Shttps://huggingface.co/datasets/stsb_multi _mt
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sentences are selected as inputs.

4.2.5 Result

We show that after fine-tuning with contrastive loss, the anisotropy is almost elim-
inated in the output layer of both models, and is mitigated in the middle layers
to different levels. This empirically validates the theoretical promise of uniformity
brought by contrastive learning (3}, [60) in the context of sentence representation

learning (Figure |4.2]).

05 avg. sim. between random tokens (anisotropy baseline)

——— all-mpnet-base-v2

mpnet-base
0.4 all-MiniLM-L6-v2

MiniLM-L6

>

Q 0.3

o

—

]

o
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‘c 0.2

{D —
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layer

Figure 4.2: Anisotropy baseline of models

Complementing the enhanced isotropy, the average L2 norm of the randomly
sampled token representations is also measured, showing a similar drastic shift in
mostly the output layer of both models. Geometrically, the embeddings of tokens
are pushed toward the origin in the output layer of a model, compressing the dense
regions in the semantic space toward the origin, making the embedding space more
defined with concrete examples of words (see also Figure , instead of leaving
many poorly-defined areas (6). This property potentially contributes to models’
performance gains on sentence embedding tasks.

Figure .4 and Figure [4.5] present respectively the self similarity and intra-sentence
similarity of models adjusted (subtracted) by their anisotropy baselines (Unadjusted
measures in Section [4.§)).

As for the adjusted self similarity, we can see that the fine-tuned models generally

show higher self similarities across contexts (meaning tokens are less contextualized
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Figure 4.3: Avg. L2 norm of embeddings

after fine-tuning) in all layers, except for the output layer of the fine-tuned mpnet.

However, in general there does not exist a large difference on this metric (See why in

Section .

avg. self similarity (anisotropy adjusted)
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Figure 4.4: Adjusted self similarity of tokens: each self similarity is adjusted by the
anisotropy of the corresponding model

We observe that intra-sentence similarity dramatically goes up in the output
layer after contrastive fine-tuning. In the output layer of fine-tuned mpnet, the intra-
sentence similarity reaches 0.834 (adjusted), meaning that tokens are 83.4% similar
to one another if they appear in a same sentence. Since this pattern does not exist in
the vanilla pre-trained models, the pattern is a unique behavior that accompanies the
performance gain brought by contrastive learning. We argue that given contrastive

examples and the goal of distinguishing between similar and non-similar in each
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Figure 4.5: Adjusted intra-sentence similarity of tokens: each intra-sentence similarity
is adjusted by the anisotropy of the corresponding model

batch, the model learns to provide more intense cross-attention among elements
inside an input, and thus could better assign each example (sentence/document)
to a unique position in the semantic space. With mean-pooling and positive pairs,
the model learns to decide important tokens in a document d;, in order to align
with its paired document d;, and other secondary tokens are likely to imitate the
embeddings of these important tokens because they need to provide an average
embedding together to match with their counterpart (In Section we conduct an
ablation study with other pooling methods). Further, with limited space in the now
compressed space, inputs have now learned to converge to one another to squeeze
to a point while keeping its semantic relationship to other examples. Therefore, we
reason that, the unique behavior of this “trained intra-sentence similarity” is highly
relevant to the models’ enhanced performance on sentence-level semantic tasks.

To summarize the key observations: 1. After contrastive learning, anisotropy
is largely removed from the models, which is shown by that embeddings from the
models’ last layer present an expeceted cosine similarity of near zero. 2. Contrastive
learning brings extremely high intra-sentence similarity, making all tokens in the
same sentence very similar with each other. 3. Average self similarities of tokens
remain similar after contrastive learning, which as we further explore in Section 1.3}
is due to the opposite self-similarity changes of semantic tokens and functional tokens

being averaged.
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Model Top 1 Top 2 Top 3
mpnetaniia .548 723 741
mpnetgnetunea 005 .010 .014
minilm..nia .081 129 163
minilmgne tunea -008 .014 .020

10% 20 % 50%

mpnetvanilla 1 1 1
mpnetﬁne—tuned 28 64 209
Ininihnvanillau 2 5) 31
MinilMeine tuned 19 40 121

Table 4.2: Dimension-wise inspection on vanilla and contrastive learning-based
fine-tuned sentence representation models (last/output layer only). The upper part
of the table presents the contribution percentage of the top 1 to 3 dominating
dimensions. The lower part provides the number of top dimensions needed to account
for {10,20,50}% of similarity metric computation.

Complementing the global properties found above, we present in Table the
dimension-level inspection on the measures. The analysis is conducted on self
similarity. In line with previous work (57)), there exists a significantly unequal
contribution among dimensions. This inequality is most pronounced in the vanilla
mpnet, with the top 1 dimension (out of the total 768) contributing to almost 55% of
the similarity computation. After contrastive fine-tuning, this phenomena is largely
removed, with dominating dimensions greatly “flattened” (3]). For the fine-tuned
mpnet, it now requires 209 (out of 768, 27.2%) dimensions to contribute to 50% of
the metric computation, and for fine-tuned minilm, this number is 121 (out of 384,
31.5%).

In Section we present the informativity analysis by removing top-k dominat-
ing dimensions, we see a reallocation of information after contrastive fine-tuning and

a misalignment between dominance toward similarity computation and informativity.

4.3 Connecting to Frequency Bias

The imbalance of word frequency has long been identified to be relevant to the
anisotropy of trained embeddings (50). This has been also empirically observed in
pre-trained Transformers like BERT (6)). (6) draw connection between frequency bias

and the unideal performance of pre-trained language models on STS tasks, through
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deriving individual words as connections of contexts, concluding that rare words fail
to play the role of connecting context embeddings. (55) show that when fine-tuning
pre-trained language models under the setting of Siamese architecture on STS-b
datasets, the frequency bias is largely removed, with less significant frequency-based
distribution of embeddings. However, it is also pointed out that these trained models
are still highly anisotropic, which as we showed in Section does not hold in the
context of contrastive training, which, with sufficient data, has theoretical promise
toward uniformity (3; [60)).

Therefore, it is of interest to see the corresponding behaviors of frequency bias
shifts in the context of contrastive learning, and more importantly, how this correlates

with our surprising finding on intra-sentence similarity.

4.3.1 How Self Similarities Change for Frequent Words?

Since word frequency has produced many problematic biases for pre-trained Trans-
former models, we would like to know whether contrastive learning eases these
patterns. Thus, how the self-similarity measurement manifests for frequent words
after the models are fine-tuned with the contrastive objective? Are they more/less

contextualized now?

Validity of Measuring Self-Similarity Change We first define Self-Similarity
Change and prove that this measurement is not prone to stochasticity in the training
process.

The top 400 frequent tokens are first extracted from the constructed STS-b subset.
Then, we measure the avg. self-similarity before and after fine-tuning for each word,
adjusted for their anisotropy baseline. Formally, we define Self-Similarity Change
(SSC) of a token as:

sSSsc = (ssf — anif) — (SSU — (M’Liv), (47)

where ss¢, ss,, aniy and ani, stand for self-similarity and anisotropy baseline of
fine-tuned and vanilla models respectively.
To validate that this measurement is not a product of stochasticity occurs in

training but a common phenomenon that comes with contrastive learning, we compute
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the Self-Similarity Change for every token using both mpnet (vanilla & fine-tuned)
and MiniLM (vanilla & fine-tuned). If the statistics produced by both models show
high correlation, then there exists a pattern that would affect how self-similarity
changes for different tokens during contrastive fine-tuning. Otherwise, the changes
are a product of randomness.

We iterate n = 1 to 400 to compute the Pearson correlation of SSCs of the top
n tokens produced by both mpnet and MiniLM and find the position where these
statistics correlate the most, which is: argmax(corr(sscmpnet|: 7, SSCrrinizam[: 1))).
Throughout the iteration, the top 204 freguent tokens give the highest Pearson
correlation, which reaches a surprisingly high number of 0.857, validating the universal
pattern for similarity shifts of frequent words. After inspection, we find that these
are tokens that appear more than 9 times in the 1359 sentences. Notably, even the
full set of 400 tokens gives a correlation of over 0.8, again proving the robustness of
this pattern for frequent words (Refer to Section for the full statistics of the

validation).

4.3.2 Reaching to the connection

Table provides a glimpse of the top 10 tokens (among the top 400 frequent tokens)
that are now most more contextualized (with top negative self-similarity changes)

and most less contextualized (with top positive self-similarity changes).

mpnet minilm
SS (1) SS (1) SS (J) SS (1)
0 has onion [SEP| hands
1 is piano : fire
2, unfortunately ; run
3 7 cow ? house
4 are chair ) japan
5 that potato the hat
6 been  read an ukraine
7 while dow - jumping
8 was guitar / coffee
9 with drums a points

Table 4.3: Top Self-Similarity Changes

After contrastive fine-tuning, tokens that contribute more to the semantics (tokens
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that have POS like nouns and adjectives) are now more reflective of their real-world
limited connotations - tokens like “onion" and “piano" are not supposed to be that
different in different contexts as they are in pre-trained models. We formalize this as
“Spurious Contextualization", and establish that contrastive learning actually
mitigates this phenomena for semantically meaningful tokens. We speculate
that these tokens are typically the ones that provide aligning signals in positive pairs
and contrastive signals in negative pairs.

By contrast, however, the spurious contextualization of stopwords is even aug-
mented after contrastive learning. “Has" is just supposed to be “has" - as our
commonsense might argue - instead of having n meanings in n sentences. We specu-
late that, stopwords fall back to be the “entourage" of a document after
contrastive learning, as they are likely the ones that do not reverse the semantics
and thus do not provide contrastive signals in the training. Connecting this to our
finding on high intra-sentence similarity, we observe that given a sentence/document-
level input, certain semantic tokens drive the embeddings of all tokens to converge to

a position, while functional tokens follow wherever they travel in the semantic space.

4.4 Ablation Analysis

In this section, we provide a derivation to interpret the role of temperature in CL,
inspiring the searching method of its optimal range. We also show that contrastive
frameworks are less sensitive to batch size at optimal temperature for SRL, unlike in

visual representation learning.

4.4.1 Rethinking Temperature

Given a contrastive learning objective:

/ | esim(ei,e;r)/r (4 8)
PT T eT el N sim(es,el)/T ’
esim(ei,e; )/T + Zj:l l{j;ﬁi}e (ese])/

we first look at its denominator, where the goal is to minimize the similarity
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between the anchor e; and negative pairs e; when j # i:

1

esim(ei,ej)/T c (_T76%> (49)
e
Let  be esimne) we get:
sim(e; e-+)/7' 1/7 1
e _ i e (L (10
e

If 7 << 1, as long as & < 1, /7 shrinks exponentially. While when z > 1, z/7

+
J

explodes exponentially. Therefore, x = 1, or sim(e;,e) = 0 when i # j is an
important threshold when negative pairs are to decide whether or not to further push
away, and this "thrust", is exactly what temperature provides: In-batch negatives
are not motivated to be too dissimilar under a lower temperature, since once the
similarity reaches below 0, the exponent 1/7 is already doing the job of making them
exponentially vanishing in the denominator.

We analyze the upper bound and lower bound of sim(e;, ej) under 0, giving us
sim(e;, €f) = 0 and sim(e;, ] ) = —1 for every sim(e;, ef) in batch when ¢ # j. For

€+

both cases we pair them with sim(e;, e;”) — 1~ since positive pairs are drawn closer

regardless. Therefore,

sim(e; ,e;")/T

e
gupperbound(T) == log n-l
esim(ei,ej)/T + Z eV/T (411)
| esim(ei,ej)/T
= — 10 ; ’
& csmlenel/T 1 (n— 1)

while given sim(e;, ef ) — 17,

[

esim(ei7ei+)/7

glowerbound(T) = lOg n—1
esim(ei,ej’)/ﬂ- 4 Z 6—1/7'
e(sim(ei,ej)—l—l)/r

=1 (4.12)
0og elsim(eiel)+1)/7 4 (n—1)

62*sim(ei,e:r)/‘r

e2*sim(€i7€j)/7 —+ (n — 1)

~ —log

Therefore, Elowerbound(QT) ~ Eupperbound('r)-
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We find that temperature affects making embeddings isotropic: to push in-batch
negatives to the lower bound, the temperature needs to be twice as large than to
push them to the upper bound. For example, if when temperature = 0.05, two
sentences are pushed in training to have —1 cosine similarity, now given temperature
= (0.025, the gradient is only around enough to push them to have 0 cosine similarity
with each other.

The findings suggest that searching for the optimal value of this hyperparameter
using a base of 10, as empirically shown in previous research (3)), may not be the most
efficient approach. Instead, we argue that a base of 2 would be more appropriate, and
even to conduct finer-grained searching when a range of upper bound temperature
that is twice the lower bound temperature is found to provide adequate performance.

Our analysis serves as a complementation to (61)), who show that a lower tem-
perature tends to punish hard-negative examples more (especially at the similarity
range of (0.5,1)), while a higher temperature tends to give all negative examples
gradients to a same magnitude. This provides more theoretical justification to our
approximation, since at the similarity range of (—1,0), all negative examples have
gradients to the same magnitude (6I]) regardless. We suggest that this range plays a

main role in making the entire semantic space isotropic.

4.4.2 Experiment Setup

We use a vanilla mpnet-base (58) as the base model, and train it on a concatena-
tion of SNLI (24) and MNLI datasets (25). In accordance with our analysis, for
the temperature 7 subspace we deviate from the commonly adopted exponential
selection with a base of 10 (e.g., (3)), but we analyze around the best value found
empirically, with a base of 2, i.e., {0.025,0.05,0.1}. We provide the same analysis on
{0.001,0.01,0.05,0.1, 1} in Section for comparison. To better illustrate the effect
of temperature, we only use entailment pairs as positive examples, under supervised
training setting. We do not consider using contradiction as hard negatives to distract
our analysis, nor unsupervised settings using data augmentation methods such as
standard dropout. We use all instances of entailment pairs as training set, yielding
a training set of 314k. We truncate all inputs with a maximum sequence length
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of 64 tokens. All models are trained using a single NVIDIA A100 GPU. We train

the models with different temperatures for a single epoch with a batch size of 64,

yielding 4912 steps each, with 10% as warm-up. We save the models every 200 steps

and use them to encode the subset of STS-B we have constructed.

4.4.3 Results
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Figure 4.6: Anisotropy changes throughout training under different temperatures

last layer L2 norm across steps
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Figure 4.7: L2-norm under different temperatures

Firstly, we present the centered property we are measuring, anisotropy. Figure

shows the last-layer anisotropy change throughout steps. The trend is in line with

our hypothesis about temperature being a "thurst". Knowing that the vanilla model

starts from encoding embeddings to be stuck in a narrow angle, temperature serves
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as the power to push them further through forcing negative pairs to be different.
With a higher temperature, the cosine similarity between negative pairs has to be
lower to reach a similar loss. Figure further validates this through showing that
higher temperatures compress the semantic space in general, pushing instances to

the origin.
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Figure 4.8: Self similarity under different temperature, adjusted by anisotropy
baseline
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Figure 4.9: Intra-sentence similarity under different temperature, adjusted by
anisotropy baseline

Figure 1.8 and Figure [4.9 present the adjusted self and intra-sentence similarity.
Following the closer look at the contradicted pattern for frequency bias analyzed in
Section [4.3] the behavior here becomes self-explainable. We could see that under

the temperature of 0.1, the self similarity stays at a lower level compared to 0.05
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in the last steps. This matches with the opposite result in intra-sentence similarity.
According to our analysis in Section [4.3] it is the less meaningful tokens that drag
down the self-similarity, and because they learn to follow the semantically meaningful
tokens wherever their embeddings go in the semantic space, the corresponding intra-
sentence similairty would become much higher. We speculate that, while a high intra
similarity explains the performance gain of models trained with contrastive loss on
semantic tasks, its being too intense (as shown when 7 = 0.1) might also account for
the performance drop, making semantic meaningful tokens too dominating compared
to auxiliary/functional tokens. Therefore, it again justifies the importance of selecting
a moderate temperature that provides enough gradients, but not over-intensifying
the attention leaning toward dominating tokens.

In Section [4.10] we provide the analysis on batch size, revealing that batch size
plays a less significant role, if given a relatively optimal temperature. This is the
opposite of what is commonly found in visual representation learning. Section
compares the three commonly used pooling methods, showing that the found patterns
are not just artifacts of a certain pooling method (mean pooling), but consistent

across pooling methods.

4.5 Limitations

This chapter only considers analyzing contrastive learning in the fine-tuning stage, but
we note that with isotropy being a desiderata for pre-trained language models (49),
recent works have considered incorporating contrastive objectives in the pre-training
stage (29; [62). We leave analysis on this line of research for future work.

We further note that the analysis in this work focuses on theoretical properties
occurred during contrastive SRL (e.g., high intra-sentence similarity), thus only
focuses on semantic textual similarity (STS) data as a proof of concept. However,
with the growing attention on contrastive learning, we argue that the typical STS-B is
perhaps no longer sufficient for revealing the full ability of models trained with newer
contrastive SRL frameworks. We call for a standard practice that the performance

of contrastive SRL should be assessed on both semantic textual similarity and
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information retrieval tasks (e.g., (14)). We leave analysis on information retrieval
tasks leveraging our analysis pipeline for future studies. For example, how high
intra-sentence similarity is related to the learned attention towards tokens that enable

document retrieval with better performance.

4.6 Top Self Similarity Change (SSC): Token Exam-
ples

Table presents top 10 positive and negative self similarity change of frequent
tokens, before and after contrastive fine-tuning.

Although function tokens are found to be highly contextualized in pre-trained
language models (49), this phenomenon is even intensified after contrastive fine-
tuning. While for semantic tokens, the spurious contextualization is alleviated to a

great extent.

4.7 Expanded semantic space (Eased Anisotropy)

We provide a visualization of embedding geometry change in Figure |4.1]

We first use the vanilla mpnet to encode the STS-B subset we have constructed.
During fine-tuning, we save the models every 200 steps and use them to encode
the subset, We find that with optimal hyperparameters, the representations go
through less change after 200 steps. We perform UMAP dimensionality reduction on
embeddings provided by models up to 1000 step to preserve better global structure,

and visualize only vanilla and 200-step embeddings.

4.8 Unadjusted measures of Section 4.2.5

Figure [4.10| and Figure display respectively the unadjusted avg. self similarity
and intra-sentence similarity. These values as we elucidated in previous sections,

however, are likely to be artifact of anisotropy, and therefore are supposed to be
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Figure 4.10: Unadjusted self similarity of tokens

adjusted by the anisotropy baseline of each model, based on the computation on
randomly sampled token pairs.

As shown in main sections, to offset the effect of each model’s intrinsic non-
uniformity, we adjust them by the degree of anisotropy of each model, based on
pair-wise average similarity among 1000 token representations that we randomly
sample from each of the 1000 sentences (to avoid the sampling to bias toward long

sentences).
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Figure 4.11: Unadjusted intra-sentence similarity of tokens
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4.9 Temperature Search: why searching to the order
of magnitude by 10 is not optimal?

We have also run the search range of temperature in previous research, which is
carried out to the order of magnitude by 10. We compare the metrics on the models
run with these temperatures with the vanilla mpnet model’s performance.

It is shown that, not all values of temperature push the metrics from the vanilla
baseline toward a same direction. Therefore, there exists a relatively optimal range
to search, which is empirically implemented in a few works (47} [63)), but few seems to
have discussed why the range should not be that large, while we show this through
the math analysis in Section and their contradicted performance on our studied
metrics here.

Specifically, for anisotropy baseline, temperature being too low even augments
the vanilla model’s unideal behavior, and the same applies for L2-norm, by that
temperature being too low actually pushes the embeddings even further from the

origin.

last layer anisotropy baseline across steps
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Figure 4.12: Anisotropy changes throughout training under different temperatures

For the adjusted self similarity and intra-sentence similarity, the metrics for low
temperature are largely offset by anisotropy, meaning that for these temperature
(especially 7 = 0.001), tokens are not more similar to itself in different contexts, nor
to other tokens they share contexts with, compared to just with a random token in

whatever context.
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Figure 4.13: L2-norm under different temperatures
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Figure 4.14: Self similarity under different temperatures, adjusted by anisotropy
baseline

(50) and (3) take a singular spectrum perspective in understanding regularization
to anisotropy. (50) propose a regularization term to the original log-likelihood loss
in training machine translation model to mitigate the representation degeneration
problem (or anisotropy). The regularization is proportional to Sum(WW7) | where
W is the stack of normalized word embeddings. If all elements are positive, then
minimizing Sum(WW?) is equivalent to minimizing the upper bound for the largest
top eigenvalue of Sum(WWT). Therefore, this regularization term shows theoretical
promise to flatten the singular spectrum and make the representation more uniformly
distributed around the origin. (3) extend this analysis to show the same theoretical

promise brought by the uniformity loss proposed by (60), by deriving that uniformity
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Figure 4.15: Intra-sentence similarity under different temperatures, adjusted by
anisotropy baseline

m m
loss is in fact greater or equal to # S>> 3" hl'hj, which is also equivalent to flattening
i=1j=1

the spectrum of the similarity matrix. Our results show that despite the intuition
reached by singular spectrum perspective, the assumption could probably only hold
on a relatively optimal temperature. Thus, the effect of temperature should be

considered using this perspective, which is beyond the scope of this chapter.

4.10 Batch size

Batch size on the other hand, does not produce impact as significant as temperature.
We have run three models with the optimal 7 = 0.05 paired with a batch size range
of {16, 64, 256}.

The metrics yielded by different batch sizes all stay in small range at the end of

the epoch, albeit showing different rates and stability of convergence.

Model k=1 k=2 k=3 k=5 k=10 k=20 k=50 k=100 k=300 k = 700
mpnetyapilla .386 .338 210 .169 168 182 201 195 175 .040
mpnetanetuned  -999 .998 .996 .994 .990 .983 .960 .922 783 .229
minilmyapia 993 .980 970 .947 .886 .796 .559 .543 375 /
minilmene tunea  -998 .846 .836 .830 817 .805 .768 .690 285 /

Table 4.4: 7% between the similarity matrices of sampled token embeddings, before
and after removing the same top-k rogue dimensions from every token embedding.
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Figure 4.16: Anisotropy changes throughout training under different batch sizes
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Figure 4.17: L2-norm under different batch sizes

4.11 Informativity

In this section we present the informativity analysis outlined in Section Specifi-
cally, after we identify how dominant are the top rogue dimensions, to what degree
is semantics affected with these rogue dimensions removed? Do these dimensions
only have large mean but do not contribute to large variance? We sample 1k token
embeddings to compute their pair-wise similarity. After removing top-k dimensions
from every embedding, we compute the similarity matrix again, and compute the
Pearson Correlation r between flattened lower triangles of the matrices of the two
excluding their diagonals. We then report the r? which represents the proportion of

variance in the original similarity matrix explained by the post-processed matrix.
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Figure 4.18: Self similarity under different batch sizes, adjusted by anisotropy baseline
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Figure 4.19: Intra-sentence similarity under different batch sizes, adjusted by
anisotropy baseline

At a high level, Table 4.4] shows that dominance # informativity. Specifically,
MiniLM presents a misalignment between dominance toward similarity computation
and the actual information stored in these dimensions. For instance, removing the
top 1 dominant dimension of minilmg,erunea Seems to not affect the embeddings’
relative similarity to one another at all, preserving an r? of .998. Also, recall
from Section that contributions of dimensions from minilm,,y. to similarity
computation are relatively flatter than mpnet,anina, the results show that along with
the even more flattened contributions after fine-tuning, the informativity seems
to have been reallocated. For instance, from removing k£ = 100 to £ = 300, the

explainable variance goes down from .690 to .285, meaning this range of dimensions
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store a lot more information compared with the vanilla version. In general, that
minilmyapina and minilmgyetuneq take turn to yield higher 72 with top-k removed
demonstrates that there is generally no strong correlation between dominance and
informativity, but it is rather random - especially when the dominance is already

quite evenly distributed in the vanilla model.

4.12 Pooling Method

In line with previous analysis, this section presents the measurement on different
pooling methods. We follow the same setting in Section [4.4] to also investigate whether
the patterns found in Section are only attributable to mean pooling. We compare
mean pooling with [cls] pooling and max pooling. Albeit the different performance
on the metrics, contrastive learning in general presents consistent behaviors across
pooling methods, such as eased anisotropy and enhanced intra-sentence similarity
For anisotropy, we observe that [cls| pooling shows a slow convergence on producing
isotropy. At the end of the epoch, it is still on a decreasing trend. By contrast, mean
pooling and max pooling demonstrate a faster convergence, with mean pooling being
most promising on isotropy. Their performance on L2-norm is also well-aligned, again
showing strong correlation between isotropy and L2-norm in the training process
utilizing contrastive loss. And this correlation seems agnostic to pooling methods.

The following analysis focuses on their differences:
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Figure 4.20: Anisotropy changes throughout training under different pooling methods
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Figure 4.21: L2-norm under different pooling methods

For self similarity, [cls| pooling and mean pooling show a similar performance,
which max pooling deviates from.

Max pooling presents an "unacceptably" high intra-sentence similarity. Although
intra-sentence similarity is a potentially ideal property uniquely brought by contrastive
learning, this metric could not be over-intensified, as also shown in Section [4.4]
Section and Section There exists an ideal range for intra-sentence similarity,

compatible to a model’s performance on other metrics.
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Figure 4.22: Self similarity under different pooling methods, adjusted by anisotropy
baseline
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Figure 4.23: Intra-sentence similarity under different pooling methods, adjusted by
anisotropy baseline

4.13 Self Similarity Change and Correlation across

Models

Self Similarity Change (SSC) of top frequent words and correlation across models
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Figure 4.24: Self Similarity Change

In Figure we plot the Self Similarity Change (SSC) across models (mpnet
and MiniLM), for the top 400 frequent tokens of the SST-b subset we construct.

The Pearson correlation between the two accumulated lists of the first [: n] tokens
is also plotted. The perfect correlation at the beginning is ignored because the most
frequent words at the top are the [pad|, [cls| and [sep| tokens. Excluding these, the
correlation reaches the peak at 204 as mentioned in the main section, before which
the correlation has been slowly stabilized with more tokens considered, while starting
to drop after. This shows that the pattern mostly holds for tokens that are above

certain frequency, which again provides empirical ground for our analysis on drawing
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connection of self and intra-sentence similarity to frequency bias.

4.14 Conclusion

In this chapter, we demystify the successes of using contrastive objectives for sen-
tence representation learning through the lens of isotropy and learning dynamics.
We showed the theoretical promise of uniformity brought by contrastive learning
through measuring anisotropy, complemented by showing the flattened domination
of top dimensions. We then uncovered a very interesting yet under-covered pattern:
contrastive learning learns to converge tokens in a same sentence, bringing extremely
high intra-sentence similarity. We then explained this pattern by connecting it to
frequency bias, and showed that semantically functional tokens fall back to be the by
products of semantically meaningful tokens in a sentence, following wherever they
travel in the semantic space. Lastly, we ablate all findings through temperature,
batch size and pooling method, providing a closer look at these patterns through
different angles.

As we will show in following chapters, findings of this chapter provide transferable
analysis angles to different behavioral patterns of embedding models. For instance,
The finding that contrastive SRL induces very high intra-sentence similarity and
length-sensitive isotropy motivates Chapter 5’s analysis of lenght attacks and the

design of the LA(SER)? method.
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CHAPTER b

Learning Sentence Representation for Retrieval

Dense representation plays a dominant role in information retrieval. It has become
the technique behind applications like search engines. Current dense retrievers
are mostly facilitated by training with contrastive learning. Although contrastive
learning is powerful, we show that there remains vulnerability in models trained
with CL. In this chapter, we study an important property for text retrieval models,
length robustness, a property central for retrievers to retrieve documents of different
lengths accurately. We show that properties we analyzed in Chapter 4 are important
to understand why models are not robust to documents across different lengths. For
example, we find the isotropy promise found in Chapter 4 is highly length-sensitive:
when models are only trained on short documents, their long document embedding
space remains anisotropic. We also propose the LA(SER)?, a length-robust dense
retriever training framework, showing that we can effectively train state-of-the-art
embedding models solely through addressing the length vulnerability.

In recent years, contrastive learning (CL) has been extensively utilized to recover
sentence and document-level encoding capability from pre-trained language models.
In this chapter, we question the length generalizability of CL-based models, i.e.,

their vulnerability towards length-induced semantic shift. We verify not only that
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length vulnerability is a significant yet overlooked research gap, but we can devise
unsupervised CL methods solely depending on the semantic signal provided by
document length. We first derive the theoretical foundations underlying length
attacks, showing that elongating a document would intensify the high intra-document
similarity that is already brought by CL. Moreover, we found that isotropy promised
by CL is highly dependent on the length range of text exposed in training. Inspired
by these findings, we introduce a simple yet universal document representation
learning framework, LA(SER)3: length-agnostic self-reference for semantically
robust sentence representation learning, achieving state-of-the-art unsupervised

performance on the standard information retrieval benchmark.

5.1 Introduction

In recent years, contrastive learning (CL) has become the go-to method to train
representation encoder models (3} 21; 22} [33). In the field of natural language process-
ing (NLP), the effectiveness of the proposed unsupervised CL methods is typically
evaluated on two suites of tasks, namely, semantic textual similarity (STS) (13) and
information retrieval (IR) (e.g., (14)). Surprisingly, a large number of works only
validate the usefulness of the learned representations on STS tasks, indicating a
strong but widely-adopted assumption that methods optimal for STS could also
provide natural transferability to retrieval tasks.

Due to the document length misalignment of these two types of tasks, the
potential gap in models’ capability to produce meaningful representation at different
length ranges has been rarely explored (30). Studies of document length appear to
have been stranded in the era where methods are strongly term frequency-based,
because of the explicit reflection of document length to sparse embeddings, with
little attention given on dense encoders. Length preference for dense retrieval models
is observed by (14)), who show that models trained with dot-product and cosine
similarity exhibit different length preferences. However, this phenomenon has not
been attributed to the distributional misalignment of length between training and

inference domains/tasks, and it remains unknown what abilities of the model are
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Figure 5.1: Demonstration of Elongation Attack on Sentence Similarity. The simi-
larity between sentence S4 and Sp incorrectly increases along with elongation, i.e.,
copy-and-concatenate the original sentence for multiple times, despite the semantics
remain unaltered.

enhanced and diminished when trained with a certain length range. On the other
hand, while there are a line of unsupervised IR methods (2} [3} [4), none provides
a general length-robust training recipe or analyses length-dependent properties in
embedding models, such as isotropy and intra-sentence similarity.

In this chapter, we provide an extensive analysis of length generalizability of stan-
dard contrastive learning methods. Our findings show that, with default contrastive
learning, models’ capability to encode document-level semantics largely comes from
their coverage of length range in the training.

We first depict through derivation the theoretical underpinnings of the models’
vulnerability towards length attacks. Through attacking the documents by the
simple copy-and-concatenating elongation operation, we show that the vulnerability
comes from the further intensified high intra-document similarity that is already
pronounced after contrastive learning. This hinders a stable attention towards the
semantic tokens in inference time. Further, we show that, the uniformity/isotropy
promised by contrastive learning is heavily length-dependent. That is, models’

encoded embeddings are only isotropic on the length range seen in the training,
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but remain anisotropic otherwise, hindering the same strong expressiveness of the
embeddings in the unseen length range.

In the quest to bridge these unideal properties, we propose a simple yet universal
framework, LA(SER)3: Length-Agnostic SElf-Reference for SEmantically Robust
SEntence Representation learning. By providing the simple signal that "the elongated
version of myself 1) should still mean myself, and thus 2) should not become more
or less similar to my pairs”, this framework could not only act as an unsupervised
contrastive learning method itself by conducting self-referencing, but could also be
combined with any contrastive learning-based text encoding training methods in a
plug-and-play fashion, providing strong robustness to length attacks and enhanced
encoding ability.

We show that, our method not only improves contrastive text encoders’ ro-
bustness to length attack without sacrificing their representational power, but also
provides them with external semantic signals, leading to state-of-the-art unsupervised

performance on the standard information retrieval benchmark.

5.2 Length-based Vulnerability of Contrastive Text
Encoders

Length preference of text encoders has been observed in the context of information
retrieval (14), showing that contrastive learning-based text encoders trained with dot-
product or cosine similarity display opposite length preferences. (30)) further devised
"adversarial length attacks" to text encoders, demonstrating that this vulnerability
can easily fool text encoders, making them perceive a higher similarity between a
text pair by only copying one of them n times and concatenating to itself.

In this section, we first formalize the problem of length attack, and then analyze
the most important pattern (misaligned intra-document similarity) that gives rise
to this vulnerability, and take an attention mechanism perspective to derive for the

first time the reason why contrastive learning-based text encoders can be attacked.
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Problem Formulation: Simple Length Attack Given a sentence S with n
tokens {x1, zs, ..., z,}, we artificially construct its elongated version by copying it
m times, and concatenating it to itself. For instance, if m = 2, this would give us
S = {Z1, .y p, 21, o, T

In the context of information retrieval, where downstream tasks are mostly defined
by topical matching of queries and documents, we hold a semantics-preserving
assumption for repetition-based elongation operation, where repeating a document d
by m time should not make it more similar to a query ¢q. However, we do acknowledge
edge cases where repetitions may change pragmatics, such as sentiments (e.g., cases
where repeating a positive statement many times can become sarcastic), which is
not the focus of information retrieval tasks.

In fact, using pure statistical representation such as tf-idf (64), the original

sentence and the elongated version yield exact same representations:

S 2 F(S,m) (5.1)

tEIdE(S) = t-idf(S) (5.2)

where f(-) denotes the elongation operator, and m is a random integer.

Therefore, no matter according to the semantics-preserved assumption discussed
previously, or reference from statistics-based methods (64)), one would hypothe-
size Transformer-based models to behave the same. Formally, we expect, given a
Transformer-based text encoder g(-) to map a document into a document embedding,

we could also (ideally) get:

9(5) = g(5) (5-3)

Observation 1: Transformer-based text encoders perceive different seman-
tics in original texts and elongation-attacked texts. The central problem is:

given a Transformer-based text encoder g(-), it is found empirically that:

g(8) # g(S). (5.4)
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Figure 5.2: Distribution of positive pair cosine similarity. Left: MiniLM finetuned
on only short document pairs with contrastive loss displays a favor towards attacked
documents (longer documents). Right: the vanilla model displays an opposite
behavior.

We verify this phenomenon with Proof of Concept Experiment 1 (Figures ,
showing that Transformer-based encoders perceive different semantics before and

after elongation attacks.

Proof of Concept Experiment 1 To validate Observation 1, we fine-tune a
vanilla MiniLM (59) with the standard infoNCE loss (20) with in-batch negatives, on
the Quora duplicate question pair dataset (QQP). Notably, the dataset is composed
of questions, and thus its length coverage is limited (average token length = 13.9,
with 98.5% under 30 tokens).

With the fine-tuned model, we first construct two extreme cases: one with a
false positive pair ("what is NLP?" v.s., "what is computer vision?"), one with a
positive pair ("what is natural language processing?" v.s., "what is computational
linguistics?"). We compute cosine similarity between mean-pooled embeddings of the
original pairs, and between the embeddings attained after conducting an elongation
attack with m = 100 (Eq. [5.1)).

We found surprisingly that, while "what is NLP?" and "what is computer vision?"
have 0.06 cosine similarity, their attacked versions achieve 0.42 cosine similarity -
successfully attacked (cf. Figure . And the same between "what is natural
language processing?" and "what is computational linguistics?" goes from 0.50 to

0.63 - similarity pattern augmented.
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On a larger scale, we then construct an inference set with all the document
pairs from Semantic Textual Similarity benchmark (STS-b) (13). We conduct an
elongation attack on all sentences with m = 100 (Eq. [p.1). The distributions of
document pair cosine similarity are plotted in Figure 5.2} For the fine-tuned MiniLM
(Figure , left), it is clearly shown that, the model perceives in general a higher
cosine similarity between documents after elongation attacks, greatly increasing the
perceived similarity, even for pairs that are not positive pairs. This phenomenon indi-
cates a built-in vulnerability in contrastive text encoders, hindering their robustness
for document encoding. For reference, we also plot out the same set of results on the
vanilla MiniLM (Figure , right), demonstrating an opposite behavior, which will

be further discussed in Proof of Concept Experiment 2.

Observation 2: Intra-document token interactions experience a pattern
shift after elongation attacks. Taking an intra-document similarity perspec-
tive (49), we can observe that, tokens in the elongated version of same text, do not
interact with one another as they did in the original text (see Proof of Concept
Experiment 2). Formally, given tokens in S providing an intra-document similarity
of sim, and tokens in the elongated version S providing sim, we will show that
sim # sim. This pattern severely presents in models that have been finetuned with
a contrastive loss, while is not pronounced in their corresponding vanilla models
(PoC Experiment 2, Figure [5.3)).

A significant increase on intra-document similarity of contrastive learning-based
models is observed by (28), opposite to their vanilla pre-trained checkpoints (49). It
is further observed that, after contrastive learning, semantic tokens (such as topical
words) become dominant in deciding the embedding of a sentence, while embeddings
of functional tokens (such as stop-words) follow wherever these semantic tokens travel
in the embedding space. This was formalized as the "entourage effect" (28)). Taking
into account this conclusion, we further derive from the perspective of attention
mechanism, the reason why conducting elongation attacks would further intensify
the observed high intra-document similarity.

The attention that any token x; in the sentence S gives to the dominant tokens
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can be expressed as:

T /
eqikdominant/ di

Attention( x; — Tdominant) =

S >

where ¢; is the query vector produced by z;, k% the transpose of the key

dominant 13
vector produced by Zgominant, and k;‘f is the transpose of the key vector produced by
every token x,,. We omit the V' matrix in the attention formula for simplicity.

After elongating the sentence m times with the copy-and-concat operation, the
attention distribution across tokens shifts, taking into consideration that the default
prefix [cls] token is not elongated. Therefore, in inference time, [cls] tokens share
less attention than in the original sentence.

To simplify the following derivations, we further impose the assumption that
positional embeddings contribute little to representations, which loosely hold empiri-
cally in the context of contrastive learning (65). In Section [5.6, we conduct an extra
group of experiment to present the validity of this imposed assumption by showing
the positional invariance of models after CL.

With this in mind, after elongation, the same token in different positions would get
the same attention, because they have the same token embedding without positional

embeddings added. Therefore:

Attention(Z; — Tdominant)
ieS
mQQikgominant/ v dk

MY ew kI VI — (i — 1)/ VO

T /
6%‘ kdominant/ dy,

- 1. T /
Zeqik’;{/\/dk — ﬂeqlk[cls]/ di
m
n

> Attention(Z; — Tdominant)
icS

Based on Eq. 5.0 we can see that attentions towards dominant tokens would

increase after document elongation attack. However, we can also derive that the
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same applies to non-dominant tokens:

Attention( 5171~ — xnon—dominant)
€S

> Attention( x; — Zyon-dominant)
i€s
In fact, every unique token except [cls] would experience an attention gain.
Therefore, we have to prove that, the attention gain G4 of dominant tokens (denoted
as x4) outweighs the attention gain G, of non-dominant (regular, denoted as x,)

tokens. To this end, we define:

Gq 2 Attention(z; — x4) — Attention(z; — 24)

G, £ Attention(z; — ,) — Attention(z; — )

1T /
Let e%ikdominant/ Vi he la, €%k non-dominans/ Vi he L, etikn [V 1o l,, and ikt / VK e

a l., we get:

G

2 Attention(z; — xq) — Attention(z; — )

ieS i€es

l l lg™=L],
D=l 2 Xl = L)

Similarly, we get:
lrm—_llc
G, = m (5.8)

(S — 7t

Also note that l; > [,: that’s why they are called "dominating tokens" in the
first place (28)). Therefore, we prove that G4 > G,.

As a result, with elongation operation, every token is going to assign even more
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attention to the embeddings of the dominating tokens. And this effect propagates
throughout layers, intensifying the high intra-document similarity ("entourage effect")
found in (28).

In summary, we show that elongation increases attention to dominant tokens,
amplifying intra-document similarity and harming stable semantics. Note that in
above derivations, we impose an assumption that positional embeddings contribute

little to representations after contrastive learning, which we further empirically

validate in Section B.6.1]

Proof of Concept Experiment 2 With the derivations, we conduct PoC Experi-
ment 2, aiming to demonstrate that intra-document similarity experiences a pattern
shift after elongation attack, intensifying the "entourage effect", for contrastive
fine-tuned models.

Taking the same fine-tuned MiniLM checkpoint from PoC Experiment 1, we
compute the intra-document similarity of all the model outputs on STS-b. For each
document, we first compute its document embedding by mean-pooling, then compute
the average cosine similarity between each token embedding and the document
embedding[T| The results are shown in Figure [5.3] After elongation attacks, we can
see an increase in the already high intra-document similarity, meaning that all other
tokens converge even further towards the tokens that dominate the document-level
semantics.

When using the vanilla MiniLM checkpoint, the intra-document similarity pattern
is again reversed. This opposite pattern is well-aligned with the findings of (49) and
(28)): Because in vanilla language models, the intra-document similarity generally
becomes lower in the last few layers, while after contrastive learning, models show
a drastic increase of intra-document similarity in the last few layers. Also, our
derivations conclude that: if the intra-document similarity shows an accumulated
increase in the last few layers, this increase will be intensified after elongation; and

less affected otherwise.

'Notably, we further adjust these scores by the model’s anisotropy estimation (average pair-wise
similarity of random sampled tokens), because of the representation degeneration problem (49; [50).
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In-document Token Interaction Pattern Shifts

[ Vanilla Sentences
I Length Attack * 100
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o
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‘MiniLM finetuned on QQP
Models

MiniLM vanilla

Figure 5.3: In-document Token Interactions experience a pattern shift before and
after contrastive fine-tuning: Using the vanilla model, tokens in the elongated version

of a document become less like one another than in the original un-attacked text;

after contrastive fine-tuning, tokens in the attacked text look more alike to one
another. This empirically validates our math derivation. Notably, measurements of
both models have been adjusted by their anisotropy estimation (displayed value =
avg. intra similarity - estimated anisotropy value).

Complementing the intensified intra-document similarity, we also display an
isotropy misalignment before and after elongation attacks in Figure With the
well-known representation degeneration or anisotropy problems in vanilla pre-trained
models (Figure [5.4] right, green, (49; 50)), it has been previously shown that after
contrastive learning, a model’s encoded embeddings will be promised with a more
isotropic geometry (Figure left, green, (3; 28; [60)). However, in this chapter, we
question this general conclusion by showing that the promised isotropy is strongly
length-dependent. After elongation, the embeddings produced by the fine-tuned
checkpoint start becoming anisotropic (Figure left, pink). This indicates that, if
a model has only been trained on short documents with contrastive loss, only the
short length range is promised with isotropy.

On the other hand, elongation attacks seem to be able to help vanilla pre-trained
models to escape from anisotropy, interestingly (Figure right, pink). However,
the latter is not the key focus of this chapter.
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Anisotropy Pattern Shifts with Length Attacks

0351 [ Vanilla Sentences
[ Length Attack * 100

0.30

0.25
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0.15 4
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Anisotropy Estimation

0.05 4

*MiniLM finetuned on QQP
Models

MiniLM vanilla

Figure 5.4: Isotropy Pattern Shifts. Albeit contrastive learning has an isotropy
promise, we question this by showing the model is only isotropic in its trained length
range, remaining anisotropic otherwise (shown by increased anisotropy after length
attacks).

5.3 Method: LA(SER)?

Models — SimCSE{ ESimCSE{ DiffCSE} InfoCSE7é LA(SER)? (Ours)

Test Dataset | base large base large base large base large  base-64  base-128
trec-covid 0.2750 0.2264 0.2291 0.2829 0.2368 0.2291 0.3937 0.3166 0.2728 0.3463
nfcorpus 0.1048 0.1356 0.1149 0.1483 0.1204 0.1470 0.1358  0.1576  0.1652 0.1919
nq 0.1628 0.1671 0.0935 0.1705 0.1188 0.1556 0.2023 0.1790 0.1556 0.1354
figa 0.0985 0.0975 0.0731 0.1117 0.0924 0.1027 0.0991 0.1000 0.1057 0.1090

& arguana 0.2796 0.2078 0.3376 0.2604 0.2500 0.2572 0.3244 0.4133  0.4182 0.4227
‘£ | webis-touche2020 | 0.1342 0.0878 0.0786 0.1057 0.0912 0.0781 0.0935 0.0920  0.1105 0.1167
@ quora 0.7375 0.7511 0.7411 0.7615 0.7491 0.7471 0.8241 0.8268 0.7859 0.7741
8 cqadupstack 0.1349 0.1082 0.1276 0.1196 0.1197 0.1160 0.2097 0.1881  0.1687 0.1691
= dbpedia-entity 0.1662 0.1495 0.1260 0.1650 0.1537 0.1571 0.2101 0.1838 0.1645 0.1663
é scidocs 0.0611 0.0688 0.0657 0.0796 0.0673 0.0699 0.0837 0.0859 0.0764 0.0859
g climate-fever 0.1420 0.1065 0.0796 0.1302 0.1019 0.1087 0.0937 0.0840 0.1311 0.1197
scifact 0.2492 0.2541 0.3013 0.2875 0.2666 0.2811 0.3269 0.3801  0.3960 0.4317
hotpotga 0.2382 0.1896 0.1213 0.1970 0.1730 0.2068 0.3177 0.2781 0.2827 0.2937
fever 0.2916 0.1776 0.0756 0.1689 0.1416 0.1849 0.1978 0.1252  0.2388 0.2691

‘ average ‘ 0.2197 0.1948 0.1832 0.2135 0.1916 0.2030 0.2509 0.2436  0.2480 0.2594

Table 5.1: Unsupervised BERT nDCG@10 performances on BEIR information
retrieval benchmark. {: Results are from (2)). #: Unfair comparison. Notably,
InfoCSE benefits from the pre-training of an auxiliary network, while the rest of the
baselines and our method fully rely on unsupervised contrastive fine-tuning on the
same training" setting as described in §5.4] Note that with a batch size of 64, our
method already outperforms all baselines to a large margin except InfoCSE. Since
we train with a max sequence length of 256 (all baselines are either 32 or 64), we find
that training with a larger batch size (128) further stabilizes our training, achieving
state-of-the-art results. Further, we achieve state-of-the-art with only a BERT} .

After examining the two fundamental reasons underlying the built-in vulner-
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ability brought by standard contrastive learning, the formulation of our method
emerges as an intuitive outcome. Naturally, we explore the possibility of using only
length as the semantic signal to conduct contrastive sentence representation learning,
and propose LA (SER)?: Length-Agnostic Self-Reference for Semantically Robust
Sentence Representation Learning. LA(SER)? builds upon the semantics-preserved
assumption that "the elongated version of myself 1) should still mean myself, and
thus 2) should not become more or less similar to my pairs”". LA(SER)? leverages
elongation augmentation during the unsupervised constrastive learning to improve 1)
the robustness of in-document interaction pattern in inference time; 2) the isotropy
of larger length range. We propose two versions of reference methods, for different

format availability of sentences in target training sets.

Self-reference In LA(SER)3...er setting, we take a sentence from the input as
an anchor for each training input, and construct its positive pair by elongating the

sentence to be m times longer.

Intra-reference LA (SER)3,uaref conducts intra-reference within the document.
The two components of a positive pair are constructed from different spans of the
same document. Since we are only to validate effectiveness of LA(SER)3trarer, We
implement this in the simple mutually-excluded span setting. In other words, the
LA(SER)3iptraref variant takes a sentence (either the first or a random sentence) from
the text as an anchor, uses the rest of the text in the input as its positive pair, and
elongates the anchor sentence m times as the augmented anchor.

For both versions, we use the standard infoNCE loss (20) with in-batch negatives
as the contrastive loss.

In Table |5.2, we provide a clear summary of what are the anchors, positives and
negatives for the two versions of LA(SER)3. The formulation and augmented view
construction methods provide a clear distinction from previous methods such as
SimCSE, providing lexical difference in augmented texts and augmentation specifically

targeting length robustness.
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Anchor Positive Negatives
LA(SER)3.tret  a sentence or a doc- the elongated ver- in-batch negatives
ument. sion of this sentence from InfoNCE loss.
or document.
LA(SER)3iytraret  the elongated ver- the rest of sen- in-batch negatives

sion of the first or

tences of this docu-

from InfoNCE.

a random sentence
from a document

ment excluding the
anchor sentence.

Table 5.2: LA(SER); overview table.

5.4 Experiments

Trained on MSMARCO
Intra-reference

Trained on MSMARCO
Self-reference

Trained on wiki

Training Setting— Self-reference

Perf. Perf. COCO-DR Perf.

Models — Test dataset | SimCSE LA(SER)® Gain  SimCSE LA(SER)® Gain (PT-unsup) LA(SER)®  Gain
trec-covid 0.1473 0.2129 44.52%  0.1467 0.1646 12.22% 0.2597 0.2511 -3.33%
nfcorpus 0.0764 0.1265 65.54%  0.0796 0.0933 17.31% 0.1853 0.1508 -18.62%
nq 0.0370 0.0836 125.88%  0.0302 0.0391 29.55% 0.0268 0.0405 51.10%
fiqa 0.0288 0.0590 104.94%  0.0260 0.0435 67.36% 0.0821 0.1030 25.48%
o arguana 0.2277 0.3130 37.48%  0.2081 0.1961 -5.74% 0.3441 0.3834 11.42%
= webis-touche2020 0.0289 0.0483 66.99%  0.0177 0.0296 67.71% 0.0736 0.0896 21.73%
9 quora 0.6743 0.7095 5.22%  0.6527 0.6515 -0.19% 0.7976 0.7911 -0.82%
S cqadupstack 0.0889 0.1279 43.90%  0.0864 0.1105 27.95% 0.1380 0.1560 13.06%
= dbpedia-entity 0.0837 0.1138 36.04%  0.0541 0.0558 3.03% 0.0924 0.0825 -10.76%
é scidocs 0.0259 0.0516 99.54%  0.0178 0.0309 73.19% 0.0305 0.0492 61.56%
g climate-fever 0.0127 0.0789 522.24%  0.0136 0.0198 45.11% 0.0652 0.1108 69.84%
scifact 0.2174 0.3525 62.12%  0.2330 0.2276 -2.32% 0.4056 0.4076 0.49%
hotpotqa 0.0829 0.1646 98.56%  0.0560 0.0750 34.07% 0.0383 0.0539 40.85%
fever 0.0363 0.1001 175.88%  0.0263 0.0340 29.41% 0.1421 0.2524 77.60%
‘ average ‘ 0.1263 0.1816 43.78%  0.1177 0.1265 7.48% 0.1915 0.2087 8.97%

Table 5.3: Unsupervised Performance Trained with MiniLM-L6 Model. For self-
reference settings, we compare with SimCSE (3). Notably, LA (SER )3t can be
viewed as a plug-and-play module to SimCSE, as SimCSE takes an input itself
as both the anchor and the positive pair, while LA(SER)3,t.t further elongates
this positive pair. For intra-referecne setting, we compare with COCO-DR, (4.
Notabaly, we only experiment with the unsupervised pre-training part of COCO-DR,
as LA(SER)3iuraret can be viewed as a plug-and-play module to this part. We believe
combining with our method for a better unsupervised pretrained checkpoint, the
follow-up supervised fine-tuning in COCO-DR can further achieve better results.

Training datasets We conduct our experiments on two training dataset settings:
1) training"** uses 1M sentences sampled from Wikipedia, in line with previous
works on contrastive sentence representation learning (2; [3; [66]); 2) trainingmsmer<
uses MSMARCO (67)), which is equivalent to in-domain-only setting of the BEIR

information retrieval benchmark (14)).
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Evaluation datasets The trained models are mainly evaluated on the BEIR
benchmark (14), which comprises 18 datasets on 9 tasks (fact checking, duplicate
question retrieval, argument retrieval, news retrieval, question-answering, tweet
retrieval, bio-medical retrieval and entity retrieval). We evaluate on the 14 public
zero-shot datasets from BEIR (BEIR-14). And we use STS-b (13) only as the
auxiliary experiment.

The reasons why we do not follow the de facto practice, which mainly focuses on
cherry-picking the best training setting that provides optimal performance on STS-b
are as follows: Firstly, performances on STS-b do not display strong correlations
with downstream tasks (68). In fact, document-level encoders that provide strong
representational abilities do not necessarily provide strong performance on STS-
b (69). Furthermore, recent works have already attributed the inferior predictive
power of STS-b performance on downstream task performances to its narrow length
range coverage (70). Therefore, we believe a strong sentence and document-level
representation encoder should be evaluated beyond semantic textual similarity tasks.

However, for completeness, we also provide the results of STS-b in Appendix

Baselines We compare our methods in two settings, corresponding to the two
versions of LA(SER)3: 1) Self-Reference. Since we assume using the input itself
as its positive pair in this setting, it is natural to compare LA(SER)3 gt to the
strong baseline SimCSE (3)). In the training"! setting, we further compare with
E-SimCSE, DiffCSE, and InfoCSE (2} 26} [66). Notably, these four baselines all have
public available checkpoints trained on training“i.

2) Intra-Reference. The baseline method in this case is: taking a sentence (random
or first) from a document as anchor, then use the remaining content of the document
as its positive pair. Notably, this baseline is similar to the unsupervised pretraining
part of COCO-DR (@), except COCO-DR only takes two sentences from a same
document, instead of one sentence and the remaining part. Compared to the baseline,

LA(SER)3iutaref further elongates the anchor sentence. In the result table, we refer

to baseline of this settings as COCO-DRpr-unsup-
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Implementation Details We evaluate the effectiveness of our method with BERT
(7T) and MiniLMP| (59). To compare to previous works, we first train a LA(SER)3 et ref
on training"** with BERT-base (uncased). We then conduct most of our in-depth
experiments with vanilla MiniLM-L6 due to its low computational cost and established
state-of-the-art potential after contrastive ﬁne—tuning.ﬁ

All experiments are run with 1 epoch, a learning rate of 3e-5, a temperature 7 of
0.05, a max sequence length of 256, and a batch size of 64 unless stated otherwise.
All experiments are run on Nvidia A100 80G GPUs.

Notably, previous works on contrastive sentence representation learning (2; [3} 20;
60) and even some information retrieval works such as (4) mostly use a max sequence
length of 32 to 128. In order to study the effect of length, we set the max sequence
length to 256, at the cost of constrained batch sizes and a bit of computational
overhead. This max length selection provides large length coverage and facilitates
more different elongation times, and is shown to bring gain on information retrieval
tasks, justified by detailed analyses on max sequence length are in ablation analysis
(E3).

For the selection of the anchor sentence, we take the first sentence of each
document in the main experiment (we will discuss taking a random sentence instead
of the first sentence in the ablation analysis in . For LA(SER)3itref, We
elongate the anchor sentence to serve as its positive pair; for LA(SER)3iutraref, We
take the rest of the document as its positive pair, but then elongate the anchor
sentence as the augmented anchor. For the selection of the elongation hyperparameter
m, we sample a random number for every input depending on its length and the max
length of 256. For instance, if a sentence has 10 tokens excluding [cls], we sample a
random integer from [1,25], making sure it is not exceeding maximum length; while for
a b0-token sentence, we sample from [1, 5|. We find that a random elongation times
outperforms a fixed elongation times, providing generalization instead of overfitting

to certain elongation pattern. We provide the effect of elongating to twice longer,

2We use a 6-layer version by taking every second layer. https://huggingface.co/nreimers/MiniL.M-
L6-H384-uncased

3For instance, sentence-transformers/all-MiniLM-L6-v2 is a SOTA sentence encoder fine-tuned
with MiniLM-L6.
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instead of random-times longer in ablation §5.5.2]

Results The main results are in Tables and 5.3 In summary, LA(SER)?
achieves state-of-the-art nDCG@10 performance on the BEIR benchmark, across
previous unsupervised information retrieval methods. Specifically, using only a
BERT-base, it outperforms baseline methods (both BERT-base and BERT large)
using the standard Wiki 1M dataset (our training"i*! setting); Using the widely
used MiniLM-L6 model, both LA(SER)3.tref and LA(SER)3;traref Outperforms
wiki

and training"SMRCo,

corresponding fair baselines, across training

Table[5.1)shows that our method leads to state-of-the-art average results compared
to previous public available methods and checkpoints, when training on the same
training"*** with BERT.

Our method has the exact same setting (training a vanilla BERT on the same
training"*!) with the rest of the baselines except InfoCSE, which further benefits
from the training of an auxiliary network. Note that with a batch size of 64, our
method already outperforms all the baselines to a large margin except InfoCSE.
Since we train with a max sequence length of 256 (all baselines are either 32 or 64),
we find that training with a larger batch size (128) further stabilizes our training,
achieving state-of-the-art results. Moreover, we achieve state-of-the-art with only a
BERT} -

In general, we find that our performance gain is more pronounced when the
length range of the dataset is large. On BERT-base experiments, large nDCG@10
performance gain is seen on NFCorpus (doc. avg. length 232.26, SimCSE: 0.1048 ->
LA(SER)?: 0.1919), Scifact (doc. avg. length 213.63, SimCSE: 0.2492 -> LA(SER)3:
0.4317), Arguana (doc. avg. length 166.80, SimCSE: 0.2796 -> LA(SER)3: 0.4227).
On the other hand, our performance gain is limited when documents are shorter,
such DBPedia (avg. length 49.68) and Quora (avg. length 11.44).

Table further analyzes the effect of datasets and LA(SER)? variants with
MiniLM-L6, showing a consistent improvement when used as a plug-and-play module
to previous SOTA methods.

We also found that, even though MiniLM-L6 shows great representational power
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if after supervised contrastive learning with high-quality document pairs (see popular
Sentence Transformers checkpoint all-MinilM-L6-v2), its performance largely falls
short under unsupervised training settings, which we speculate to be due to that
the linguistic knowledge has been more unstable after every second layer of the
model is taken (from 12 layers in MiniLM-L12 to 6 layers). Under such setting,
LA(SER)3ntraret largely outperforms LA(SER)3 ¢.ref, by providing signals of more

lexical differences in document pairs.

5.5 Ablation Analysis

In this section, we ablate two important configurations of LA(SER)3. Firstly, the
usage of LA(SER)? involves deciding which sentence in the document to use as
the anchor (§ [5.5.1). Secondly, how do we maximize the utility of self-referential
elongation? Is it more important for the model to know "me * m = me", or is it

more important to cover a wider length range (§[5.5.2)7

5.5.1 Selecting the Anchor: first or random?

If a document consists of more than one sentence, LA(SER)? requires deciding
which sentence in the document to use as the anchor. We ablate this with both
LA(SER)3.1tret and LA(SER)3 raret O training™m™re® hecause training"™*! con-
sists of mostly one-sentence inputs and thus is not able to do intra-ref or random
sentence.

The results are in Table[5.4] In general, we observe that taking a random sentence
as anchor brings certain noise. This is most corroborated by the performance drop
of LA(SER)3,1tret + random sentence, compared to its SimCSE baseline. However,
LA(SER)3istrasim + random sentence seems to be able to act robustly against this
noise.

We hypothesize that as LA(SER)® provides augmented semantic signals to
contrastive learning, it would be hurt by overly noisy in-batch inputs. By contrast,
LA(SER)3i,trasim behaves robustly to this noise because the rest of the document

apart from the anchor could serve as a stabilizer to the noise.
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Anchor Zero-shot Performance

Sentence Method Average Change
Random ilAm((Sj}?g) 8 81(1)?; 410.05%
PSR ooy 18
Random COCO-DRyt-unsup 0.1930 1 5.33%

LA(SER)3intra-ref 0.2033

Table 5.4: Taking First sentence or Random sentence as the anchor? - ablated with
MiniLM-L6 on training™mree,

5.5.2 Importance of Self-referential Elongation

With the validated performance gain produced by the framework, we decompose the
inner-workings by looking at the most important component, elongation. A natural
question is: is the performance gain only brought by coverage of larger trained length
range? Or does it mostly rely on the semantic signal that, "my-longer-self" still

means myself?

Elongation Mode Max Seq. Length Zero-shot Average

None 256 0.1263
Twice 256 0.1523
64 0.1778

Random 128 0.1764
256 0.1816

Table 5.5: 1) Elongdating to fixed-times longer or a random time? 2) Do length
range coverage matter? - ablated with MiniLM-L6 on training"iki,

Table [5.5] shows that, elongating to random-times longer outperforms elongating
to a fixed two-times longer. We hypothesize that, a fixed augmentation introduces
certain overfitting, preventing the models to extrapolate the semantic signal that
"elongated me = me". On the other hand, as long as they learn to extrapolate this
signal (by * random times), increasing max sequence length provides decreasing

marginal benefits.
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5.6 Auxiliary Property Analysis

5.6.1 Positional Invariance

Recalling in Observation 2 and PoC experiment 2, we focused on analyzing the effect
of elongation attack on intra-sentence similarity, which is already high after CL (28)).
Therefore, we have imposed the absence of positional embeddings with the aim to
simplify the derivation in proving that, with elongation, dominant tokens receive
higher attention gains than regular tokens. Here, we present the validity of this
assumption by showing models’ greatly reduced sensitivity towards positions after
contrastive learning.

We analyze the positional (in)sensitivity of 4 models (MiniLM (59) and mpnet (58))
respectively before and after contrastive learning on Sentence Embedding Training
Datq’). Models after contrastive learning are Sentence Transformers (I8) models
all-mpnet-base-v2 and all-MinilLM-L12-v2.

We take the sentence pairs from STS-b test set as the inference set, and compute
each model’s perceived cosine similarity on the sentence pairs (distribution 1). We
then randomly shuffle the word orders of all sentence 1s in the sentence pairs, and
compute each model’s perceived cosine similarity with sentence 2s again (distribution
2).

The divergence of the two distributions for each model can serve as a proxy
indicator of the model’s sensitivity towards word order, and thus towards positional
shift. The lower the divergence, the more insensitive that a model is about positions.

We find that the Jenson Shannon divergence yielded by MiniLM has gone from
0.766 (vanilla) to 0.258 (after contrastive learning). And the same for mpnet
goes from 0.819 (vanilla) to 0.302 (after contrastive learning). This finding shows
that contrastive learning has largely removed the contribution of positions towards
document embeddings, even in the most extreme case (with random shuffled word
orders). This has made contrastively-learned models acting more like bag-of-words

models, aligning with what was previously found in vision-language models (65]).

4https://huggingface.co/datasets/sentence-transformers/embedding-training-data
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Moreover, MiniLM uses absolute positional embeddings while mpnet further
applies relative positional embeddings. We believe that the positional insensitivity
pattern holds for both models can partly make the pattern and LA(SER)?®’s utility
more universal, especially when document encoders are trained with backbone models

that have different positional encoding methods.

5.7 Results of STS-b

Method Max Seq. sts-b
BERT-whitening - 68.19/71.34
BERT-flow 64 58.56/70.72
SimCSE 32 76.85
LA(SER)3-mean 256 75.61
LA(SER)3-[cls] 256 76.19

Table 5.6: STS-b test set results, compared with unsupervised sentence representation
methods. SimCSE and LA(SER)? are trained on the same training"*!. The two
numbers of BERT-whitening and BERT-flow correspond to optimizing on NLI or
target data (sts-b). Results are from the original works (3} [5; [6]).

In this section, we present the results of STS-b test set (Table . As discussed
in the main sections, we position that STS-b is not correlated with downstream
semantic tasks performance (68; [69), and effectiveness of document-level represen-
tation encoders should be evaluated beyond this task. The inferior predictability
of STS-B on downstream task performances have been attributed to length ranges
(70). We hypothesize that, training with a large max sequence length increases the
uncertainty of elongation hyperparameter m of LA(SER)3, resulting in a diverse
length range, and less corresponding concrete examples at each length.

We show that, while out-performing SimCSE by a large margin on other down-
stream semantic tasks (Main Section, Table , our long sequence length poses a
certain level of instability in converging, showing a small performance drop on shorter
sentences (STS-b). The converging instability is further confirmed by training an
extra LA(SER)3 with [cls]-pooling, as [cls]-pooling is faster in converging - as
it involves only optimizing one token. Notably, SimCSE also uses [cls]-pooling.

Therefore, we roughly stay on-par with SimCSE on encoding shorter documents,
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while out-performing it by a large margin on other downstream tasks.

5.8 Limitations

We position that the focus of our work lies more in analyzing theoretical properties and
inner-workings, and thus mostly focus on unsupervised contrastive learning settings
due to compute constraints. However, we believe that with a better unsupervised
checkpoint, further supervised fine-tuning will yield better results with robust patterns.
We leave this line of exploration for future work. We also acknowledge the synthetic
nature of the copy-and-concatenate attack. Further, we only focus on bi-encoder
dense retrievers. In information retrieval, there are other methods involving using
cross-encoders to conduct re-ranking, and sparse retrieval methods. Although our
method can be used as a plug-and-play module to many of these methods, it is hard
to exhaust testing with every method. We thus experiment the plug-and-play setting
with a few representative methods. We hope that future works could evaluate the
effectiveness of our method combining with other lines of baseline methods such as

cross-encoder re-ranking methods or MLLM-based retrievers.

5.9 Conclusion

In this chapter, we questioned the length generalizability of contrastive learning-based
text encoders. We observed that, despite their seemingly strong representational
power, this ability is strongly vulnerable to length-induced semantic shifts. we
formalized length attack, demystified it, and defended against it with LA(SER)3.
We found that, teaching the models "my longer-self = myself" provides a standalone
semantic signal for more robust and powerful unsupervised representation learning.

From the chapter, we also see how vulnerabilities of embedding models can be
connected and explained by fundamental properties we explored in Chapter 4. In the
case of this chapter, length vulnerability is relevant to the length-sensitive isotropy
and further intensified intra-document similarity. The study on length also opens

a new angle for analysis. We will see how this angle can provide valuable design
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concern for IR corpus (seen in Chapter 6).
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CHAPTER 0

Reasoning as Retrieval

In the past few chapters, we have built a solid understanding of mechanism of con-
trastive learning, training and evaluation settings of information retrieval. Entering
the large language model era, new challenges emerge, prompting reconsideration of
retrievers’ capability requirements and their role in the interaction with LLMs in new
paradigm such as RAG. Meanwhile, we have started to see the field of embedding
models going from developing in orthogonal directions with LLMs, to starting to
leverage LLMs’ strengths, such as switching from training embedding models using
encoder backbones to using LLMs as the backbone.

However, even in advanced paradigms like RAG, the expectation on embedding
models’ capabilities is typically low. A hard query is typically rewritten or decomposed
into basic queries suitable for traditional embedding models. This poses a gap at the
intersection between LLMs themselves and the advancements of embedding models
that leverage LLM backbones. The field lacks a clear understanding of embedding
models’ reasoning capability, the important capability instrumental in understanding
how the field should use embedding models in the LLM era.

Under the above context, in this chapter, we provide the first systematic evaluation

of reasoning capabilities of embedding models. Previous reasoning benchmarks
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solely focus on the LLM, while previous embedding models are mostly evaluated on
semantic benchmarks like STS and BEIR. We introduce RAR-b, reasoning as retrieval
benchmark, and the corresponding methodological framework that reconceptualizes
reasoning as a retrieval problem for holistically evaluating the reasoning capabilities
of embedding models. The core research questions we ask are, how much reasoning
is encoded in embeddings, and how this differs for different types of embedding
models? RAR-b provides an upper-bound assessment of embedding models’ reasoning
capabilities by not using embedding models to assist LLMs, but instead using the
embedding models themselves to solve reasoning problems.

Semantic textual similarity (STS) and information retrieval tasks (IR) tasks
have been the two major avenues to record the progress of embedding models in
the past few years. Under the emerging Retrieval-augmented Generation (RAG)
paradigm, we envision the need to evaluate next-level language understanding abilities
of embedding models, and take a conscious look at the reasoning abilities stored in
them. Addressing this, we pose the question: Can retrievers solve reasoning
problems? By transforming reasoning tasks into retrieval tasks, we find that without
specifically trained for reasoning-level language understanding, current state-of-the-
art retriever models may still be far from being competent for playing the role of
assisting LLMs, especially in reasoning-intensive tasks. Moreover, albeit trained to
be aware of instructions, instruction-aware IR models are often better off without
instructions in inference time for reasoning tasks, posing an overlooked retriever-LLM
behavioral gap for the research community to align. However, recent decoder-based
embedding models show great promise in narrowing the gap, highlighting the pathway
for embedding models to achieve reasoning-level language understanding. We also
show that, although current off-the-shelf re-ranker models fail on these tasks, injecting
reasoning abilities into them through fine-tuning still appears easier than doing so to
bi-encoders, and we are able to achieve state-of-the-art performance across all tasks by
fine-tuning a reranking model. We release Reasoning as Retrieval Benchmark (RAR-
b), a holistic suite of tasks and settings to evaluate the reasoning abilities stored in
retriever models. RAR-b is available at https://github.com/gowitheflow-1998/
RAR-b|.
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6.1 Introduction

Semantic textual similarity (STS) and information retrieval tasks (IR) have been
two principle measures to record the progress of dense representation models (10
1T} [12; 13}, 145 [72]). Despite still heavily being evaluated in sentence representation
research, STS is known for its limited alignment with real-world use cases (73}, [74),
ambiguity (75), and performance orthogonality with IR and other downstream tasks
(BT: [68; [69).

In the LLM era, Retrieval-augmented Generation (RAG) (32} 73} [76; [77) has
become a go-to alternative method to vanilla end-to-end generative language models
(78; [79). This shift is motivated by the inherent weaknesses of LLMs towards factual
errors, due to hallucinations (8()), knowledge outdatedness (81)), rarity in long-tailed
knowledge (82} 83), and reasoning failure such as on logical deduction (84]).

Retrieval-Augmented Generation (RAG) is employed differently across various

NLP tasks:

e For knowledge-intensive tasks, RAG is employed to retrieve the most up-to-
date and reliable knowledge references (81} [83)), serving as new prompts for
LLMs to extract information and formulate responses. This method mitigates
models’ natural tendencies to hallucinate (80) and reduces the need for frequent

fine-tuning of LLMs.

e In reasoning-dependent tasks, RAG aims to fetch the most relevant chunks
from extensive inputs to guide the focus of LLMs, e.g., in multi-hop question
answering scenarios where reasoning across chunks from multiple documents is
required. Reasoning with such long context is not only impossible for LLMs
with short context windows, but also challenging for LLMs with long context

capabilities (76)).

Despite the promise shown by dense retrievers in fetching references for knowledge-
intensive tasks, these systems still fall short in retrieving reliable and cite-worthy
references (83)), compared to state-of-the-art proprietary LLMs (78)) in a standalone
manner, highlighting the undesirable behavior of retrievers in assisting LLMs (85; 86)).
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This discrepancy is more pronounced in reasoning-intensive tasks, where retrieval-
augmented generation methods present inconsistent gains, or even performance
degradation to LLMs (76} 87).

With the complexities of the role that dense representation models play in the
LLM era, the need for accurately assessing their advanced language understanding
abilities becomes crucial. We advocate for evaluating these models’ capabilities
beyond mere factual recall or semantic matching, focusing on their proficiency in
complex thought processes and logical deduction.

This paper introduces the Reasoning as Retrieval Benchmark (RAR-b), a novel
framework that reframes reasoning tasks as retrieval tasks, offering a comprehensive
reevaluation of “the actual reasoning representation compressed"E] in dense
representation models, and challenges the status quo of reasoning-oriented RAG.

Historically, lexical-based retrieval methods have long been seen as baselines of
reasoning tasks (88}, [89; 00), and often proved insufficient (91)). For instance, the
ARC challenge (91)) itself is constructed by filtering the examples where retrieval
systems fail. With the advancements of dense retrieval systems and the increased
adoption of RAG, RAR-b emerges as a timely and crucial framework, prompting the
essential question: Can dense representation models effectively encode and utilize
the reasoning abilities necessary for complex language understanding?

RAR-b’s contributions are three-fold:

e With the established consensus of the semantic similarity understanding ability
(13) and topical alignment ability (14) possessed by sentence and document
representation models, RAR-b takes a step further and envisions their possession

of reasoning abilities, and calls for evaluating them today.

o We extensively evaluate state-of-the-art open-source and proprietary retrievers
and re-rankers, covering unsupervised, supervised, instruction-aware ones,
providing an in-depth understanding of reasoning behaviors of current retrieval

models.

lwe use B “RAR" to convey the connotation of “compression"
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e We reveal key insights through comparing behaviors yielded by systems with
different architectures and training recipes, highlighting pathways for embedding
models to achieve reasoning-level language understanding and directing future

research in the field.

6.2 RAR-b

In this chapter, we construct and release RAR-b: Reasoning as Retrieval Bench-
mark. Deviating from evaluating on reasoning tasks with a full RAG pipeline
(retriever+LLM), we instead focus on evaluating only the retrievers. By constructing
reasoning tasks into retrieval tasks, we investigate how good retrievers are on solving
them in a standalone manner, and use this as a proxy of the upperbound of retrievers’
capabilities in assisting LLMs, in a standard RAG system.

We design three levels of tasks, resulting in the integration of 12 tasks derived
from 17 datasets. We convert the original datasets into retrieval formats with both
multiple-choice retrieval and full-dataset retrieval settings. We first benchmark the
performance of state-of-the-art bi-encoder models,

spanning across three model categories: unsupervised dense retrieval models,
supervised dense retrieval models, and instruction-aware dense retrieval models. We
evaluate both representative open-source and proprietary models such as Cohere and
OpenAl Embedding Models. We further benchmark the performance of representative
re-ranking models, both on using them to solve multiple-choice retrieval setting
independently, and on further re-ranking the documents retrieved by bi-encoders in

the Full-dataset retrieval setting.

6.2.1 Problem Formulation

We propose the novel framework of evaluating reasoning tasks as retrieval tasks,
assessing whether representations of reasoning expressions are semantically well-
encoded by retrievers. In other words, we assess whether the groundtruth answer to
a reasoning problem is encoded to have the highest similarity with the query in the

semantic space. Given a retriever R, and a query q € @, and a groundtruth answer
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g hidden in a corpus C that is intentionally made very large, the most ideal scenario

would be:

arg max S(R(q), R(d)) =g (6.1)

However, this is typically not possible given the complexity of reasoning language
and the fact that current sentence encoders are typically not yet well-trained to

model such expressions. Therefore, we in turn are interested in whether:
g € arg max &Z)CS(R(q), R(d)) (6.2)

For the Full-dataset retrieval setting, we can quantitatively measure R’s perfor-
mance with commonly-adopted information retrieval metrics such as nDCG@n and
recall@n, respectively concerning how well the top-n retrieved answers are ranked
(nDCG@n), and if the correct answers are even retrieved as the top n (recall@n).
Specifically, we use nDCG@Q10 and recall@10 for all tasks.

For the Multiple-choice Retrieval setting, we simply assess whether the query
is perceived by the retrievers to be more similar to the groundtruth answer, than to
other candidate answers in its original dataset format. Models’ performance in this
setting can be easily quantified by accuracy.

We evaluate both FULL and MCR settings whenever possible. As will be
introduced in the next section, we are able to evaluate 11 tasks in the FULL setting
(all tasks except C-STS) and 9 tasks in the MCR setting (tasks that are originally

multiple—choice problem).

6.2.2 Datasets

Dataset and Processing The datasets we consider can all be seen as reasoning
problems. Firstly, we include commonsense reasoning datasets, aNLI (92)), HellaSwag
(93), PIQA (94), SocialiQA (95)), ARC-Challenge (91)), Quail (89), Winogrande (90),
and C-STS (75). For all datasets in the full retrieval settings, we pool all the
candidate answers across all splits to serve as the corpus, aligning with the setting in
most retrieval benchmarks, and evaluate them using test set questions as the queries.

All commonsense reasoning datasets are suitable to test in Full-dataset retrieval
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setting, except for C-STS (75) due to the potential sparse annotation problem
when constructing it into Full-dataset retrieval settings (14]) (detailed explanation in
Appendix .

Apart from commonsense reasoning abilities, we further envision the possession
of temporal, spatial, numerical, and symbolic reasoning abilities in dense retrievers.
Temporal and spatial reasoning abilities are evaluated respectively with TempReason
(96) and SpartQA (97). For TempReason, we evaluate each of its sub-level tasks
separately, and construct the pure, fact and context settings to assess different aspects
of retrievers’ behaviors (detailed analyses in Section . For numerical reasoning
abilities, we concatenate MATH (98) and GSM8K (99), two datasets commonly used
to evaluate LLMs, using questions as queries, the pool of all answers as the corpus.
Because of their small scales, we enlarge the corpus with MetaMathQA (100), which
is created synthetically with LLMs, using the training set of MATH. Therefore, it is
assured that no examples in MetaMathQA can act as the groundtruth answer for
any of our evaluated queries (which are from the test set of GSM8K and MATH).

With the common user cases of code retrieval and that code understanding can
serve as a proxy of the understanding of symbolic language (101)), we further include
code retrieval tasks. We concatenate HumanEvalPack (102) and MBPP (103) to
form the evaluation queries, because of their validated quality, ubiquitously seen
in the evaluation of LLMs. Notably, HumanEvalPack (102) is an extended version
of HumanEval (104)), by translating the original Python split to cover Javascript,
Java, Go, C++, and Rust. To enlarge the corpus, we further sample 200k code
from CodeSearchNet (105) and 100k answers from a synthetic dataset TinyCodd] to
cover pure code text and the mixture of natural language and code. We extensively
explore the optimal setting to construct the code corpus and evaluate the code
tasks (see analyses in Section to make it as difficult as possible while keeping
the evaluation computationally efficient. For HumanevalPack, we evaluate the
code continuation setting; when enlarging the corpus, we sample examples from

CodeSearchNet that fall under similar length range of the groudtruth documents to

2https://huggingface.co/datasets/nampdn-ai/tiny-codes
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Split (—) Train Dev Test Avg. #Words

Task ({) ‘ Domain ({) ‘ Dataset ({) ‘ #MCR ‘ #Pairs ‘ #Query ‘ #Query #Corpuséd ‘ Query Document
Commonsense | General aNLI (92) 2 169654 0 (&) 1532 241347 19.35 8.30
Commonsense | General HellaSwag (93) 2 39905 0 () 10042 199162 40.12 24.71
Commonsense | Physical PIQA (94) 2 16113 0 (o) 1838 35542 7.08 18.90
Commonsense | Social SIQA (93) 3 33410 0 () 1954 71276 22.28 4.39
Commonsense | Multiple Quail (89) 4 10246 0 (1) 2720 32787 345.32 4.98
Commonsense | Scientific ARC-C (9I) 4 1119 299 1172 9350 22.65 5.29
Commonsense | General WinoGrande (90) 2 40398 0 (&) 1267 5095 20.11 1.22
Commonsense | General c-STS (75) 2 —%

Temporal General TempReason (96) —

Temporal General - TR1 400000 4000 4000 12504 11.56 2.00
Temporal General - TR2 — 16017 5521 5397 15787 10.47% 2.91
Temporal General - TR3 — 13014 4437 4426 15664 12.20% 2.91
Spatial | General | SpartQA (97) 3 22749 3579 3594 1592 | 125.67 10.09
Numerical Math + MATH (98) — 7500 0 -+ 5000 -+ 5000 31.65 84.83
Numerical Math  GSMS8K (99) — 7473 0 1319 +1319 47.25 52.78
Numerical Math + MetaMathQA (100) * — — — — + 383057 102.39
Numerical Math = math-pooled 14973 0 = 6319 = 389376 34.91 101.99
Symbolic Code + HumanevalPack (102) 0 0 + 984 + 984

Symbolic Code -+ MBPP (103) — 0 0 + 500 + 500 —
Symbolic Code { CodeSearchNet (105) % — — — — £ 200000 % —
Symbolic Code + TinyCode » — — — — -+ 100000 * —
Symbolic Code = Code-pooled 0 0 = 1484 = 301484

Table 6.1: Statistics of datasets of RAR-b. #: We use the original dev set as the
test set, and add the original test set candidates to the corpus if available, as the
original test set labels of these datasets are not designed to be publicly available.
t: We concatenate the validation and "challenge" set as the test set, leaving no
dev set. &: We pool the unique set of candidates across all splits as the corpus
where available, i.e., corpus is shared across train, dev, and test set. %: ¢-STS is
not suitable for full-dataset retrieval setting, which is because of the effect of sparse
annotation problem if doing so. }: For TR2 and TR3, we construct Pure, Fact,
and Context Setting, where the average query lengths are {10.47, 145.14, 1901.19},
{12.20, 157.07, 2132.85}. Notably, most open-source models are not able to process
the context setting at once without loss of information. x: The original MetaMathQA
was actually a training set generated from the training set of MATH and GSMSK,
but we only use its unique answer set as the corpus, so we do not include non-used
statistics here. The same goes to CodeSearchNet and TinyCode in code retrieval,
where we respectively sample 200k and 100K to enlarge the code corpus.

make the retrieval more difficult, given that length information is typically encoded
in the embeddings (31) and we don’t want the models to leverage this information

to simplify the retrieval.

Task Levels We group the datasets into three levels.

Level-1 dataset tasks are by their nature more in-distribution to typical datasets
used to train IR models, and makes more sense to be solved even without instructions.
For instance, PIQA consists of physical goals and possible solutions, which are similar
to IR training sets that are question-answer pairs. HellaSwag and aNLI respectively

look for the end of an unfinished story, and the middle of a story given the start
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and the ending, which are both extremely similar to the positive pairs constructed
in training of unsupervised dense retrieval models such as Contriever (29), which
samples overlapping spans of the text as positive pairs.

Level-1.5 datasets on the other hand, are more out-of-distribution in terms of task
categories, and make less sense to be solved without a clearly-stated purpose. For
instance, WinoGrande asks to find the correct answer to fill in an unfinished sentence,
which is marked by an underscore. We believe this format is not commonly seen
in IR training, and as will be shown, current models struggle to develop a nuanced
understanding about this task. We further include a novel task, conditioned-sts
(CSTS) (7)), which concerns different semantic similarities between the same sentence
pairs, under different conditions. Both of the tasks make less sense to solve without
prepending the query with an instruction, unless the models has seen the format in
their training. We position CSTS as the most challenging dataset on this level, as
the task is, to the best of our knowledge, not similar to any datasets that would be
used in the training of IR models. We structure C-STS in two settings: CSTS-Easy
and CSTS-Hard (Appendix [6.6)).

Level-2 datasets include {temporal, numerical, spatial, symbolic} reasoning,
serving as an extra lens to inspect the abilities that researchers and practitioners do
not expect the current generation retrievers to have (with the exception of OpenAl’s
embedding model, which is trained on a large portion of code data (73)) from its
earliest versions). These abilities are rarely assessed or considered to be retrievers’
necessary capabilities. But we instead envisage that representation models have both
a necessity and the capacity to attain these abilities. The reasons are as follows:

Consider the following three examples that might occur as queries to a RAG
system. These types of requirements are rarely properly evaluated in current IR
tasks and benchmarks. In “retrieve all records where total sales > 10", retrievers
are required to have numerical understanding; in “what are the main arguments
in yesterday’s report?" they need to use their temporal perception; in “what
are popular tourist attractions of the state next to Florida?", the retrievers need to
have spatial knowledge or world knowledge. We see that these abilities are not

stored in current SOTA representation models, and thus relevant problems are at the
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moment typically solved using external pipelines or methods (106). For one, one can
use an extra agent to help filter the records > 10 in a database system, using meta
data, instead of relying this part on retrievers (the RAG pipeline thus complicates to
agent - retriever - LLM). On the other hand, one can solve these problems by query
rewrites (107) (e.g., chain-of-thoughts retrieval (108) or inductive retrieval (109)).
For instance, one can first use an LLM to understand that the states next to Florida
are Georgia and Alabama, and rephrase the query to “what are popular tourist
attractions of Georgia and Alabama?". In this case, the pipeline is also complicated
into LLM - retriever - LLM. However, information about time, numbers and space is
undoubtedly encode-able, if certain dimensions of the representations are allocated
to do so. Out of this reason, we do not think that complicated pipelines, such as
ones that go through LLM - retriever - LLM, are eventually necessary. Instead,
retrievers can take on more responsibility before LLM in a typical RAG pipeline, if
not end-to-end (110). In conclusion, we call for the evaluation of level-2 tasks today,
as a checkpoint of future essential capabilities of retrieval models.

For all datasets, we evaluate on their test sets, and dev/val sets when test set
groundtruth labels are not publicly available, leaving room for the research community
to investigate leveraging their training sets in the development of future retrievers

with reasoning capabilities.

6.2.3 Models

We first benchmark state-of-the-art bi-encoders, spanning unsupervised dense retrieval
models (U-DR), supervised dense retrieval models (S-DR), supervised instruction-
aware dense retrieval models (I-DR). For U-DR models, we have Contriever (29).
For S-DR models, we include two Sentence Transformers (18) models that have been
the most popular in the last few years, all-mpnet-base-v2 and all-MinilLM-L6-v2;
Dragon+ (I11)), an S-DR model that is progressively distilled with different views of
other SOTA models, and BGE-M3 (112)). For I-DR models, we include Instructor
(33), BGE (v1.5) (113]), and consider all of their model sizes (base, large, XL for
Instructor and small, base, large for BGE) to understand the scaling laws (if there’s
any) between model size and reasoning abilities. We further include E5-Mistral (35),
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a latest state-of-the-art instruction-aware embedding model that is finetuned from
Mistral (I14)) with {instruction, query, answer} pairs distilled from GPT-4. We
recognize the recent advancements in unifying generative and representation abilities
into one model, and benchmark GritLM (36), whose data and training process of the
embedding abilities are similar to (114)), but differing in its full parameters finetuning
and joint learning with the generative objective. Lastly, we benchmark popular propri-
etary models Cohere Embed-English-v3.0 and OpenAl text-embedding-ada-002,
text-embedding-3-small, text-embedding-3-1large through API encoding.

For rerankers (cross-encoders), we benchmark a few representative models such
as BGE-reranker-large (113), TART-Full (34) and Cohere rerank-english-v2.0.

To summarize, we include unsupervised /supervised and instruction-aware dense
retrieval models, and reranker models. As we focus on the relationship between
representation and reasoning in this chapter, we do not include sparse or hybrid

retrievers which are out of score for this chapter.

6.2.4 Reasoning as Retrieval

Instead of solving these reasoning tasks via text-to-text generation (115} [116), we
explore the possibilities of solving them as a unified representation-to-representation
matching problem. That is, all tasks, contexts, and possible answers are all under-
stood through a shared representation space, and the search of the answer, given a
task and the context information, falls back to be a simple similarity match problem.

We explore two settings: RARw/o Instructions and RARW/ Instructions+ FOT RARW/O Instructions;
we simply use the original question/query/context in the datasets as the query, with-
out describing the task with an instruction prompt, and use the pool of all possible
choices across splits as the candidate documents. For RARy/ tstructions, We prepend
the query with an instruction that describes the task. For instance, for aNLI, an
(imperfect) instruction can be “Given the following start and end of a story, retrieve
a possible reason that leads to the end".

We construct two task settings: Multiple-choice Retrieval Setting (MCR), and Full-
dataset Retrieval Setting (Full). For multiple choice retrieval, we utilize the choices
available to each question in the original dataset. For this setting, the performance
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Figure 6.1: Relative Performance of all models on Full-dataset Retrieval setting. We
take the geometric mean across tasks to represent each model’s performance; and
we subtract the mean performance across models from each model’s performance to
understand their relative performance.

can be easily measured by accuracy, as each input has only 2-4 candidates. For
Full-dataset Retrieval Setting, we construct a pool of all candidate choices with all the
unique candidates from the same dataset, and investigate whether the groundtruth
answer can be retrieved from a candidate pool of a much larger order of magnitude.
In line with typical IR benchmarks, the corpus is constructed with candidates from
all splits, and it is only shared across them in inference. For Full-dataset Retrieval,
we measure the performance with commonly-adopted information retrieval metrics,
including nDCG@n and Recall@n.

The multiple-choice setting and the full retrieval setting serve as simulacra of
real-life RAG scenarios. Full retrieval performance assesses whether correct answers
can be retrieved as top candidates, providing a basis for the later LLMs to make

informed decisions. Multiple choice performance gauges whether hard-negative
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candidates might be erroneously prioritized over the groundtruth answer, introducing
noise into the references presented to LLMs. From a pure retrieval perspective on
the other hand, multiple-choice setting evaluates the extent to which a dual dense
encoder can substitute a cross-encoder in reasoning-intensive late interactions - if
dense encoders are already good at MCR, no re-ranking models (cross-encoders)
are needed to rerank the top candidates retrieved by dense retrievers, before them
being presented to LLMs. As a comparison, we also benchmark the performance
of representative re-rankers, both as standalone solves in the MCR setting, and as
re-rankers to re-rank candidates retrieved by bi-encoders in the Full setting.

For Multiple-Choice Retrieval, we evaluate both retrievers and re-rankers, on
the datasets that are originally multiple-choice problems (aNLI, HellaSwag, PIQA,
SIQA, WinoGrande), and ones that can be constructed to a MCR problem (C-STS).
For Full-Dataset Retrieval, we evaluate both performance of using only retrievers,
and retrieval-freranking performance as in a typical retrieval pipeline. We evaluate
the FULL setting for every dataset (aNLI, HellaSwag, PIQA, SIQA, WinoGrande,
TempReason, SpartQA, Math-pooled, Code-pooled) except C-STS, which is not
suitable for full retrieval due to potential sparse annotation effect - its original correct

answer might not be the most suitable one throughout the corpus.

6.3 Results

In this section, we present detailed results of full-dataset retrieval performance
and multiple-choice retrieval performance, where we find i) Embedding models
that perform similarly strong on STS tasks and traditional information retrieval
task like BEIR, perform largely different on RAR-b tasks, with some encoder-
based models presenting near-chance performance on the MCR; (ii) Decoder-based
and instruction-tuned embeddings generally perform better, showing the strong
generalization of decoder models and positioning conducting contrastive learning on
LLMs as an alignment of representation capabilities to their generative capabilities.
(iii) Instructions sometimes hurt non-instruction-tuned models, showing the OOD

nature of instructions and the difficulty of understanding instruction semantics.
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6.3.1 Full-dataset Retrieval Setting

Model | Dataset — aNLI HellaSwag PIQA SIQA Quail ARC-C WinoG TR SpartQA Math Code ‘ Geo. Mean

w/o Inst. | 0.318 0.144 0.246  0.013 0.050  0.086 0.471  0.108 0.109 0.308 0.093 0.123
w/ Inst. | 0.271 0.177 0.217  0.009 0.049 0.076 0.263  0.105 0.106 0.218 0.071 0.104

w/o Inst. | 0.224 0.263 0.290 0.024 0.034 0.118 0.207  0.058 0.002 0.718 0.531 0.108
w/ Inst. | 0.020 0.130 0.272  0.013 0.030  0.104 0.097  0.044 0.010 0.692 0.488 0.077
w/o Inst. | 0.282 0.242 0.253 0.016 0.039  0.095 0.473  0.080 0.017 0.682  0.440 0.131
w/ Inst. | 0.151 0.205 0.247  0.015 0.035  0.094 0.207  0.076 0.006 0.624 0.423 0.101
w/o Inst. | 0.321 0.277 0.280 0.020 0.041  0.089 0.672  0.087 0.103 0.451  0.176 0.150
w/ Inst. | 0.252 0.241 0.264 0.017 0.042  0.082 0.609  0.081 0.108 0.362 0.128 0.133
w/o Inst. | 0.247 0.257 0.229 0.049 0.075  0.090 0.417  0.140 0.075 0.692 0.388 0.178
w/ Inst. | 0.247 0.255 0.190 0.048 0.071  0.090 0.353  0.152 0.070 0.645 0.396 0.170

w/o Inst. | 0.246 0.263 0.282  0.024 0.036  0.102 0.301  0.059 0.036 0.584 0.415 0.134
w/ Inst. | 0.201 0.239 0.254 0.023 0.038  0.096 0.164  0.052 0.069 0.582  0.401 0.127
w/o Inst. | 0.248 0.295 0.332  0.037 0.051 0.125 0.264  0.068 0.016 0.710  0.546 0.146
w/ Inst. | 0.234 0.266 0.286 0.031 0.044 0.108 0.226  0.062 0.034 0.672 0.527 0.141
w/o Inst. | 0.328 0.323 0.364 0.040 0.059 0.144 0.564  0.084 0.003 0.599  0.504 0.146
w/ Inst. | 0.282 0.302 0.319 0.043 0.056 0.115 0.324  0.076 0.022 0.580 0.495 0.154
w/o Inst. | 0.116 0.254 0.239 0.008 0.017  0.090 0.103  0.077 0.036 0.450 0.424 0.093
w/ Inst. | 0.013 0.234 0.208 0.010 0.020 0.077 0.054  0.073 0.029 0.465 0.415 0.070
w/o Inst. | 0.110 0.266 0.257 0.009 0.014  0.097 0.138  0.076 0.034 0.469  0.465 0.097
w/ Inst. | 0.041 0.240 0.230  0.002 0.012  0.088 0.103  0.073 0.027 0.456  0.463 0.072
w/o Inst. | 0.131 0.285 0.280 0.010 0.018  0.100 0.192  0.111 0.030 0.574 0.481 0.112
w/ Inst. | 0.009 0.262 0.233  0.006 0.027  0.089 0.103  0.096 0.023 0.498 0.453 0.075
w/o Inst. | 0.189 0.322 0.328 0.051 0.070  0.205 0.452  0.185 0.109 0.779 0.798 0.227
w/ Inst. | 0.261 0.349 0.394 0.054 0.081 0.178 0.412  0.188 0.099 0.740 0.785 0.236
w/o Inst. | 0.296 0.360 0.358 0.057 0.087  0.166 0.521  0.212 0.016 0.830 0.832 0.211
w/ Inst. | 0.340 0.395 0.444 0.072 0.116  0.266 0.537  0.268 0.094 0.824 0.838 0.290

Contriever

all-mpnet-base-v2
all-MiniLM-L6-v2
Dragon-+

bge-m3

Instructor-base
Instructor-large
Instructor-XL
bge-small
bge-base
bge-large
E5-Mistral

GritLM

w/o Inst. | 0.151 0.263 0.285 0.043 0.041  0.099 0.580  0.151 0.038 0.723  0.572 0.166
w/ Inst. | 0.187 0.290 0.279  0.050 0.078  0.101 0.650  0.171 0.033 0.721  0.566 0.186
w/o Inst. | 0.256 0.293 0.310 0.031 0.058  0.133 0.197  0.100 0.042 0.732 0.834 0.167
w/ Inst. | 0.106 0.248 0.239 0.026 0.058 0.118 0.114  0.096 0.048 0.673 0.824 0.137
w/o Inst. | 0.306 0.309 0.337 0.030 0.061 0.146 0.315  0.125 0.066 0.711  0.720 0.190
w/ Inst. | 0.212 0.272 0.296 0.030 0.066 0.138 0.255  0.129 0.036 0.643 0.721 0.165
w/o Inst. | 0.373 0.341 0.420 0.034 0.101  0.240 0.291  0.164 0.075 0.901 0.896 0.236
w/ Inst. | 0.342 0.314 0.375 0.050 0.136  0.212 0.339 0.211 0.074 0.877 0.894 0.250

Cohere-Embed-v3
OpenAl-ada-002
OpenAl-3-small

OpenAl-3-large

Table 6.2: Full-dataset Retrieval (nDCG@10 performance)

Main results Table[6.2] presents the results for nDCG@10 performance. Figure [6.]]
outlines the relative performance of the evaluated models. Because of the different
scales of nDCG@10 across tasks due to different task difficulties and corpus sizes, we
take the geometric mean across tasks to represent each model’s average performance,
which is given by G = (H?:l wz) %, where n is the number of tasks and x; represent
the performance of each task. We find geometric mean to be more reflective of model’s
average performance, compared to harmonic mean and Z-scored mean. Figure pro-
vides insights into the performance gain/degrade brought by prepending task instruc-
tions before queries. Similarly, due to the vastly different scales of performance across
tasks, simply taking the arithmetic gain ((Zwith inst. — Zwithout inst.) / Lwithout inst.) 1S
misleading (by biasing towards a low @yithout inst. Dase). Therefore, we opt for using
logarithmic scaling to dampen the effect of large percentage gains from a low base,

given by lOg2 (CBWith inst.; + 1) - log2(wwithout inst. + ]—)
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Overall, it is seen that newer models tend to outperform older ones on RAR-b.
We believe the enhancement in embedding models’ language understanding abilities is
relevant to the diversity of training data and instruction-tuning (35)), with the current
widely-adopted paradigm of instruction-aware information retrieval (33} B34} 35} [36)).
Injecting instructions understanding abilities into retrievers are intuitively beneficial
for modeling more nuanced semantics in natural language, such as intents, improving
the alignment of query and groundtruth answer in reasoning tasks in the semantic
space, especially for the ones that make less sense without specifying what the task is
doing. Further, attaining more accurate understanding of queries from diverse tasks
allows generalizing to retrieving correct answers for unseen tasks. Generalization
achieved from task diversity and decoder architecture is known for generative tasks
(117 118 119), but more rigorous studies need to confirm the pattern for embedding
models, especially for decoder models, which present the best potential on RAR-b.

Scaling laws observed We observe a scaling behavior through the varied versions
of models of same classes. The pattern is consistent for Instructor (33), BGE (113)
and OpenAl-Embedding-3. Models display a performance gain as their size increases.
Since the level-1 datasets are more or less seen in Instructor’s training through the
SuperNT collection (119), its performance gain on these datasets is more relevant
to a stronger fitting ability to training set due to larger model capacities, but not
necessarily a stronger generalizability. On the other hand, the same pattern observed
in BGE models (113) is more indicative of a stronger generalizability achieved with
larger model sizes, because BGE models have not seem these tasks according to the
technical report (I13). Although the finding is consistent with (120) who find that
larger-capacity models are more generalizable retrievers, it is unclear whether this
comes from the difference in the pretraining data of the base model or the finetuning
data when adapting to representation models, especially in our case of reasoning
tasks. While Instructor and BGE are encoder models, the same trend observed in
OpenAl v3 models confirms the scaling pattern for decoders, which are well-known
to scale for generative tasks (121} 122; 123), but less known for embedding tasks
(124).
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Figure 6.2: Gain brought by instruction (Full Setting). The metric is represented
by log-scaled gains averaged across tasks, given by >y (log2(Ty/ inst., + 1) —
loga (T /o inst. +1))/|X|, X being the set of tasks.

Distraction of Instructions It is observed that instructions generally distract
the retrievers’ from focusing on the content, even for the I-DR models. However, this
is more observed for encoder models like Instructor and BGE, and smaller variants
of decoder models such as OpenAI-embedding-3-small.

Latest instruction-aware decoder representational models (35} [36) seem to start
bridging this behavioral gap, pointing the promising direction of scaling decoder mod-
els for next-level representational abilities. Cohere’s proprietary Embed-English-v3.0
presents a strong gain brought by instructions. Considering its relatively early release
time (Nov 02, 2023) compared to latest models that yield better absolute performance
(OpenAl-v3, E5-Mistral, GritLM) on RAR-b, this behavior is surprising, and might
be relevant to the efforts put in relevance feedback from LLMs E] However, no public
information is available whether Cohere’s current embedding model is an encoder or
a decoder, and thus its strong instruction-following abilities can not add to our main
narrative of the potentail for decoder representation models.

For models that degrade with instructions, it is more severe in full-dataset
retrieval settings compared to the Multiple-choice Retrieval setting as shown in
later parts, intuitively because of a larger candidate pool to be distracted by. This

phenomenon is most pronounced for older-generation embedding models such as

3https://txt.cohere.com/introducing-embed-v3/
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Sentence Transformer (I8) model all-mpnet-base-v2. Though sharing the same
training set with al1-MinilM-L6-v2 while both without training to follow instructions,
we suspect it’s more sensitive than the latter to instructions because of its larger
capacity. The key takeaway here is, if a model is not trained to follow instructions,
its retrieval performance might be largely distracted by instructions, hypothetically
as the model capacity gets larger. However, we note that we manually write an
instruction for each task, aligning with previous work (33). Although the prompt for
each task is fairly applied to all models, it is possible that the observed instruction
sensitivity conflates with prompt distribution shift which hurts more for encoder
models. We encourage future work on retrieval instruction following to provide more
comprehensive analysis on the effect of instruction style to instruction following
performance.

With Sentence Transformer’s earliest models being the pioneer in sentence embed-
dings in the contextualized LM’s era, the field has now entered a stage where sentence

emebedding models need to model more complex nuances in human language.

Dual-retrievers present decent performance, if not as late-interaction
decision-makers. In general, the nDCG@10 performance in Full setting is not as
bad as the slightly-higher-than-chance performance in MCR setting as will be shown
in later section (Table . The performance patterns are roughly on-par with how
they would perform in pure topical-based IR datasets (e.g., the ones in BEIR (14))).
Judging from recall@10 (Appendix , the percentages when correct answers can
be extracted within top-10 documents are decent, except for SocialiQA. However,
it is still far from meeting the capability of retrieving all candidates to assist later
LLMs’ decisions, which ideally require that at least the correct answer is in the top-n

retrieved documents (if not ranked at top), i.e., recall@n = 1.

6.3.2 Does Reranker Help?

In a standard two-step retrieval pipeline, reranking models are utilized to further
rerank the first-round results retrieved with bi-encoder embeddings. As we will

show in the next sub-section through multiple-choice retrieval (Table , nowadays’
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Model Performance: SOTA Bi-encoders v.s. Rerankers
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Figure 6.3: Does Reranking improve performance?

reranker models are not trained to understand reasoning-level language, and are
already outperformed by recent bi-encoders with decoder backbones trained with
instruction tuning (35} [36).

But can we fine-tune the reranker to improve performance on such tasks? Note
that it is non-trivial to fine-tune a bi-encoder on each task: with varied sizes of
each training set and the de-facto usage of InfoNCE loss (20), we do not want to
overfit a bi-encoder to an isotropic distribution for one reasoning task (28). And
intuitively, cross-attention enables faster convergence to tasks with deeper language
understanding requirements.

In this section, we finetune Cohere’s proprietary rerank-english-v2.0 model
through API finetuning [} because of its well-configured infrastructure. For each
task, we construct a training set using its original MCR-format dataset, with the
groundtruth being the positive pair for each question, and all non-groundtruth

candidates as hard negatives. We evaluate aNLI, HellaSwag, PIQA, SocialiQA

4https://dashboard.cohere.com /fine-tuning
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and Winogrande to understand the pattern, and fine-tune a reranker model for
each task. The average performance is outlined in Figure (without-instruction
nDCG@10 presented), where we can easily achieve state-of-the-art performance by
re-ranking the top 100 documents with a fine-tuned Cohere reranker. Due to the
cross-encoder nature of rerankers, the models are able to process the query and
documents within the same context, making them easier to decompose and process
the label information in training and adapt better to reasoning tasks. However, their
performance is bounded by first-stage retrieval. Summarizing these findings, we
see the important role of rerankers for reasoning-intensive tasks in a full retrieval
pipeline.

Although recent papers have confirmed generative models’ potential as rerankers
(125} 126)), they are neither trivial to train nor cheap (yet) in inference. Considering
the release time of Cohere’s rerankers, we confirm using previous established cross-
encoder frameworks is still the simple, robust and strong solution for such tasks.
However, we envision decoder models to still be the future for scaling for complicated
tasks, and position the effective training of decoder-based rerankers and resource-

efficient inference of them as a valuable research direction.

6.3.3 Multiple-choice Retrieval Setting

Table presents the results of the Multiple-choice Retrieval (MCR) setting, where
each dataset has a baseline characterized by random predictions. The MCR setting
provides an in-depth check of retrievers’ nuanced understanding. Although we
evaluate MCR with a separate implementation, we note that in essence, MCR is
equivalent to checking whether the correct choice in ranked above all wrong choices
in the Full setting.

The findings could be summarized as follows:

In-depth Understanding remains hard From Table [6.3] we can easily find
that models struggle with Winogrande (90) and CSTS (75)) at around chance level.
Although some models perform good on Winogrande in the Full setting, we find

that this performance might be more of a mirage. For example, Contriever can
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aNLI HellaSwag PIQA SIQA WinoG ARC-C ‘ GeoMean-6 ‘ cSTS-E ¢STS-H ‘ GeoMean

Without Instruction

random baseline 50.00 25.00 50.00  33.33 50.00 25.00 37.09 50.00 50.00 39.97
contriever 51.37 30.66 57.51  38.54 49.80 21.59 39.42 47.29 43.11 40.78
mpnet 55.35 34.98 58.71  41.50 51.30 27.90 43.48 49.65 40.92 43.87
minilm 49.61 32.20 57.34 39.41 51.30 24.06 40.57 47.38 45.20 41.92
dragon 51.57 31.40 58.54 39.30 50.75 24.15 40.73 45.29 44.24 41.70
Instructor-base 55.94 34.44 61.15 42.73 49.49 29.18 44.01 48.52 51.66 45.45
Instructor-large 57.18 38.48 63.71 46.78 48.62 31.48 46.44 4747 45.90 46.50
Instructor-XL 57.44 39.80 65.45 43.86 50.12 31.48 46.69 49.83 47.56 47.18
BGE-small 52.87 32.56 58.11  41.20 47.83 23.29 40.77 44.42 50.26 42.30
BGE-base 53.59 33.58 59.30  42.37 51.22 25.09 42.40 48.08 50.87 44.06
BGE-large 54.05 34.89 59.79  42.73 50.20 26.19 43.02 49.30 52.62 44.87
BGE-m3 52.74 33.23 56.64  45.45 48.78 24.83 41.97 43.72 45.55 42.62
E5-Mistral 62.01 42.40 72.69  50.72 52.64 48.38 53.96 55.58 46.16 53.11
GritLM 62.27 51.18 72.85 51.33 53.12 39.68 54.12 47.29 46.16 52.16
Cohere-Embed-v3  56.40 34.59 59.85  50.00 49.01 25.60 44.07 46.77 45.03 44.52
OpenAl-3-small 55.48 36.21 63.22 44.78 50.20 31.57 45.62 49.04 46.60 46.16
OpenAl-3-large 57.64 42.50 70.62  47.59 50.59 47.70 52.04 48.52 47.29 50.98
BGE-rerank-base  52.15 31.86 54.62  40.58 49.49 21.93 39.84 47.38 48.52 41.73
BGE-rerank-large  55.94 35.38 59.19  44.47 50.12 26.79 43.73 48.08 49.74 44.97
TART-Full 57.77 36.01 63.22  48.98 54.62 34.04 47.83 45.55 48.87 47.67
Cohere-rerank 57.25 37.46 64.04 4248 50.28 40.10 47.69 40.23 38.13 45.40
+ finetuned 58.62 50.57 64.47  57.32 48.93 43.43 53.44 55.67 74.52 55.99
With Instruction
random baseline 50.00 25.00 50.00 33.33 50.00 25.00 37.09 50.00 50.00 39.97
contriever 49.80 30.87 55.66  38.95 50.28 22.53 39.46 49.74 44.76 41.26
mpnet 54.11 31.54 56.26  41.25 51.46 27.39 42.12 54.36 40.05 43.21
minilm 50.26 31.50 56.86  39.30 49.57 23.98 40.17 51.40 45.81 42.12
dragon 51.57 31.26 57.24  39.20 51.54 24.91 40.85 49.04 44.50 42.24
Instructor-base 55.48 33.82 60.39  42.63 51.38 29.44 44.05 48.60 50.70 45.39
Instructor-large 57.77 37.28 63.66  45.39 49.96 31.66 46.29 48.78 44.76 46.40
Instructor-XL 57.05 39.09 64.53  44.22 50.67 31.31 46.49 48.34 46.07 46.66
BGE-small 52.15 32.25 56.69  42.02 49.57 22.53 40.59 48.95 52.09 42.87
BGE-base 53.39 33.04 57.34  42.78 50.75 24.32 41.81 52.44 48.52 43.82
BGE-large 54.37 35.01 59.30  43.19 49.09 26.02 42.90 56.28 51.66 45.42
BGE-m3 54.31 32.65 56.53  45.50 48.78 24.83 42.04 46.16 47.03 43.14
E5-Mistral 64.30 42.91 73.78  48.82 53.67 44.71 53.65 53.58 46.95 52.75
GritLM 66.58 52.16 74.59  56.04 55.25 53.50 59.17 47.03 43.72 55.36
Cohere-Embed-v3  56.53 34.67 59.09  48.57 50.04 25.17 43.82 51.92 48.25 45.31
OpenAl-3-small 54.90 34.02 58.92  45.14 49.49 30.55 44.25 52.36 48.60 45.72
OpenAl-3-large 58.42 40.30 64.96  50.00 51.85 45.99 51.30 55.24 46.60 51.16
BGE-rerank-base  52.35 32.04 55.50 39.66 49.41 22.18 39.92 47.99 53.23 42.34
BGE-rerank-large  53.92 33.73 56.96  44.63 50.12 26.96 42.92 50.17 51.66 44.79
TART-Full 57.96 31.47 63.11  52.25 55.56 38.23 48.35 46.77 55.06 48.94
Cohere-rerank 55.61 35.91 61.32  42.37 50.51 40.10 46.80 41.19 44.85 45.82
+ finetuned 58.29 51.03 64.36  57.73 49.64 43.86 53.73 60.65 75.39 56.91

Table 6.3: MCR performance

achieve an nDCG@10 of 0.471 on Winogrande without instruction in the Full setting
(Table , outperforming even the OpenAl-Embedding-3-large model. However,
its performance on MCR is stuck at chance level. We find that, the two candidate
answers in Winogrande are both words that exist in the queries (e.g., entities),
and it requires only finding these two words and ranked them at the top to get
a good performance in the Full setting, making this task fall back on be a name
entity matching task for the Full setting, without the models needing to develop a
fine-grained understanding in distinguishing them.

Multiple-choice retrieval settings serve as a proxy measurement of how well the
correct reasoning can be found through representation matching, given a few selected
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possible answers already. From the MCR experiments, we can draw the conclusion

that current dual-dense retrievers fail to serve as late interaction reasoners.

Generalization Gap A special case in the models is Instructor, which is known
to have seen the formats of the first 6 tasks through finetuning on Super-NI (119),
enabling it to achieve a better performance on these tasks compared to traditional
S-DR models. Yet, its performance on the two settings of CSTS that we construct
is stuck at chance level. Without solid control experiments, we hypothesize that
this pattern stems from the subpar generalizablity of encoder models. Although the
pattern can currently be empirically supported by the better performance achieved
by similarly instruction-tuned decoder models including E5-Mistral, GritLM and
OpenAl models, the generalization gap between encoders and decoders has not yet
been systematically investigated on information retrieval, and we position this as a

valuable research topic.

Unsupervised Model is strong and robust to instructions. Surprisingly,
Contriever, as an unsupervised model only trained on different spans of text without
labeled document pairs, serves as a strong baseline for all datasets. We speculate this
pattern is due to that the formats of question-answer pair in reasoning datasets look
alike the way that Contriever is trained on. For instance, a question and its answer in
HellaSwag essentially compose a consecutive document, while being alike a span pair
that Contriever is trained on. For this reason as well, Contriever is extremely robust
to instructions, because a prefix instruction does not make the following question

and answer looking less like a consecutive span in the document.

6.4 Behavioral Analysis

In this section, we present more in-depth understanding of retrievers’ behaviors

through the tasks that have multiple settings.
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6.4.1 Behavioral Analysis through the lens of Temporal Rea-
soning

With the 7 sub-settings we construct for TempReason (Table , we find that it
provides a multi-faceted breakdown of retrievers’ behaviors, providing understanding
of their parameterized knowledge, reading comprehension abilities, and
robustness against irrelevant context, and thus we provide an analysis of it in
this sub-section. TempReason-L1 (TR-1) in the original dataset concerns evaluating
the built-in time perception of models, using time arithmetic questions. We evaluate
this task with only one setting - the standalone setting (denoted as Pure). Query
and groundtruth document in TR-1 looks like “When is 7 months after Nov, 19987"
and “June, 1999".

For TempReason-L2 (TR-2) and TempReason-L3 (TR-3), we respectively con-
struct three settings: Pure, Fact, and Context+Fact. These two levels of tasks
evaluate question answering situated in time, providing us the understanding of the

three aspects outlined above.

Parameterized Knowledge Pure setting here evaluates the built-in knowledge
stored in retrievers. The question here can look like “who is the president of United
States in 20037" (note that questions in TempReason are in a similar format but are
much harder and niche than this), and the retrievers thus need to encode “George
W. Bush” to be among having the most similar embedding. We can see the Pure

setting evaluates factual knowledge parameterized in retrievers without references.

Reading Comprehension For the Fact setting, we concatenate the facts (a
paragraph describing the answer to the question in different times - such as the
history of US presidential tenures) after the question as query. Concretely, the query
can look like: Question: Who was the president of the United States in 2003?
Facts: The US president from 2001 to 2009 was George W. Bush. Barack
Obama’s tenure began on January 20, 2009, and ended on January 20, 2017.
Donald Trump began his presidency in 2017, and his tenure ended in 2021.

and ideally, George W. Bush has an embedding close to the above long passage.
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Note that this above example is for illustrating the concept with the same format
as TempReason, and is not from the TempReason dataset, as TempReason is made
of much less well-known people and facts, and thus more difficult. In the setting,
we are essentially evaluating retrievers’ reading comprehension abilities. Intuitively,
the “fact” is laid out in the query and the embedding of the query is expected to
be guided towards that of the groundtruth document, by the facts. Another way
to describe this setting is that we let the retrievers play the role of LLM in a RAG

system in this setting.

Robustness against Irrelevant Contexts Lastly, for the Context+Fact setting,
we further concatenate the context (the background knowledge of the entity in the
question that is going to be asked) after the facts. On top of the Fact setting,
the Context+Fact setting further reflects a model’s robustness towards irrelevant
information (since the answer can be extracted only from facts, but not from contexts),
and encoding capabilities for texts of varied length ranges (31). However, there
potentially is unfair comparison in here because of the max sequence length each
model is capable of encoding. For instance, OpenAl embedidng models are able
to encode sequence up to 8192 tokens and are faced with more noise to be robust
against. On the other hand, models with max sequence length of 512 need to deal
with less noise. Therefore, the Context-Fact setting here is only for analysis purposes,
and we do not average the scores from this setting into the average TR scores in the
main table. For E5-Mistral and GritLM, we set its max sequence length to 8192
here to match with OpenAl models, for attaining a comparable understanding on

the Context-+Fact setting.

6.4.2 Behavioral Analysis through the lens of Code Retrieval

Another area that we can get a more fine-grained understanding about retrievers’
behaviors is through code retrieval, given the extensive settings we explored in the

construction of the final pooled evaluation dataset.
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Models — TR-1 TR-2 TR-3 .
avg. avg. (fair)

Test Dataset | pure pure fact context+fact pure fact contextJrfact‘

w/o Inst. | 0.019 0.011 0.227 0.207 0.078 0.206 0.194 0.135 0.108

Contriever w/ Inst. | 0.018 0.009 0.220 0.205 0.071 0.208 0.193 0132  0.105
allmpnet-base.vy /0 Inst | 0.018 0012 0112 0.095 0.056  0.094 0.078 0.066  0.058
w/ Inst. | 0.015 0.010 0.073 0.076 0.052 0.071 0.067 0.052  0.044
ALMiniL MLy /0 Inst. | 0015 0005 0.176 0.100 0.063 0.141 0.087 0.084  0.080
w/ Inst. | 0.010 0.005 0.165 0.095 0.063 0.138 0.087 0.081  0.076
Dragont w/o Inst. | 0.018 0.006 0.175 0.110 0.080 0.157 0.099 0.092  0.087
w/ Inst. | 0.015 0.006 0.161 0.110 0.075 0.148 0.095 0.087  0.081
bgo-m3 w/o Inst. | 0.010 0.007 0.332 0.223 0.053  0.301 0.192 0.160  0.140
w/ Tnst. | 0.008 0.006 0.350 0.263 0.070 0.325 0.230 0179 0.152

w/o Inst. | 0.007 0.006 0.109 0.066 0.055 0.120 0.076 0.063 0.059
w/ Inst. | 0.007 0.005 0.091 0.064 0.055 0.100 0.073 0.056 0.052
w/o Inst. | 0.007 0.011 0.123 0.081 0.069 0.133 0.084 0.073 0.068
w/ Inst. | 0.007 0.011 0.104 0.070 0.072  0.117 0.079 0.066 0.062
w/o Inst. | 0.006 0.013 0.171 0.099 0.074 0.156 0.093 0.088 0.084
w/ Inst. | 0.008 0.013 0.144 0.089 0.077 0.137 0.088 0.079 0.076

Instructor-base
Instructor-large

Instructor-XL

hee-small w/o Inst. | 0.014 0.010 0.176 0.070 0.048 0.139 0.059 0.074 0.077
w/ Inst. | 0.013 0.011 0.167 0.085 0.046 0.128 0.074 0.075 0.073
hge-base w/o Inst. | 0.011 0.013 0.172 0.099 0.052 0.134 0.082 0.080 0.076
w/ Inst. | 0.008 0.013 0.166 0.111 0.051 0.127 0.092 0.081 0.073
bge-large w/o Inst. | 0.015 0.024 0.242 0.177 0.067 0.206 0.146 0.125 0.111
w/ Inst. | 0.012 0.021 0.212 0.158 0.060 0.176 0.126 0.109 0.096
E5-Mistral w/q Inst. | 0.030 0.093 0.356 0.247 0.144 0.304 0.213 0.198 0.185
w/ Inst. | 0.033 0.092 0.369 0.281 0.143 0.302 0.231 0.207 0.188

w/o Inst. | 0.025 0.090 0.482 0.289 0.125 0.340 0.225 0.225 0.212
w/ Inst. | 0.072 0.112 0.576 0.335 0.141 0.439 0.261 0.277 0.268

w/o Inst. | 0.015 0.019 0.359 0.197 0.085 0.275 0.162 0.159 0.151
w/ Inst. | 0.014 0.024 0.405 0.249 0.075  0.339 0.213 0.188 0.171
w/o Inst. | 0.017 0.026 0.199 0.163 0.076  0.180 0.148 0.116 0.100

GritLM

Cohere-Embed-v3

OpenAl-ada-2

w/ Inst. | 0.014 0.024 0.194 0.161 0.073 0.176 0.147 0.113 0.096

OpenAL3-small w/o Inst. | 0.023 0.028 0.257 0.165 0.098 0.221 0.152 0.135 0.125
’ ) w/ Inst. | 0.023 0.032 0.263 0.165 0.100 0.227 0.152 0.137 0.129
OpenAL3-large w/o Inst. | 0.021 0.103 0.286 0.187 0.153 0.255 0.165 0.167 0.164
w/ Inst. | 0.021 0.110 0.398 0.272 0.155 0.370 0.233 0.223 0.211

Table 6.4: TempReason all sub-task Full-Retrieval nDCG@10 Results. For
TempReason-L2 and TempReason-L3, we construct 3 settings: Pure, Fact, and
Context+Fact. The pure setting reflects the standalone knowledge parameterized
into retrieval models. The Fact setting reflects the reading comprehension abilities of
retrieval models. And the Context+Fact setting is an indicator of retrievers’ reading
comprehension abilities subtracted by their vulnerability against irrelevant contexts.
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Figure 6.4: A glimpse of distraction from hard negatives of same content across
languages.

Hard Negatives across Programming Languages The translated nature of
HumanEvalPack (102)) grants us the convenience to inspect models’ familiarity
with the same content of different programming languages, and when pooling them
together, to what extent do the hard negatives come from the failure of distinguishing
across languages through instructions (e.g., for entries that require “retrieve a Python
snippet”; a Javascript snippet of same content is instead ranked above the groundtruth
Python snippet).

Here, we inspect the results of 7 settings, respectively with only queries from
each of the 6 languages, and the pooled queries from all languages. For each setting,
we enlarge the corpus with the same 200k documents sampled from CodeSearchNet
and 100k documents from TinyCode, aligning with our final setting. However,
we see a performance gap between averaging individual settings and the pooled
setting, meaning that for a lot of queries, the “semi-groundtruth” is placed over
the groundtruth, indicating the model’s failure of perceiving about programming
languages through instructions.

Figure depicts the pattern. If the queries are not distracted by code of same
content from different languages (i.e., same content from different languages is ranked
above the groundtruth), the average performance of the single-language settings
should actually match with the performance of the pooled setting, because in the

pooled setting, the nDCG@Q10 is essentially nDCG@10 performance averaged across
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different languages.

HumanEvalPack TinyCode

Settings

format —  Original Instruct ‘ -
Contriever w/o Inst. 0.051 0.203 0.056
w/ Inst. 0.048 0.228 0.044
all-mpnet-base-v2 w/o Inst. 0.419 0.897 0.142
b w/ Inst.  0.408 0.867 0.123
w/o Inst. 0.396 0.920 0.209
Instructor-XL w/Inst. 0374  0.915 0.240

Table 6.5: Left: Performance difference between Original and Instruct setting of
HumanEvalPack. Right: Performance of TinyCode, providing a glimpse of model
behaviors on mixture of natural language and code.

Entity Shortcut Another property we present is the Entity Shortcut. In Table[6.5
(left), we present the results of two settings we construct for evaluating HumanEval-
Pack. For the original setting, we simply follow the continuation setting, where the
query is the import, function name and the docstring of the function, and the aim is
to retrieve the rest of the code. We construct another setting, the “instruct” setting,
where we would like to retrieve the complete code (the concatenation of the query
and the groundtruth in the “original” setting) with a self-contained instruction.
With the Instruct setting, we see a huge jump of nDCG@Q10 from the original
setting (e.g., 0.374 — 0.915 for Instructor-XL), indicating that the easiness of
this setting for the model. An example for this setting is given in Appendix [6.8]
demonstrating the entity matching shortcut. Although this setting forms a more
self-contained scenario that would happen in real-life question answering, the function
declaration presents in both the query and the document, enabling the retrieval
to rely solely on the function declaration matching. We speculate this pattern
to be highly relevant to the “entourage effect" towards dominant tokens (function
declaration in this case) after contrastive learning found in (28)). Due to this reason,

we opt for the original format in the final evaluation.

Natural v.s. Symbolic Language We further conduct an experiment by con-
structing the queries and corpus with only TinyCode, a synthetic dataset of code
question answering. This dataset provides the natural mixture of natural language

and code. We sample 15k queries and 150k documents including the groundtruth
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to form the corpus. The result is shown in Table (right). Although hard to
construct controlled experiments, it is seen that models generally perform less well

on the mixture of natural language and code.

6.5 Conclusion

In this chapter, we underscored the critical need of evaluating retrievers’ next-level
language understanding abilities, moving beyond the conventional scope of semantic
textual similarity and topical matching. We introduced the RAR framework, a novel
problem that casts reasoning tasks as retrieval tasks. Through extensive evaluation,
we revealed retrievers’ behaviors in understanding reasoning-level language and
depicted the behavioral discrepancies between retrievers and LLMs, suggesting
promising directions in future research in retrieval-augmented generation. We envision
that representation models excelling in RAR-b are well-suited to enhance LLMs within
RAG systems, positioning RAR-b as a vital benchmark for tracking advancements
in the field.

We also see how findings in earlier chapters provide motivations and guide the
benchmark design and experiments in this chapter. For instance, inspired by the
encoded length information in embeddings in Chapter 5, we intentionally sample code
snippets within the same range of the groundtruth documents when constructing
the code corpus, making it more difficult. On the other hand, the understanding of
isotropy motivates us to prevent fine-tuning bi-encoders on one single reasoning task,
which might break the generalization of models overall.

In this chapter, we also see the great potential of decoder-based representation
models, and how representation learning can be re-imagined as an alignment of
models’ representation capabilities to their generative capabilities. In later chapters
(Chapter 8), we also explore whether this finding transfers to multi-modality, and
whether grounding in more modalities raises the upper bound of this re-imagined
“alignment”. Last, this chapter also inspires future work directions, such as reasoning-

aware representation models trained using RL, which we detail Chapter 9.
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6.6 Dataset Format

Dataset

Instruction

Query

Doc

aNLI

Given the following start and
end of a story, retrieve a pos-
sible reason that leads to the

end.

Start: Ron started his new job as
a landscaper today. End: Ron is
immediately fired for insubordina-

tion.

Ron ignores his bosses’s
orders and called him

an idiot.

HellaSwag

Given the following unfin-
ished context, retrieve the
most plausible ending to fin-

ish it.

A man is sitting on a roof. He

starts pulling up roof-

ing on a roof.

PIQA

Given the following goal, re-

trieve a possible solution.

How do I ready a guinea pig cage

for it’s new occupants?

Provide the guinea pig
with a cage full of a few
inches of bedding made
of ripped paper strips,
you will also need to
supply it with a water
bottle and a food dish.

SocialiQA

Given the following context
and question, retrieve the cor-

rect answer.

Context: Tracy didn’t go home that
evening and resisted Riley’s attacks.
Question: What does Tracy need
to do before this?

Find somewhere to go

Quail

Given the following context
and question, retrieve the cor-

rect answer.

Context:  Candy watched the
bearded man drive his silver BMW
into the convenience store parking
lot and pull around to the side,
near the back corner of the build-
ing. There were plenty of open slots
in the front, so she figured the guy
was there for something other than
a bag of chips and a coke. {Omit-
ted for brevity}

ARC-
Challenge

Retrieve the answer to the

question.

An astronomer observes that a
planet rotates faster after a mete-
orite impact. Which is the most
likely effect of this increase in rota-

tion?"

Planetary days will be-

come shorter.

Winogrande

Given the following sentence,
retrieve an appropriate an-
swer to fill in the missing un-

derscored part.

Sentence: Sarah was a much better
surgeon than Maria so _ always got

the easier cases..

Maria
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TempReason-

L1

Given the following question
about time, retrieve the cor-

rect answer.

What is the time 6 year and 4
month after Nov, 1185

Mar, 1192

TempReason-

L2 pure

Given the following question,

retrieve the correct answer.

Which employer did Jaroslav Pe-
likan work for in Jan, 19487

Valparaiso University

TempReason-

L2 fact

Given the following question
and facts, retrieve the correct

answer.

Question: Which employer did
Jaroslav Pelikan work for in Jan,
19487  Facts: Jaroslav Pelikan
works for Concordia Seminary from
Jan, 1949 to Jan, 1953. \n Jaroslav
Pelikan works for University of
Chicago from Jan, 1953 to Jan,
1962. \n Jaroslav Pelikan works
for Valparaiso University from Jan,
1946 to Jan, 1949. \n Jaroslav Pe-

likan works for Yale University from

Jan, 1962 to Jan, 1962.

Valparaiso University

TempReason-

L2 context

Given the following question,
facts and contexts, retrieve

the correct answer.

Question: Which employer did
Jaroslav Pelikan work for in Jan,
19487  Facts: Jaroslav Pelikan
works for Concordia Seminary from
Jan, 1949 to Jan, 1953. \n Jaroslav
Pelikan works for University of
Chicago from Jan, 1953 to Jan,
1962. \n Jaroslav Pelikan works
for Valparaiso University from Jan,
1946 to Jan, 1949. \n Jaroslav
Pelikan works for Yale University
from Jan, 1962 to Jan, 1962. Con-
text: Jaroslav PelikanJaroslav Jan
Pelikan Jr. (December 17, 1923
\u2013 May 13, 2006) was an Amer-
ican scholar of the history of Chris-
tianity, Christian theology, and me-
dieval intellectual history at Yale
University.Jaroslav Jan Pelikan Jr.
was born on December 17, 1923,
in Akron, Ohio, to a Slovak father
Jaroslav Jan Pelikan Sr. and Slo-
vak mother Anna Buzekova Pelikan
from \u0160id in Serbia. His father

was pastor of .... {context is too

long and omitted for brevity}

Valparaiso University
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TempReason-

L3 pure

Given the following question,

retrieve the correct answer.

‘Which employer did Jaroslav Pe-
likan work for before Concordia

Seminary?

Valparaiso University

TempReason-

L3 fact

Given the following question
and facts, retrieve the correct

answer.

Question: Which employer did
Jaroslav Pelikan work for be-
fore Concordia Seminary? Facts:
Jaroslav Pelikan works for Yale
University from Jan, 1962 to Jan,
1962. \nJaroslav Pelikan works
for University of Chicago from Jan,
1953 to Jan, 1962. \nJaroslav Pe-
likan works for Valparaiso Univer-
sity from Jan, 1946 to Jan, 1949.
\nJaroslav Pelikan works for Con-
cordia Seminary from Jan, 1949 to

Jan, 1953.

Valparaiso University

TempReason-

L3 context

Given the following question,
facts and contexts, retrieve

the correct answer.

Question: Which employer did
Jaroslav Pelikan work for be-
fore Concordia Seminary? Facts:
Jaroslav Pelikan works for Yale
University from Jan, 1962 to Jan,
1962. \nJaroslav Pelikan works
for University of Chicago from Jan,
1953 to Jan, 1962. \nJaroslav Pe-
likan works for Valparaiso Univer-
sity from Jan, 1946 to Jan, 1949.
\nJaroslav Pelikan works for Con-
cordia Seminary from Jan, 1949 to
Jan, 1953. Context: Jaroslav Pe-
likanJaroslav Jan Pelikan Jr. (De-
cember 17, 1923 \u2013 May 13,
2006) was an American scholar of
the history of Christianity, Chris-
tian theology, and medieval in-
tellectual history at Yale Univer-
sity.Jaroslav Jan Pelikan Jr. was
born on December 17, 1923, in
Akron, Ohio, to a Slovak father
Jaroslav Jan Pelikan Sr. and Slo-
vak mother Anna Buzekova Pelikan
from \u0160id in Serbia. His father
was pastor of .... {context is too

long and omitted for brevity}

Valparaiso University
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SpartQA

Given the following spatial
reasoning question, retrieve

the right answer.

We have three blocks.
them A, B and C. Block B is be-
low A. Block A is below C. Block

Lets call

A contains a medium yellow square.
Block B has two medium blue
squares. Medium blue square num-
ber one is touching the bottom edge
of this block. Medium blue square
number two is below a medium yel-
low square. Medium blue square
number one is below the square
which is below the medium yellow
square. It is below the medium
yellow square. Block C contains
one medium black square. What is
below the black thing? a medium
yellow square that is in block A or

a medium yellow square that is in

block B?

both of them

Math-pooled Retrieve the answer for the | {Omitted for brevity} {Omitted for
following math problem. brevity}

HumanEvalPack-Retrieve the answer for the | Finish the following code based | {Omitted for

MBPP following coding problem. on the docstring: {Omitted for | brevity}

brevity}

CSTS-easy Retrieve an aspect and a sen- | 3 people wearing festive costumes | In terms of "The num-
tence which are similar to the | and feathers dancing in a parade . | ber of persons" re-
following sentence. trieve a sentence sim-

ilar to the following.
Three uniquely dressed
women dancing in a pa-
rade .

CSTS-hard Retrieve a condition under | Sentencel: 3 people wearing fes- | The number of persons.

which the following two sen-

tences are similar.

tive costumes and feathers dancing
in a parade .; Sentence2: Three
uniquely dressed women dancing in

a parade .

6.7 Potential Sparse Annotation Problem of C-STS

CSTS concerns aspect-aware similarity perception between sentence pairs. For each

unique sentence pair in C-STS, two conditions are given, yielding two annotated

similarity scores ranging from 1-5. Based on the nature of the dataset, we are
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only able to construct it into multiple-choice setting, evaluating the retrieval of the
condition out of the 2 that provides a higher similarity, but can not construct it into
Full-dataset retrieval setting because of the potential sparse annotation problem (14])
- a condition, based on which two sentences are more similar, than based on the
other condition, does not make this condition the most suitable condition out of the

corpus.

6.8 Illustration of the Entity Matching Shortcut

In Section |6.4.2] we presented the high performance of the Instruct setting of
HumanEvalPack, which is largely due to the entity matching shortcut. We provide
an example of a typical query-groudtruth pair in this setting as follows:

Query in “Instruct” setting:
Write a Python function ‘has_close_elements(numbers: List[float], threshold:

float) -> bool‘ to solve the following problem:

Check if in given list of numbers, are any two numbers closer to each other than
given threshold.

»> has_close_elements([1.0, 2.0, 3.0], 0.5)

False

»> has_close_elements([1.0, 2.8, 3.0, 4.0, 5.0, 2.0], 0.3)

rue
Groundtruth in “Instruct” setting:
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from typing import List

def has_close_elements(numbers: List[float], threshold: float) -> bool:
for idx, elem in enumerate(numbers):
for idx2, elem2 in enumerate(numbers):
if idx != idx2:
distance = abs(elem - elem2)
if distance < threshold:

return True

return False

With function declaration presenting in both query and groundtruth document,
the document can easily be retrieved with the overlapping part perceived by the

retrievers.

6.9 Full setting Recall@10

Table presents the recall@10 performance of the Full retrieval setting, provid-
ing a more straightforward measure of the average empirical probability that the

groundtruth is retrieved as the top-10 documents.
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Model | Dataset — aNLI HellaSwag PIQA SIQA Quail ARC-C WinoG TR SpartQA Math Code ‘ Geo. Mean
Contriever w/o Inst. | 0.425 0.221 0.387 0.019 0.097 0.161 0.717 0210  0.196 0.357 0.142 0.196
w/ Inst. | 0.371 0.271 0.335 0.016 0.096  0.147 0.463  0.202 0.184 0.258 0.110 0.171
all-mpnet-base-v2 w/o Inst. | 0.310 0.396 0.439 0.041 0.092 0.207 0.386  0.112  0.006 0.786  0.698 0.178
w/ Inst. | 0.039 0.207 0.426  0.021 0.081 0.179 0.195 0.087  0.026 0.765 0.654 0.133
all-MiniLM-LG-v2 w/o’ Inst. | 0.393 0.373 0.392 0.024 0.076  0.170 0.770  0.151  0.038 0.749 0.588 0.210
w/ Inst. | 0.228 0.321 0.383 0.029 0.076  0.162 0.401  0.143  0.014 0.700 0.573 0.169
Dragon - w/o Inst. | 0.425 0.421 0.412 0.028 0.081  0.166 0.948  0.167 0.182 0.517 0.251 0.232
w/ Inst. | 0.355 0.363 0.390 0.025 0.079 0.154 0.890 0.156  0.201 0.423 0.197 0.210
bge-ms3 w/o Inst. | 0.350 0.392 0.354  0.079 0.136  0.158 0.692  0.202 0.148 0.764  0.546 0.276
w/ Inst. | 0.352 0.391 0.297 0.076 0.128  0.158 0.607  0.215 0.136 0.722  0.560 0.265
Instructor-base W”/O, Inst. | 0.349 0.403 0.424 0.040 0.069 0.181 0.538  0.113  0.074 0.671 0.570 0.217
w/ Inst. | 0.298 0.364 0.392 0.042 0.071 0.177 0.311  0.101  0.120 0.665 0.542 0.207
Instructor-large w/o Inst. | 0.354 0.437 0.497  0.059 0.097 0.221 0.510 0.136  0.032 0.788 0.728 0.236
w/ Inst. | 0.335 0.402 0.442 0.056 0.083 0.192 0.425 0.124 0.066 0.746  0.696 0.230
Instructor-X1, w/o Inst. | 0.455 0.477 0.527 0.061 0.111  0.247 0.873  0.157 0.008 0.678 0.658 0.231
w/ Inst. | 0.400 0.449 0.470  0.075 0.102  0.204 0.594  0.143  0.045 0.655 0.659 0.248
bge-small w/o Inst. | 0.175 0.390 0.360 0.016 0.033  0.165 0.228 0.144  0.078 0.543  0.573 0.160
w/ Inst. | 0.024 0.357 0.320 0.018 0.039 0.142 0.122  0.138  0.058 0.548  0.567 0.121
bge-base w/o Inst. | 0.170 0.403 0.389 0.022 0.028 0.174 0.332  0.146  0.070 0.565 0.615 0.170
w/ Inst. | 0.072 0.364 0.353 0.007 0.025 0.161 0.242  0.141 0.058 0.540 0.619 0.130
bge-large w/o Inst. | 0.195 0.428 0.418 0.024 0.035 0.177 0.419  0.203  0.061 0.666 0.637 0.190
w/ Inst. | 0.022 0.392 0.363 0.012 0.052 0.161 0.211  0.180  0.048 0.587 0.608 0.131
E5-Mistral w/o Inst. | 0.268 0.472 0.478 0.088 0.128  0.316 0.696 0.327  0.185 0.848 0.954 0.341
w/ Inst. | 0.377 0.508 0.561 0.090 0.144 0.276 0.678 0.333  0.196 0.816 0.945 0.360
GritLM w/o Inst. | 0.410 0.501 0.511 0.091 0.159  0.271 0.852  0.374 0.030 0.888 0.952 0.318
w/ Inst. | 0.464 0.542 0.618 0.117 0.207  0.411 0.840 0.434 0.189 0.881 0.960 0.429
Cohere-Embed-v3 w/o Inst. | 0.223 0.400 0.423  0.073 0.082  0.180 0.886  0.275  0.080 0.790 0.739 0.266
w/ Inst. | 0.272 0.441 0.417 0.082 0.140 0.182 0.939  0.298 0.074 0.787 0.737 0.291
OpenAlL-ada-2 w/o Inst. | 0.357 0.441 0.465 0.051 0.110 0.238 0.342  0.188 0.087 0.809 0.914 0.262
w/ Inst. | 0.178 0.381 0.378 0.046 0.108 0.213 0.199  0.181 0.094 0.756  0.903 0.221
OpenAlL-3-small w/o Inst. | 0.419 0.464 0.498 0.048 0.113  0.259 0.543  0.237  0.137  0.783 0.880 0.298
w/ Inst. | 0.311 0.415 0.460 0.048 0.120 0.235 0.441 0242 0.079 0.718 0.879 0.264
OpenAL-3-large w/o Inst. | 0.504 0.498 0.596 0.054 0.189  0.388 0.511 0306  0.167  0.940 0.966 0.362
w/ Inst. | 0.467 0.468 0.559 0.085 0.233  0.358 0.577  0.363  0.160 0.921 0.964 0.383

Table 6.7: Full-dataset Retrieval (recall@10 performance)
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CHAPTER [/

Visual Text Representation

In parallel to the exploration of text-only representation models and methods, we see
a few disadvantages of text-only models, including their sensitivity to typos due to
tokenization, and their high data volume requirement to attain robust performance
across languages. This chapter studies the modeling of sentence and document
embeddings in the pixel space using vision encoders. The core questions to be
answered in this chapter is: Can pixel-based models match token-based SRL on
semantics and IR, and how do they behave cross-lingually?

Pretrained language models are long known to be subpar in capturing sentence and
document-level semantics. Though heavily investigated, transferring perturbation-
based methods from unsupervised visual representation learning to NLP remains
an unsolved problem. This is largely due to the discreteness of subword units
brought by tokenization of language models, limiting small perturbations of inputs
to form semantics-preserved positive pairs. In this work, we conceptualize the
learning of sentence-level textual semantics as a visual representation learning process.
Drawing from cognitive and linguistic sciences, we first introduce an unsupervised
visual sentence representation learning framework, employing visually-grounded text

perturbations like typos and word order shuffling, resonating with human cognitive
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patterns, and enabling perturbation to texts to be perceived as continuous. Our
approach is further enhanced by large-scale unsupervised topical alignment training
and natural language inference supervision, achieving comparable performance in
semantic textual similarity (STS), information retrieval (IR) and reasoning tasks to
existing state-of-the-art NLP methods. Additionally, we unveil our method’s inherent
cross-lingual transferability and a unique leapfrogging pattern across languages during
iterative cross-lingual transfer. The framework represents a novel representation
learning method devoid of language models for understanding sentence and document

semantics, marking a stride closer to human-like textual comprehension.

7.1 Introduction

Vanilla language models are long known to have subpar sentence-level representation
(I8} 135), even worse than averaging static word embeddings (19), i.e., sentence
representations attained by pooling from sub-word embeddings encoded by language
models do not closely reflect the relative semantics of sentences. Encouraged by
the remarkable success of visual representation learning facilitated by unsupervised
contrastive learning (21} 22)), efforts in NLP are made to leverage unsupervised
contrastive learning to recover sentence-level encoding abilities from the models
(3 (47 127 [128; [129).

However, translating the advancements in visual representation learning to learn-
ing sentence-level textual semantics presents unique challenges: a single augmentation
(128; 129)) might alter the meaning of a sentence, posing problems of the validity of
the augmented sentence as a positive pair. Such attempts are primarily bottlenecked
by the discreteness of subword units brought by tokenization (130), impeding the
creation of continuous unsupervised semantic pairs that have preserved semantics
through small perturbations to inputs.

Therefore, the most recognized unsupervised sentence representation learning
method in NLP applies two dropout masks to the identical input to attain two
representations, as positive pairs in contrastive learning (3)). We argue that using

identical inputs confines the method of (3)) to essentially merely a way to improve

109



—————————————————————————— N e e e e -

14 I
1 - - I - " -
1 | Original Inputs‘ ‘ Model Inputs ‘ ‘ Embeddmgsl n Monolingual Alignment [M] Cross-lingual Transfer

1 |

1

1

1

i I = The show ran for 2 years. _ 1

Extraordinar [9313] visual Where can we push ourselves a
e show ran for 2 yaers.
[=Xtraoudinanyy ! The sh for2 little bit further, to go beyond !
1 x encode I} what's rational and do what's right? _ 1
1 tokenize —_— I Anarchism is a political philosophy > !
1 7 I and movement that is skeptical of Kiedy mozna posunac sie o krok 1
| Extrizhordinary [4654,16344,4143, I all justifications for authority and dalej, aby robi¢ nie to, co 1
At 8551,3981,2854] | | | - seeks to abolish the ; ale to,co nalezy?
1 I | topical T [allgnment] 1
I I & q 5 1
A placement of the state with Iterative

| Extraordinary [Exfraprdinaty | [ ] 0 R SRESES o7 ) revisit I
1 v I free associations.... 1
1 _render _encode | I A dog catches a disk in the air. 1
1

1

1

lisk i ir. lignment
1 ,r ] reasoning A dog catches a disk in the air > An animal is jumping. >
| Extrizhordinary I An animalis jumping.
! Bfdeiy  mml

Figure 7.1: Left: Perceptual difference between tokenization-based language models
and vision models, with the example of the word “extraordinar” with one single typo
injected. Right: Our progressive pixel sentence representation learning framework.

uniformity (60)) by distancing negative examples that are not identical to an instance
itself, lacking the capability to provide signals towards non-verbatim examples, which
are crucial for capturing semantically similar sentences.

Figure[7.T encapsulates the difference between tokenization-based language models
and vision models, on the perception of text. Using bert-base-uncased tokenizer
(16), the word extraordinary is a standalone token [9313], while with one single
typo z injected, extrzaordinary is tokenized into [4654, 16344, 4143, 8551, 3981,
2854, causing a large perceptual shift for the model. This mechanism has hindered
traditional language models in recognizing that these minor textual perturbations do
not fundamentally alter the underlying semantics. By contrast, the inherent continuity
in visual models grants them less perceptual variance for textual perturbations. In
parallel, we recognize that human understanding of text is not only visually grounded,
but also tolerant of irregularities such as typos, varied word orders, and distorted
text presentations (131} [132; 133} 134]). Addressing these disadvantages, recent work
proposed to model texts in the vision space, leading to work like PIXEL (38)), which
trained a foundation vision model to encode texts with reconstruction objectives to
reconstruct masked rendered texts; and more recently, PIXAR and PTP (40; 41)) with
autoregressive losses. However, no works have studied using vision models to attain
strong sentence and document-level textual semantics such that they can perform on-
par with text models under STS, information retrieval (IR) or reasoning-as-retrieval
(RAR)-style evaluation protocols used by text models.

Motivated by these observations, we propose a novel pizel sentence representation
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learning framework that redefines the learning of sentence and document-level
textual semantics as a visual representation learning process, taking the
perceptually continuous advantages of vision models and closely mirroring the human
cognitive processes. The approach diverges from traditional tokenization-based
language models, allowing the models to effectively leverage the rich multi-modal
semantic signals inherent in text, providing an alternative avenue for achieving a
more natural understanding of textual semantics. Importantly, we also introduce
the superiority of modeling sentence semantics in the pixel space to extrapolate and
generalize to semantics of un-trained languages. The main contributions of this work

are:

e We present and validate the potential of learning sentence and document-level
semantics as a visual representation learning process, and design a progressive
alignment scheme to facilitate the framework, providing ~56 points sentence

semantics gain over PIXEL base.

e Inspired by cognitive and linguistic sciences, we utilize typos and word-order
shuffling as visually-grounded unsupervised augmentation methods, overcoming
the challenges of applying perturbation augmentation methods in NLP due to

discrete tokenization.

e We uncover a surprising leapfrogging pattern in pixel-based language models
through iteratively training on OOD cross-lingual pairs and revisiting English
NLI, showcasing an epiphany-like advancement in semantic understanding by

“taking hints” across languages.

e We train and open-source Pixel Linguist, the first pixel model family that
achieves on-par performance to conventional LMs in sentence-level semantics,
providing the research community with an alternative avenue for achieving a

more natural and intuitive understanding of textual semantics.

111



7.2 On the Behavioral Gap between Language Mod-
els and Pixel Models

As we leverage pure vision models to learn sentence and document-level text rep-
resentation, it is essential to examine 1) the motivation behind this approach, and
2) the status quo of available techniques to facilitate the idea. In this section, we
achieve this by conducting three experiments to study the behavioral differences

between vanilla tokenization-based LMs and their pixel counterparts.

7.2.1 Preliminary

Pixel Sentence and Document-level Representation Learning We define
pixel sentence and document-level representation learning as the process of under-
standing sentence and document-level text using vision models. The representations
of sentences or documents can be used to reflect relative semantic relationships with
one another, ideally with simple similarity matching without further projection, which
approximates relative semantics drawn from the real-world distribution. Formally,
given real-world pairwise data 2, 7 sampled from pqai., we aim to minimize between

the model’s similarity perception of 2, 7, and their ground-truth relative semantics

Sij-

FEF  iia
(Z,J)diata

N
min  E - [(F@) f@) = s)* ] + AN @B, ()
i=1
where x; is a text, f € F is a vision model, making f(x;) a visual representation
of text.

This distinguishes our work from other lines of work, including Image Repre-
sentation Learning with vision encoders (e.g., MOCO, SimCLR (21}, 22])), Sentence
Representation Learning with text encoders (e.g., SBERT, SimCSE (3; [18))), Image-
Text Representation Learning with multi-modal encoders (e.g., CLIP (23)), and
Image-Text Representation Learning with only vision encoders (e.g., CLIPPO (39)).
The only work that fully aligns with our scope (text understanding with vision
encoders, without non-text image signals) is PIXEL (38)), and more recently PIXAR
and PTP (40} 41)). However, models like PIXEL are general-purpose vanilla models
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Table 7.1: Representation Distance Shift, and Sentence-level Semantics Shift charac-
terized by STS-b test performance.

Model — BERT PIXEL

Perturbation | Rep. Shift Semantics Rep. Shift Semantics

Charcter-level

Insertion 0.049 -10.8) 0.049 2.61

Deletion 0.040 - 7.8 0.048 -0.44

Substitution 0.049 -10.34 0.038 0.0
Neighbor Swap 0.047 - 11.64 0.014 0.371

Word-level

Random Shuffle 0.115 -19.14 0.087 4.61

Condition Shuffle 0.079 - 17.64 0.048 2.11

like BERT (16)), requiring fine-tuning to adapt to further downstream tasks. As
we will show, the vanilla sentence and document-level representation provided by
this backbone largely falls behind its NLP vanilla counterparts. In the following
subsections, we present three key observations from our evaluations to highlight the
behavioral differences between pixel models and their language model counterparts,

providing insights that motivate our approach.

7.2.2 Observation 1: Robustness to Text Perturbations

We measure the behaviors of vanilla tokenization-based language models (16) and a
pixel-based model (38)) under text perturbations, drawing inspiration from human
cognitive patterns.

We perform each perturbation outlined in Table on all sentence 1 in STS-
b (13), and measure the embeddings’ cosine distance shifted from the original
emebeddings (Rep. Shift), and the degradation of relative semantics performance
when evaluating the attacked sentences 1 with original sentences 2 (Semantics) on
STS-b. Detailed descriptions of these perturbations are given in Section [7.3.1]

Not surprisingly, due to its tokenization dependency, BERT degrades under
character-level attacks. However, the greatest degradation occurs when word order
is shuffled randomly, showing the non-trivial contribution of positional embeddings
in BERT. Conversely, PIXEL shows less semantic sensitivity, and even surprisingly
attains semantics gain on STS-b in 5 out of 6 perturbed methods evaluated.

In conclusion, pixel-based language models exhibit significantly less sensitivity to
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Table 7.2: Anisotropy Estimates ({; the lower the better) of 10 languages.

en de nl es fr

BERT 0.763 0.895 0.895 0.901 0.893
PIXEL 0.833 0.877 0.867 0.894 0.879

it pt pl ru zh

BERT 0900 0.891 0.914 0.942 0.909
PIXEL 0.884 0.874 0.866 0.917 0.880

visually-grounded textual perturbations (shown by character-level semantic shifts)
than tokenization-based language models. They are also less sensitive to positions
of words (word-level semantic shifts). This behavior of pixel models has granted us
the natural convenience of using perturbed examples in constructing unsupervised
contrastive learning pairs - as they are already perceived similar before training, and

thus not detrimental to the models as positive pairs.

7.2.3 Observation 2: Potential for Zero-shot Cross-lingual

Transferability

Pixel-based language models are tokenization-free and are intuitively ideal for cross-
lingual transfer learning. We adopt a representation degeneration perspective (49; 50)
to understand the zero-shot superiority of pixel language models in out-of-distribution
(OOD) generalization. We measure the representation distribution of each language of
the vanilla models using the multilingual STS-b (I3} [135), which spans 10 languages
from 4 language families.

The results in Table reveal key insights. We encode sentence-level embeddings
from the test set of each language with mean-pooling, and estimate the anisotropy by
calculating the empirical mean of pairwise cosine similarity among these embeddings
(49).

While BERT presents a slightly more isotropic pattern in its in-distribution
language (en), all OOD languages (i.e., not seen during pre-training) suffer from severe
representation degeneration. The advantage of PIXEL is immediately pronounced in
OOD languages, with isotropy levels surpassing BERT. The robustness of PIXEL in

maintaining consistent representation distribution across diverse languages, suggests
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Table 7.3: Sentence semantics (1; higher the better) of static word embeddings,
BERT and its pixel-based counterpart.

Model GloVe BERT PIXEL

cls - 26.40 21.20
mean 58.02 52.59 16.28

that its semantic understanding at the sentence level is not solely reliant on language-
specific features. Instead, PIXEL appears to leverage a more universal, shape-based
approach to semantic cognition, suggesting a natural cognitive alignment with
humans.

As we further explore (Section [7.5.2)), when facilitated by contrastive learning,
this alignment promises an amazingly strong bonding effect across languages, and
provides a synergistic enhancement on unseen languages, evident in the model’s

zero-shot semantics understanding abilities.

7.2.4 Dilemma: Unsatisfactory Semantics (yet)

It has long been recognized that vanilla LMs are worse at capturing sentence-level
semantics than simply averaging static word embeddings (I8}, [19), with a plethora of
research dedicated to overcoming this (3} [35]).

By measuring STS-b (I3)) performance, we show that, when pretrained on the
same corpus with similar model architectures, the vanilla pixel counterpart (38) of
BERT presents a sentence-level semantics even significantly inferior to the already
subpar performance of BERT (16} 18]).

Despite their robustness to text perturbations and potential in zero-shot cross-
lingual transferability, which we have shown previously, we reveal the dilemma that
vanilla pixel models lag behind their LM counterparts in capturing sentence-level
semantics. Therefore, our main contribution is to fill this gap and get the best of

both worlds.
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7.2.5 Summary

Through the above three proof-of-concept experiments, we show that PIXEL has good
robustness to perturbations and OOD-language isotropy compared to its tokenization
counterpart BERT. However, the sentence-level semantics is much worse than BERT.
The advantages and the dilemma motivate our progressive visual-topical-reasoning
alignment framework introduced in this chapter, which aims to leverage visual text
models’ inherent advantages and enhance their sentence-level semantics, taking the

best of both worlds.

7.3 Methods

As demonstrated in Section [7.2] pixel-based language models are less sensitive to
perturbations and present a less severe representation degeneration in OOD languages.
In this section, we present a novel pixel sentence representation learning framework
designed upon these insights (Fig , right).

In the framework, a text t is rendered as an image using a rendering operator
R(t), which is then encoded by a vision model f(z), i.e., f(R(t)). Finally, we
attain the a pooled embedding representing the input text using a pooling operator
(e.g., mean pooling), P(e). The full encoding pipeline is denoted as P(f(R(t))).
The parameters of the vision model f(%) is trained using its output embeddings as
inputs to InfoNCE loss.

We propose 1) a progressive visual alignment (unsup.) - topical alignment (unsup.)
- reasoning alignment (sup.) scheme for monolingual learning, and 2) an iterative
cycle training scheme of revisiting OOD language pairs and English natural language

inference pairs, for cross-lingual transfer.

7.3.1 Unsupervised Visual & Topical Alignment

Our unsupervised methods consist of a bag of visually-grounded language augmen-
tation techniques for visual alignment, and a random-span sampling method for
topical alignment. In the analysis section [7.6.2] we also show that traditional visual

augmentation methods do not work for the task.
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Visually-grounded Language Augmentation Our visually-grounded textual
augmentation methods comprise of two classes, operating on word orders and ty-
pos, heavily inspired by linguistic cognitive studies (131} 132 133} 134). The two
methodologies and their intuitions are as follows.

1) Word order shuffling is an augmentation method inspired by the phenomenon
that shuffled word orders do not affect making sense of the semantics much (131)). For
instance, in the sentence “This a is computer vision research paper", we as humans
are able to make sense of the semantics, acting just as a bag-of-word model (65)).

Here, we design two operations, random shuffling, and conditional shuffling. a)
For random shuffling, we shuffle all the words in the same document, allowing words
to go across different sub-sentences. b) For conditional shuffling, we impose that the
first and the last word of a sub-sentence must stay in the original position, while
allowing the rest of the words to shuffle within the sub-sentence.

2) Typos serve as another source of augmentation which humans have tolerance
towards. Leveraging resources from taxonomy of adversarial text attack in NLP
(136} [137)), we incorporate 4 shape-based character-level typo attacks—Character
Insertion, Character Deletion, Character Substitution, and Character Neighbor Swap—
as augmentation methods. Character Deletion randomly deletes a character in a
sample (e.g., sentence — setence). Character Substitution randomly replaces a
character by either a character with a similar visual appearance (e.g, a and e), or
a character that is next to the original character on the keyboard (e.g, a and s).
Character Neighbor Swap randomly swaps the order of two adjacent characters (e.g.,
random — radnom).

The superiority of word and character-level perturbation, when combined with
vision encoders, compared to combining with text encoders, is the continuity. Were
to process the perturbed texts with language models, a small perturbation would
even lead to being tokenized into extremely different sub-words, depriving the useful
signals provided to the language models (Recalling Figure left). We discuss other
augmentation methods in Section [7.10]

Note that we posit such perturbation augmentations as semantics-preserving

operations. We acknowledge they may still occasionally break semantics, but we
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consider them acceptable compared to word-level augmentations used in previous
tokenization-based unsupervised methods, such as random word deletion which is

very likely to break semantics.

Topical Alignment Following Visual Alignment, we facilitate Topical alignment
with random span sampling. We sample spans from the same document to form
different views of the document. This method is inspired by unsupervised information
retrieval learning (29; 138). In this work, we conduct two independent span sampling
to a document, allowing overlapping spans from the same document. Intuitively, the
overlapping part encourages model’s perception about lexical matching, providing
with vision models a bridge to pick up the part from the two sequences that have the

same shape, as an anchor point to extrapolate the semantics of the remaining parts.

7.3.2 Supervised Reasoning Alignment

For supervised learning, we leverage paired language data. We use Natural Language
Inference (NLI) datasets in the main experiments, including SNLI (24) and MNLI
(25).

We then heavily explore cross-lingual zero-shot transfer, by collecting high-
quality sentence pairs from parallel datasets, including Global Voice, MUSE, News
Commentary, Tatoeba, Talks, WikiMatrix (139; 140} 141} 142} [143)). We use English
as an anchor and transfer NLI abilities to other languages using these paired language

data as a bridge. We conduct iterative transfer detailed in the following section.

7.3.3 Learning Process

We use the standard InfoNCE loss (20) and make it symmetric as shown in Eq. [7.2]
in line with CLIP (23)). We find that a symmetric loss provides extra signals to the

learning, resulting in faster and stabler convergence. The loss of a batch £ is defined

as.
+ +
B VRT3 Voo MR -t V2o N
%:( gz;'v:oeXP(Si'Sj)/T) Zf:oexp(SZr-Sj)/T)) 2

with a batch of N sentences, each s; normalized. Taking typo-perturbed texts as

examples, the model is essentially trained to find, out of all the perturbed examples
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in the batch, the one corresponding to the original text; and in original examples,

the one corresponding to a perturbed text.

Monolingual Progressive Learning We first investigate monolingual learning in
English. Motivated by our anisotropy estimates in Section [7.2.3] and the established
understanding of the uniformity promise of contrastive learning (60), we employ a
curriculum progressive scheme in displaying the training sets to the model. We start
by presenting the easiest examples to the model, facilitating the learning of 1) an
isotropic representation space; 2) robustness towards shape-based perburbations.
The intuition here is that if we directly present the supervised training sets to the
pretrained model, it has to learn isotropy, shape perception, and reasoning abilities
simultaneously with a short training, hindering exploitation of the supervision signals.
Therefore, our training follows a Visual Alignment - Topical Alignment - Reasoning

Alignment progression.

Cross-lingual Iterative Transfer For Cross-lingual Transfer, we first conduct a
small-scale experiment to understand the mutual transferability across the languages,
by constructing and training on each bilingual pairs from multilingual STS-b, and
evaluate on the rest (see Section for details).

With these insights, we conduct 3 larger-scale transfers, by constructing parallel
datasets of 10, 18, and 59 languages. We construct a mixed corpus M by con-
catenating English NLI corpus A and parallel language corpus P. Notably, each
language is paired with English in P, because transferring English NLI ability to
other languages intuitively requires using English as the anchor. Empirically, we
find it surprisingly useful to iteratively go back-and-forth between P and A. And
after each round that the model is trained on P, it learns better on .4, shown by a
general STS-b improvement on all languages, until convergence (Section .

We discuss the advantages of pixel-based methods for cross-lingual transferabilty
as follows: 1) As pixel models do not involve tokenization, words from different
languages are not tokenized into distinct tokens, but the visual shape similarity of
their characters/subwords can be used to infer semantics. 2. In our experiments,

we find a “cross-lingual leapfrogging” pattern unique to pixel models, where going
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between English and other languages iteratively gradually enhances both at each
iteration, showing that transferable visual hints across languages are leveraged to

infer previously unknown words.

7.4 Experimental Settings

Datasets For Visual Alignment, we use the Wikipedia 1M dataset (3)). We use the
TextAttack framework (137) to construct character-level text-perturbed positive pairs
and our own implementation for word-level perturbations. For Topical Alignment,
we use a larger Wikipedia dump, in line with (29)), as we speculate topical alignment
to be more difficult, with a larger ratio of lexical mismatch between positive pairs
(we construct ~6.5M pairs leveraging the English Wikipedia dump from March
2022). For Reasoning Alignment, we use the concatenation of SNLI (24) and MNLI
(25). This concatenated NLI collection is commonly referred to as all-NLI (~314k
entailment pairs). We only use entailment pairs as positive pairs, without leveraging
contradiction as hard negative signals.

For cross-lingual main experiments, we first use the Ted parallel datasets intro-
duced in (142)) to construct Py and P1g, with ~30-40k pairs per language. With
the insights, we provide a XL-scale training with the collection of Global Voice,
MUSE, News Commentary, Tatoeba, Talks, WikiMatrix (139; 140}, 141} 142} 143),

resulting in 59 languages, pushing the limit of cross-lingual performance.

Evaluation Our extensive evaluation spans across 7 semantic textual similarity
(STS) tasks, 5 information retrieval (IR) tasks, and 6 reasoning tasks. For STS tasks,
we include STS 2012 - STS 2016, STS-b and SICK-R (&; [10; 11} 12 13} (72} 144). For
IR tasks, we include Natural Questions, HotpotQA, Scidocs, Scifact, and NFcorpus
(145} [146) 147 148; 149) from BEIR (14). For reasoning tasks, we include PIQA,
SIQA, Winogrande, AlphaNLI, Hellaswag, and TempReason-L1 (90; 02; 93} 94}, 05
96) from RAR-b (37), a novel benchmark that evaluates reasoning-level language

understanding abilities of embedding models through re-framing reasoning as retrieval.
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Implementation Details We initialize our models with PIXEL (38]), which uses
a ViT-MAE (I50) backbone and objective, and is pre-trained on the same corpus as
BERT ([16)), with the training set rendered into images. We use PangoCairo (I51) to
render texts into images on-the-fly. In most experiments, we train the models for 1
epoch, with a learning rate of 3e-6 in visual alignment step and 3e-5 otherwise, a
temperature 7 of 0.05, and a max sequence (patch) length of 64. We use a batch
size of 768 for visual and topical alignment step, and 128 for reasoning alignment.
Mean-pooling is used in all experiments as [cls| token of the base model is under-
trained (Section . We normalize the final embeddings before loss computation
and in inference time, and find it highly beneficial to model convergence, which is
consistent with prior work (22 [60; 152]). We let the model go through all training
data in early stages (visual and topical alignment), and take the best checkpoint on
STS-b when finally optimizing it on the reasoning alignment step (see Section m

for empirical evidence).

7.5 Results

In this section, we first present the results of monolingual learning facilitated by our
visual-topical-reasoning alignment progression, where we characterize the importance
of shape-based perturbation pretraining. We then present results of cross-lingual
learning further facilitated by an iterative transfer from English to other languages,

where a surprising “linguistic leapfrogging” pattern is revealed.

Main Empirical Results Table shows that Pixel Linguist brings huge perfor-
mance gain to the original PIXEL models on STS tasks, achieving state-of-the-art
performance compared to methods training PIXEL’s language model counterpart
BERT, including BERT-flow (6), BERT-whitening (5)), and Sentence BERT (18).
Table [7.5| presents Pixel Linguist’s performance on information retrieval tasks using
the BEIR benchmark. We ablate the contribution brought by each of our progressive
training step, collectively outperforming SimCSE (3)). Lastly, Table [7.6] shows that
with proper fine-tuning on a small reasoning training set, Pixel Linguist is able to

achieve SOTA performance on RAR-b, outperforming state-of-the-art LM-based
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Table 7.4: Performance on STS tasks (Spearman’s correlation). #: Our recipes.

STS average Gain over vanilla SICK-R STS12 STS13 STS14 STS15 STS16 STS-B
PIXEL-basemcan-pooled 19.97 - 25.28 31.73 19.81 15.30 13.57 17.80 16.28
+ alINLI (#v) 74.28 54.31 70.94 71.23 74.25 70.75 80.45 74.82 77.50
+ SimCSE unsup (3) + allNLI 73.57) 52.99] 70.52) 7117} 73.694 70.65) 80.34)  75.05) T77.17]
+ character typo + alINLI (év) 74.64 54.67 70.71 71.71 75.29 71.55 80.46  75.05 7771
+ word con. shuffle + allNLI (&) T4.77 54.80 70.67 71.76 75.73 71.43 80.72 75.05 78.02
Pixel-Linguist-all () 75.62 55.65 72.00 75.81 76.06 71.65 81.21 74.12 78.49
BERT-base-cased mean-pooted (153) 56.59 - 60.06 38.49 62.74 53.30 64.56 64.43 52.58
BERT-base-uncasedmean-pootea (153) 52.64 - 58.65 30.87 59.90 47.73 60.29 63.73 47.29
 BERT-flow (6) 66.55 13.92 64.47 58.4 67.1 60.85 75.16 71.22 68.66
+ BERT-whitening (5) 66.28 13.65 63.73 57.83 66.9 60.9 75.08 71.31 68.24
+ Sentence BERT ({I8) 74.88 22.24 73.06 70.97 76.53 73.20 79.09 74.30 76.98

embedding models that are trained on massive paired datasets, even outperforming

or matching OpenAl-Embedding-3. Lastly, Pixel Linguist shows great cross-lingual

transferability, bringing enhanced performance at every iterative step in our designed

iterative cross-lingual training framework.

Table 7.5: Information Retrieval Results (nDCG@10) on BEIR

Nfcorpus Scidocs Scifact NQ  HotpotQA ‘ Geomean Average
ours
+ alINLI 0.133 0.063  0.231 0.143 0.212 0.156 0.142
-+ visual + alINLI 0.148 0.069 0.237 0.148 0.243 0.169 0.154
+ visual + topical + allNLI 0.154 0.071 0.265 0.175 0.257 0.184 0.167
+ visual + topical + MSMARCO 0.219 0.104 0.373  0.236 0.375 0.261 0.237
+ visual + topical + (MSMARCO + alINLI) 0.214 0.099 0.384 0.256 0.353 0.261 0.236
SimCSE-BERT-supervised (3) 0.124 0.075  0.296  0.161 0.229 ‘ 0.177 0.159

Table 7.6: Reasoning results (nDCG@10) on

RAR-b benchmark

alphanli hellaswag siqa  piqa winogrande TRI1 ‘ Geomean Average
Pixel-linguist-rar (ours) 0.230 0.158  0.051 0.159 0.690 0.021 | 0.128 0.218
Contriever (154) 0.318 0.144 0.013  0.246 0.471 0.019 0.105 0.202
all-mpnet-base-v2 (I8) 0.224 0.263 0.024 0.290 0.207 0.018 0.107 0.171
BGE-base (I13) 0.110 0.266 0.009 0.257 0.138 0.015 0.072 0.133
OpenAl-embedding-3-large  0.373 0.341 0.034  0.420 0.291 0.021 0.149 0.247

7.5.1 English-only Evaluation Results

Semantic Textual Similarity Table[7.4] presents the results of 7 STS tasks. We find

a consistent gain by first pre-training on our text perturbation augmentations outlined

in our Visual Alignment step, before optimizing on NLI datasets (the character typo

& word con. shuffle settings in Table . The advantage is more pronounced by

comparing to training the same base model with unsupervised-SimCSE (3) before
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alINLI, which degrades model’s performance in our case. While the unsupervised
SimCSE primarily enforces a uniform representation distribution by pushing away
negative pairs, chiming in with the unifomrity promise of contrastive loss (60), our
perturbation methods provide additional shape-based signals to visually facilitate the
alignment promise. We also present several most-recognized NLP baselines initialized
with BERT, including SBERT (I8), BERT-whitening (5)), and BERT-Flow (6). We
highlight that we achieve this performance with a vanilla checkpoint with subpar
semantic capabilities, as the vanilla PIXEL is 36 absolute points behind vanilla BERT
in sentence-level semantics (Section [7.2.4). We also evaluate our Pixel-Linguist-all
model, which has undergone the full progressive recipe and cross-lingual transfer
(Section further reveals the linguistic leapfrogging pattern brought by cross-
lingual training). Results on IR in the following paragraph and Section ablate
the benefits contributed by each step.

Information Retrieval Table [7.3] outlines results on 5 information retrieval tasks.
The upper part of the table characterizes the importance of each step in our main
recipes in contributing to a higher retrieval performance. With a much under-
trained base model, we outperform supervised SImCSE (3) with BERT with the
same allNLI supervision. In the middle part, we additionally show that, by adding
the commonly-adopted MSMARCO training (67)), the retrieval results are largely
enhanced.

Reasoning We move beyond the established evaluation on STS and IR tasks, and
understand the potential to achieve reasoning-level language encoding abilities with
Pixel Linguist. We adopt the recent RAR-b framework (37)) of re-framing reasoning
tasks as retrieval tasks, i.e., whether embedding models can search the correct answer
out of a corpus that is intentionally made large.

By sampling only around 166k data from training sets of the tasks and concate-
nating with allNLI (314k+166k=480k), we manage to achieve better performance
compared to state-of-the-art LM-based embedding models of our size, which are
trained on massive paired datasets, which are orders of magnitudes larger than ours

(For example, all-mpnet-base-v2 is trained on 1B pairs).
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Table 7.7: Cross-lingual Results across iterative training. Pig, P1s and Pxg, have
10, 18, and 59 languages including English, respectively. Numberdenotes best across
all settingsmumberdenotes second best. Bold denotes the best in its own setting.

Eval (—) en de l s fr it " 1 u 7h Germanic Romance Slavic Sinitic a
Train ({) p p (en, de, nl) (es, fr, it, pt) (pl, ru)  (zh) &
Py | Iter.1 | 79.46 62.69 64.89 67.47 68.02 67.48 65.97 64.81 60.42 42.17 69.01 67.24 62.61 4217 64.34
+ | Iter.2 | 79.85 64.61 66.09 68.48 69.48 68.97 67.02 65.97 62.04 47.32 70.19 68.49 64.00 47.32 65.98
Iter.3 | 79.53 66.12 66.50 69.25 69.72 68.90 67.51 65.87 61.74 50.11 70.72 68.85 63.80 50.11 66.53
Pis | Iterl | 80.04 61.92 65.83 66.64 68.07 65.75 65.01 62.94 59.58 46.58 69.26 66.37 61.26  46.58  64.24
+ | Tter2 | 80.09 63.49 66.28 66.87 68.84 65.93 65.52 65.05 62.24 49.10 69.95 66.79 63.65  49.10  65.34
Iter3 | 79.96 64.59 66.30 67.46 69.39 65.68 65.84 65.56 62.00 50.57 70.28 67.09 63.78 50.57 65.74
Pxu, ‘ Iter3 ‘ 78.79 68.15 67.60 70.31 70.84 6892 69.72 66.39 66.76 52.92 71.51 69.95 66.57 52.92  68.04

7.5.2 Cross-lingual Transfer Results

Table [7.7] presents our findings on Cross-lingual Transfer, measured through perfor-
mance on Multilingual STS-b. We conduct iterative training going back and forth
parallel datasets and English NLI. The number reported for each iteration is after
re-optimization on NLI again after “cross-lingual exploratio”. We have three settings,
P10, P1s and Pxy,, with 10, 18 and 59 languages respectively.

Linguistic Leapfrogging We observe a “leapfrogging” pattern in our cross-lingual
learning process. In our monolingual training, the model’s English STS-b performance
is capped at around 78 regardless how much extra pre-training we do before fine-
tuning it on English all-NLI, which we attributed largely to the limitations of the
pretrained checkpoint as discussed earlier. However, after further training on English-
other language pairs and revisiting all-NLI, the model’s English STS-b performance
surprisingly exceeds this plateau, achieving a performance surpassing 80. This
clearly reveals that models have learned to infer on the semantics of English through
finding helpful “visual hints” during training on other languages. We envision that
the discovered leapfrogging pattern suggests that pixel-based language models may
require less multilingual pretraining to achieve state-of-the-art performance previously
attained by existing conventional LMs.

Visualizing Language Alignment In Figure [7.2] we visualize language alignment
at the end of our iterative training. Initially, languages occupy distinctive subspaces
in the vanilla model (Fig left 1). After contrastive alignment training, all
languages overlap in a larger shared space (Fig , left 2). This alignment facilitates

“bonding” across languages: as shown in Fig[7.2] left 3, we visualize the mutual growth
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Figure 7.2: Left 1-2: Embedding Distribution of the vanilla model and model
after three rounds of iterative alignment. Left 3: English and out-of-distribution
(OOD) language performance during the final optimization of alINLI. After alignment,
English and other languages exhibit a bonding effect.

of all language semantics in the final optimization round on English all-NLI. The
well-aligned subspaces in parallel training ensure that when optimizing on English,
all languages benefit and optimize together without direct optimization. Note that
UMAP learns to preserve relative distance from the high-dimensional space in the
low-dimensional space, and thus provides reliable results for us to interpret geometric
relationship across language embeddings. We use 1000 examples per language to
train this UMAP projector such that it is more robust, and transform and visualize
only a subset here for better visibility.

The leapfrogging performance found in Table and the overlapped cross-lingual
embedding space shown in Figure [7.2] collectively suggest that the cross-lingual
embedding space is bonded visually, providing strong transferability across languages
by leveraging visual hints to infer semantics of previous unknown words by using

learned semantics from other languages.

7.6 Analysis

In this analysis section, we first present an ablation of the benefits brought by each
of our progressive training step; we then show that, traditional visual augmentation
methods could not replace our visually-grounded textual augmentation for learning
sentence representation. Lastly, we experiment with subword, character-level, byte-

level language models, showing the versatility of our methods.
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7.6.1 Ablation on Progressive Learning

Table 7.8: Monolingual Training Ablation

Metrics— English OOD Languages (9)
Model STS-b (1) Ani. () STS-b (1) Ani. ({)
PIXEL auilla 16.28 0.833 22.50 0.882
+ alINLI 77.50 0.023 48.87 0.529
+ Character-level Typos 52.14 0.190 47.33 0.444
+ allNLI 77.71 0.021 49.20 0.508
 Word Cond. Shuffling 56.78 0.116 43.88 0.410
+ allNLI 78.02 0.022 48.73 0.535
+ Word Rand. Shuffling 60.61 0.169 49.69 0.450
+ allNLI 77.40 0.022 48.55 0.508
+ Ensemble 59.39 0.145 51.34 0.441
+ Ensemble + WikiSpan 52.74 0.320 40.01 0.552
-+ allNLI 77.78 0.026 51.99 0.525
BERT yanina 52.59 0.763 43.11 0.904
+ SBERT (18) 76.98 0.174 44.69 0.712

Table [7.8| ablates each step in the progressive learning on STS-b. We find a
consistent gain by first pre-training on our text perturbation augmentations in Visual
Alignment step before optimizing on NLI.

We find that taking an ensemble of all unsupervised checkpoints improves OOD
generalization, and is further enhanced by topical alignment (denoted WikiSpan). We
find pretraining on WikiSpan essential to trigger exceptional OOD generalization after
fine-tuning on allNLI, providing a good initialization for downstream cross-lingual

transfer.

7.6.2 Do Standard Visual Augmentations Work?

With the performance gain of our visually-grounded text-based augmentation, it is
a natural question whether standard visual augmentation methods could replace
our methods. We experiment with four visual augmentation methods, cropping,
horizontal flip, vertical flip, and Gaussian blurring (22)) (Table [7.9)) , and show that
traditional methods lead to a severe semantic collapse, and it is not recoverable with

NLI, largely falling behind our textual perturbations.
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Table 7.9: Traditional Visual augmentation.

Model STS-b (1) Anisotropy ({)
PIXELauila 16.28 0.833
t Cropping 4.07 0.187
+ alINLI 77.11 0.216
+ Horizontal Flip 5.97 0.218
+ allNLI 77.19 0.211
+ Vertical Flip 24.75 0.650
+ allNLI 76.99 0.213
+ Gaussian Blurring 23.59 0.560
f allNLI 76.98 0.220

Pixel-Linguistes-best  16.28 (vanilla) — 78.02 (ours)
Pixel-Linguistay;-best  16.28 (vanilla) — 80.09 (ours)

Table 7.10: LMs with our methods.

Model BERT mBERT CANINE ByT5
Vanilla 52.59 50.98 48.36 22.12
+ allNLI 80.59 78.01 68.29 67.43
+ Character-level Typos 62.16 61.88 50.71 47.01
+ allNLI 80.93 78.14 67.84 67.43
+ Word Con. Shuffling 71.99 68.61 36.91 39.65
+ allNLI 81.24 78.72 68.25 68.63
-+ Word Rand. Shuffling 73.81 66.54 43.33 34.63
+ allNLI 81.50 78.34 69.25 70.05
+ Text Pert. Mixture 46.78 46.58 47.46 46.08
+ allNLI 81.12 78.21 69.26 69.64
Pixel-Linguisten-best 16.28 (vanilla) — 78.02 (ours)
Pixel-Linguistaii-best 16.28 (vanilla) — 80.09 (ours)

7.6.3 Do tokenization-based models work?

We experiment with whether our perturbation-based methods apply to language
models using tokenization. We consider subword, character, and byte language
models, including BERT (16), mBERT (16), Canine (I55)), and ByT5 (156).

As shown in Table [7.10] (see Section for technical details), our unsupervised
methods unexpectedly do work for conventional LMs, showing the versatility of our

method. While we believe in pixel models, we encourage future work to understand

this pattern.

7.7 Limitations

As discussed throughout the paper, the base model we leverage largely falls behind
conventional LMs in sentence-level semantics. We see our visual and topical alignment

steps as a continual pretraining process to make up the subpar performance of the
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base model, which introduces certain computational overheads. Additionally, having
revealed the cross-lingual leapfrogging phenomenon, it is intuitive that a cross-lingual
pretrained checkpoint will further enhance the performance. However, we are not able
to pretrain from scratch due to resource constraints. We envision the advancement of
this research line pioneered by our method will greatly benefit from better-pretrained
checkpoints.

Further, there is a computational overhead for rendering texts into images.
Depending on the CPU used and batch size of encoding, we observe a 10%-12%
computational overhead for the basic sequential rendering-encoding setting. However,
we find that by rendering the next batch when encoding the current batch, we are
able to drop the overhead to ~0% (the only bottleneck now is rendering for the first
batch). Moreover, we are not yet able to evaluate on very long documents due to the
limited context size of an image (the number of words that are able to fit in an image),
although we indeed evaluated on document-level texts through BEIR evaluation.
Last, the augmentations are restricted to visually-grounded textual augmentations
and do not explore other NLP-style augmentations such as synonym replacement

ete.

7.8 Conclusion

We proposed a novel pixel sentence representation learning framework, facilitated
by the visual-topical-reasoning alignment scheme. We demonstrated model’s shape
perception injected by our visually grounded textual perturbations. We uncovered
a “leapfrogging” pattern, where learning across languages enhances the model’s
understanding on each language individually. These patterns validate that modeling
textual semantics in the pixel space, utilizing shape-based information inherent
in text, is a promising path for learning stronger and more human-like sentence
encoders.

We also see how findings and knowledge we attained in earlier chapters contribute
to the understanding of this chapter. For instance, how the measurement of isotropy

we introduced in Chapter 4 provides an important lens to understand the perceptual
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robustness and cross-lingual transferability potential, for visual text models. This
chapter also partly answers the question in posed in Chapter 6 - whether grounding
in more modalities can potentially improve representations. Findings in this chapter
provide motivations for the following section, where we provide a more holistic

evaluation of multimodal representations beyond just visual texts.

7.9 Computational Cost

We use A100 and 3090 GPUs for all experiments. The visual and topical alignment
step experiments are all run on A100 because of the need for a large batch size
for these two steps. All other experiments are run either on A100 or 3090 GPUs.
The visual alignment step takes around 1.5 hours; the topical alignment step takes
around 6 hours; and one reasoning alignment step in the main experiments takes
around 0.5 hours. One round of largest cross-lingual transfer takes around 24 hours
on 1 A100, and our main cross-lingual checkpoint iteratively goes back and forth
cross-lingual transfer and English reasoning revisiting for 3 times, which takes ~3.5

days including its English training.

7.10 Other augmentation techniques

Notably, to explore the limit of unsupervised language semantics acquisition solely
dependent on visual learning, we only consider visually-grounded text perturba-
tion methods. Therefore, even though there are many text augmentation methods,
such as back translation (I57), and synonym replacement (I58)), we do not consider

them as “unsupervised vision methods”.

7.11 Checkpoint Selection

Empirically, we find that checkpoints that display good semantic performance in
earlier stages do not necessarily provide best potential in later supervised training,
exhibiting certain early-phase overfitting. The pattern might also be highly relevant

to the performance orthogonality between STS and retrieval tasks (315 [68} [74), with
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the latter can be highly optimized through our topical alignment step while the
former relies on the transferability provided by NLI data. Therefore, we let the
models go through all training data in early stages, but take the best checkpoint on
STS-b when finally optimizing it on all-NLI.

7.12 Cross-lingual Small-scale Experiments

Table 7.11: Bilingual small-scale transfer Results. It presents the zero-shot transfer-
ability by training small-scale on each bilingual pair ({en, 1 other language}).

Eval (—) . Germanic Romance Slavic Sinitic

Train () en de nl s fr it pt pl b 7h (en, de, nl)  (es, fr, it, pt) (pl, ru)  (zh) ave.
de | 7740 5845 5944 5853 60.23 5895 58.63 50.31 41.35 23.51 65.09 59.09 45.83 23.51 54.68
nl | 77.63 5745 59.65 5555 59.21 57.49 56.81 49.26 38.39 23.62 64.91 57.27 43.82 23.62  53.51
es 7748 5875 55.39 59.45 59.77 56.32 5822 4897 39.13 23.06 63.87 58.44 44.05 23.06  53.65

A fr 77.50 59.00 55.61 58.67 63.09 5888 57.83 4995 3846 24.73 64.04 59.62 44.21 24.73  54.37
it 77.61 5835 55.85 57.46 59.96 60.39 56.26 49.42 3834 22.85 63.93 58.52 43.88 2285  53.65

Sn pt | 7741 5885 5547 5826 59.13 58.07 61.03 48.72 36.02 23.70 63.91 59.12 42.37 23.70  53.67
pl 76.98 57.61 55.17 54.81 5840 5834 56.74 50.95 37.30 20.50 63.25 57.07 44.13 20.50  52.68
ru | 7587 5830 55.73 54.87 57.69 57.57 56.07 49.97 43.12 21.75 63.30 56.55 46.54 2175 53.10
zh | 7542 57.05 55.05 5549 57.29 57.10 55.02 51.50 43.24 19.42 62.50 56.23 47.37 19.42  52.66

Table [7.11] presents the zero-shot transferability by training small-scale on each
bilingual pair, by pairng only 5k {en, 1 other language} from multilingual STS-b.
This gives us a glimpse of the visually-grounded understanding that learning a certain
language will bring to other languages.

Specifically, the datasets are created by concatenating English NLI dataset A
with STS-b bilingual pair &,,, where n is each of the language from {en, de, nl, es,
fr, it, pt, pl, ru, zh}. The findings are summarized as follows: 1) In general, training
on 8,, provides zero-shot generalization on languages from the same language family.
For instance, training on Sgerman (de) provides good STS-b performance on Dutch.
And the same applies to languages among the Romance family.

2) The only outlier is Scpinese (zh), which surprisingly hurts its own semantic
performance, but provides good transfer for Russian and Portuguese, which we
hypothesize to be due to its shape’s being too out-of-distribution in pre-training,

and thus being extremely unstable when getting aligned using few paired examples.
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7.13 Information Retrieval Results Further Analysis

We implement our evaluation of information retrieval with the BEIR framework (14]).
We wrap the pixel encoders into the framework.

Here, we provide extra analysis of our intermediate checkpoints that have not
been optimized on allNLI on Natural Questions (145)), considering it is general-
domain task, it is large-scale, and commonly used to evaluate retriever models. The
performance is quantified by nDCG@n, and recall@n, which respectively concern
(nDCG@n:) how well the top m retrieved documents are ranked, and (recall@n:)

if the ground-truth documents are even successfully retrieved into top n.

Method nDCG@1 nDCGQ@I10 recall@l recall@10
+ visual 0.012 0.026 0.011 0.043
+ visual + wikispan 0.002 0.003 0.002 0.004
+ allNLI 0.076 0.143 0.068 0.224
+ visual + allNLI 0.082 0.148 0.075 0.231
+ visual + wikispan + allNLI 0.091 0.175 0.078 0.283

Table 7.12: Information Retrieval Results on Natural Question

The results are presented in Table The findings are interesting: 1) without
ending in allNLI, training wikispan after visual alignment actually degrades the
model’s performance. This is in contrast to findings of (29) in NLP, who find that
training with Wikipedia spans provides strong IR performance. 2) However, the
advantage of Wikispan is immediately pronounced when the model is further trained
with allNLI, outperforming other training orders. Therefore, it can be concluded that
training on Wikispan does enhance retrieval performance, but with pixel models,
Wikispan acts more like a pretraining task, and its advantages need to be triggered

with supervised data like alINLI, or supervised IR datasets.

7.14 Implementation of LM ablation

We use mean-pooling to attain sentence representation for all language model ablation
experiments, aligning with pixel experiments. For ByT5 (I56), we use the T5 encoder

only, aligning with previous works in sentence-level semantics.
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7.15 Pooling Mode

As mentioned in implementation details, we use mean-pooling (instead of [cls]
pooling). This is because we find that the [cls] token in PIXEL, though present, is
not leveraged in the model’s pretraining objectives, and thus present also perfect
anisotropy (Table , with two randomly-sampled sentences presenting a cosine
similarity of 0.999. By contrast, BERT’s NSP objective in pretraining more or less
pushes [cls] embeddings of different sentences apart. Based on these behaviors, we

choose to apply mean-pooling to PIXEL.

Pooling—  [CLS|-pooling Mean-pooling
Language] BERT PIXEL BERT PIXEL

en 0.926 0.999 0.763 0.833
de 0.971 0.999 0.895 0.877
nl 0.965 0.999 0.895 0.867
es 0.974 0.999 0.901 0.894
fr 0.970 0.999 0.893 0.879
it 0.970 0.999  0.900 0.884
pt 0.968 0999 0.891 0.874
pl 0.975 0.999 0914 0.866
ru 0.977 0999 0942 0.917
zh 0.963 0.999  0.909 0.880

Table 7.13: Anisotropy Estimates (] the better) with different pooling modes.
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CHAPTER 8

Towards Holistic Multimodal Representation Evaluation through

a Massive Benchmark

This chapter introduces MIEB (Massive Image Embedding Benchmark), a large-scale
benchmark for evaluating image and image-text embeddings. In previous chapters,
we have built a solid understanding of embeddings, and are also motivated to think
whether grounding in more modalities raises the upper bound of representation-
generation alignment. Building on these, this chapter aims to holistically evaluate
multimodal embedding models across tasks, beyond visual text evaluation in Chapter
7. Through this chapter, the core research questions we aim to answer: how to
holistically evaluate embedding models across tasks/languages and what trade-offs
different model families exhibit.

Image representations are often evaluated through disjointed, task-specific proto-
cols, leading to a fragmented understanding of model capabilities. For instance, it is
unclear whether an image embedding model adept at clustering images is equally
good at retrieving relevant images given a piece of text. We introduce the Massive
Image Embedding Benchmark (MIEB) to evaluate the performance of image and
image-text embedding models across the broadest spectrum to date. MIEB spans 38

languages across 130 individual tasks, which we group into 8 high-level categories.
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Figure 8.1: Overview of MIEB task categories with examples. See [Table 8.1

for details about capabilities measured and other information.

We benchmark 50 models across our benchmark, finding that no single method
dominates across all task categories. We reveal hidden capabilities in advanced
vision models such as their accurate visual representation of texts, and their yet
limited capabilities in interleaved encodings and matching images and texts in the
presence of confounders. We also show that the performance of vision encoders
on MIEB correlates highly with their performance when used in multimodal large
language models. Our code, dataset, and leaderboard are publicly available at

https://github.com/embeddings-benchmark/mteb.

8.1 Introduction

Image and text embeddings power a wide range of use cases, from search engines to
recommendation systems (159; [160; [161)). However, evaluation protocols for image
and multimodal embedding models vary widely, ranging from image-text retrieval,
zero-shot classification (23; 44), linear probing (23} [42)), fine-tuning the models
(21% 22), and using MLLM performance as proxies (I)). These divergent protocols
reveal the lack of standardized criteria for assessing image representations.

We introduce the Massive Image Embedding Benchmark (MIEB) to provide a

unified comprehensive evaluation protocol to spur the field’s advancement toward
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universal image-text embedding models. We build on the standard for the evaluation
of text embeddings, MTEB ([74)), extending its codebase and leaderboard for image
and image-text embedding models. MIEB spans 130 tasks grouped into 8 task
categories: Aligning with MTEB, we integrate Clustering, Classification, and
Retrieval. Notably, we consider fine-grained aspects, such as interleaved retrieval,
multilingual retrieval, instruction-aware retrieval. We additionally include Composi-
tionality Evaluation and Vision Centric Question Answering, respectively
assessing nuanced information encoded in embeddings and their capabilities in solving
vision-centric QA tasks. We focus on tasks that require strong visual understanding
of texts, for which we include Visual STS, the visual counterpart of semantic textual
similarity in NLP, and Document Understanding, assessing the vision-only under-
standing of high-resolution documents with dense texts and complex layout, enabling
evaluation that pushes forward the development of natural interleaved embeddings.

Our analysis across task categories shows that the performance of current image
embedding models is fragmented, with no method dominating all task categories.
We further study the predictability of the performance of visual encoders as part of
Multimodal Large Language Models (MLLMs), via a large-scale correlation study.
We find that the performance of vision encoders on MIEB strongly correlates with
the performance of MLLMs that use the same vision encoder. For instance, the
performance on our Visual STS tasks has over 99% correlation with the performance
of an MLLM leveraging the same vision encoder on tasks like OCRBench and
TextVQA. This provides a practical way to select vision encoders for MLLMs based
on MIEB results.

8.2 The MIEB Benchmark

8.2.1 Overview

Existing image benchmarks are often task-specific (e.g., retrieval (162)) with fine-
grained domains (e.g., landmarks (163)), artworks (164)). These benchmarks lack a
unified evaluation of MLLM-based embeddings, and also have not covered impor-

tant capability aspects, such as visual text tasks and multilingual breadth. MIEB
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Task category Example abilities assessed # Tasks # Languages Modalities

Retrieval cross-modal /-lingual matching 45 38 i-1; i-t; t-1; it-1; it-t; -1t t-it; it-it; i-t
Document Understanding (Retrieval) OCR abilities 10 2 t-1; i-t; it-t

Linear Probing (Classification) information encoded 22 1 i-i; i

Clustering embedding space consistency 5 1 i-i

Zero-shot Classification cross-modal matching 23 1 i-t; i-t
Compositionality Evaluation (PairClassification) reasoning with confounders 7 1 i-t; t-1
Vision-centric QA (Retrieval) counting, object detection 6 1 it-t; it-i

Visual STS OCR abilities 9 12 i1

MIEB all 130 38 all

MIEB-lite all 51 38 all

Table 8.1: An overview of MIEB tasks. In brackets behind task categories, we
denote the task type implementation in the code, e.g., our document understanding
tasks use our retrieval implementation. We denote the modalities involved in both
sides of the evaluation (e.g., queries and documents in retrieval; images and labels in
zero-shot classification) with i=image, t—text.

comprehensively fills in this gap. MIEB provides a unified framework to evaluate
diverse abilities of embedding models. We categorize tasks based on a combination of

the evaluation protocol (e.g., Clustering) and the abilities assessed (e.g., Document

Understanding) to better align with user interests. |[Figure 8.1| and [Table 8.1| summa-

rize MIEB task categories. Beyond traditional tasks like linear probing, zero-shot
classification, and image-text retrieval, we emphasize under-explored capabilities
in image-text embedding models via: 1) Visual representation of texts, covered
by document understanding and visual STS; 2) Vision-centric abilities, including
spatial and depth relationships; 3) Compositionality; 4) Interleaved embedding; 5)
Multilinguality.

In addition to MIEB (130 tasks), we introduce MIEB-lite, a lightweight version
of MIEB with 51 tasks to support efficient evaluation, by selecting representative

tasks from task performance clusters, detailed in [subsection 8.6.3l We refer to

Appendix for all datasets, statistics, and evaluation metrics for MIEB and MIEB-lite,
and for implementation details. Here, we discuss task categories and

capabilities assessed.

Retrieval Retrieval evaluates if embeddings of two similar items (images or texts)
have high similarity (165). We focus on three retrieval aspects: 1) Modality: The
combination of images and texts among queries and documents and whether they are
interleaved; 2) Multilinguality: Whether tasks cover mulitple languages, including

texts in images; 3) Instructions Some tasks may benefit from instructions on
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Task Short Definition Metric

Retrieval Retrieve target items (text, image nDCGQ10
or interleaved) using a query (text,
image or interleaved)

Document Understanding Retrieve a target visual document nDCG@b5
given a text query

Linear Probe Classify labels using a linear classi- accuracy
fier trained on frozen representations

Clustering Cluster images of different labels into nmi
distinct clusters

Zero-shot Classification Classify labels using Similarity of im- accuracy

age and text embeddings
Compositionality Evaluation select the correct match to the query accuracy
over hard negative options

Vision-centric QA select the correct answer to a vision- accuracy
centric reasoning question
Visual STS judge similarity of visual text seman- Spearman

tics using image embedding similar- Correlation
ity, and compare with human labels

Table 8.2: Brief summary of task definition and metric.

what to retrieve, e.g., in VQA tasks questions in the text serve as example-specific
instructions. We use nDCG@10 as the primary metric (14;162), and recall@1 /map@5

for some tasks to align with prior work or adjust for difficulty.

Document understanding There has been much interest in using image embed-
dings to understand entire documents with interleaved figures and tables (166). To
address these needs, we create a separate document understanding category. It uses

the same evaluation procedure as retrieval and nDCG@5 as the main metric.

Linear probing For linear probing, a linear model is trained on embedded images to
predict associated class labels (23; [167). Linear probing allows evaluating knowledge
encoded in embeddings, even if they are not spatially consistent as would be needed
for good clustering performance. We opt for few-shot linear probing (43; [74]) with a
default of 16 shots per class on which we train a logistic regression classifier with
a maximum of 100 iterations. This method is more efficient than probing on the

entire dataset (23} 42} [168), making it suitable for large-scale benchmarks like ours.
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In [subsection 8.6.1, we ablate the performance trend of k-shot per class, showing

that model ranking generally remains the same across different values of k. In text
embeddings, this task is often called classification (74)), so we adopt that term in our

code.

Zero-shot Classification While generally using the same tasks as linear probing
(e.g., ImageNet (169))), zero-shot Classification directly matches image embeddings
to classes without training a separate classifier. We follow common practice and turn
class labels into text prompts (e.g., for our ImageNet task, a text prompt could be “a
photo of space shuttle”). This task is related to retrieval, specifically, a setting where
we only care about the top-1 match. We measure accuracy following prior work (23]).
Models trained with non-representation losses, such as autoregressive models, often
lack good off-the-shelf zero-shot performance, but may still perform well in linear

probing (I8)).

Compositionality Evaluation Vision-language compositionality assesses whether
the composition of a given set of elements aligns with an image and a text, such as
relationships between objects, attributes, and spatial configurations. Commonly, it
involves distinguishing a ground truth from hard negatives with perturbed inputs,
e.g., word order shuffling in ARO benchmark (65)). In our code implementation, we
also refer to it as ImageTextPairClassification, as images and texts come in small

pairs. The main metric we use for this task category is accuracy.

Vision-centric question answering Inspired by insights from MLLMs (1)), we
include vision centric question answering tasks, including object counting, spatial
relationships, etc. We also include other challenging visual perception tasks, such as
perceiving art styles. This task category can be seen as a form of retrieval where

the corpus is a small set of query-specific options (see [Figure 8.1)), thus it uses our

retrieval code implementation.

Clustering We use k-means clustering (with k set to the number of true labels)

and Normalized Mutual Information (NMI) (I70; [I71)) as the main metric to evaluate
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if image embeddings group meaningfully in the embedding space according to the

labels.

Visual STS Semantic textual similarity (STS) is an established task to evaluate
text embeddings (9; [13). It measures the similarity of text embeddings compared to
human annotations via Spearman correlation.

In MIEB, we conceptualize “Visual STS" (46) as an out-of-distribution task to
assess how good vision encoders are at understanding relative semantics of texts. We
implement it by rendering STS tasks into images to be embedded by models. We
compute embedding similarity scores and compare with human annotations at the
dataset level using Spearman correlation as the primary metric, following practices
for STS evaluation (74)). Leveraging this novel protocol, we reveal optical character

recognition (OCR) of models like CLIP, which have largely gone unnoticed.

8.2.2 Design Considerations

Generalization We emphasize zero-shot evaluation where models are not fine-
tuned for specific tasks; only their embeddings are used. A special case is linear
probing, where ‘frozen’ embeddings are used to train a linear model. However, as

the embedded information is not modified, we still consider it zero-shot.

Usability In line with MTEB (74)), we prioritize: 1) Simplicity: New models
can be added and benchmarked in less than 5 lines of code by using our existing
implementations or defining a new model wrapper that can produce image embeddings
and text embeddings with the model checkpoint; 2) Extensibility: New dataset
can be added via a single file specifying the download location of a dataset in the
correct format, its name, and other metadata; 3) Reproducibility: The benchmark
is fully reproducible by versioning at a model and dataset level; 4) Diversity;
MIEB covers 8 diverse task categories with many different individual tasks, assessing
distinct abilities for comprehensive benchmarking and flexibility to explore specific

capabilities.

139



8.3 Models

We evaluate three main model categories on MIEB. Note that the categories may

overlap.

8.3.1 Vision-only Models

MOCO-v3 (168)) builds upon MOCO-v1/2 with the ViT architecture and a random
patch projection technique to enhance training stability. DINO-v2 (42) scales
self-supervised learning to 142M images with similarity-based curation. Different
from previous computer vision systems that are trained to predict a fixed set of
predetermined object categories (e.g., “ImageNet models" (172))), these models are

also referred to as self-supervised models.

8.3.2 CLIP Models

CLIP (Contrastive Language-Image Pre-training) (23) trains models simultaneously
on text-image pairs. We evaluate many models across this line of research including
CLIP, SigLIP (44), ALIGN (45)), Jina-CLIP (I73]), DataComp-CLIP (174]), Open-
CLIP (43), and Eva-CLIP (I75). These models are also sometimes referred to as
language-supervised models (1 23). We also evaluate VISTA (I76), which fuses a
ViT encoder (I77) with a pretrained language model followed by CLIP-style training.

8.3.3 MLLM-based models

Embedding models increasingly leverage MLLMs. For open-source models, we
benchmark E5-V (7) and VLM2Vec (I78)). E5-V uses pre-trained MLLMs followed
by text-only contrastive fine-tuning with prompts like “summarize the above sentence
with one word" and last-token pooling (73} [124]), showing surprising generalization
to images and interleaved encodings. VLM2Vec trains MLLM backbones on paired
image-text datasets.

We also evaluate the Voyage API model (I79)). Recent multi-modal API embed-

ding models optimize not only for standard image search, but also for business search
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applications like figure and table understanding, making them strong candidates for

tasks that require deep visual-text understanding in MIEB.

Summary To summarize, we have covered vision-only models, CLIP-style models,
and MLLM-based models. In line with previous chapters, we note that sparse/hybrid
retrievers are out of scope of our evaluation. Also, training data/size differences of
models limit strict fairness across models, and instead serve as insights that we want

to provide.

8.4 Implementation Details

For interleaved inputs in retrieval and other task categories, we follow the original
implementation of each model if it is capable of taking in mixed-modality inputs (L76]),
e.g., MLLM-based embedding models (7; I78). Else, we by default apply a simple
sum operation on text and image embeddings (162]) to attain interleaved embeddings,

e.g., for CLIP-style models (23; [44} (174 [175).

8.5 Experimental Results

presents the overall results for the top 20 models on MIEB (130 tasks) and
MIEB-lite (51 tasks). We find that there is no universal embedding model with the
best performance on all task categories.

MLLM-based models lead in overall performance on MIEB and MIEB-lite, most
notably excelling in visual text understanding and multilingual tasks. However, they
perform worse than CLIP-style models in linear probing and zero-shot classification,
indicating a loss of precision in image representations. MLLM-based models struggle
particularly with fine-grained classification tasks, such as bird species identification
(see detailed results in Appendix).

Conversely, CLIP-style models are strong in traditional tasks like linear probing,
zero-shot classification, and retrieval. Scaling model size, batch size, and dataset
quality improves performance in clustering, classification, and retrieval, but not

universally. These models struggle on interleaved retrieval, visual text representations,
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MIEB Full (130 tasks)

Model | Rtrv. Clus. ZS. LP. Cmp. VC. Doc. vSTS Rerv. vSTS Mean  Mean

Model Name ({) Type (en) (m) (x&m) (en) (m)

Pl 3 @3 (@2 (M © (1) (N | (3(5) (2(19) | (125) (130)
Voyage-multimodal-3 MLLM 38.8 82.4 58.2 71.3 43.5 48.6 71.1 81.8 58.9 70.4 62.0 62.5
E5-V MLLM 34.0 70.0 50.0 74.5 46.3 519  62.7 79.3 66.6 46.3 58.6 58.2
siglip-s0400m-patch14-384 Enc. 40.8 821 70.8 84.6 404 463 564  68.0 40.2 41.4 61.2 57.1
siglip-large-patch16-384 Enc. 39.9 79.9 68.0  83.7 39.7 45.4 53.3 69.5 51.1 39.8 59.9 57.0
siglip-large-patch16-256 Enc. 38.8 82.1 67.7 82.5 40.8 44.9 39.4 67.4 49.8 38.1 57.9 55.2
siglip-base-patch16-512 Enc. 38.1 4.7 64.1  80.9 37.5 53.2 52.1 67.7 43.2 38.1 58.5 54.9
CLIP-ViT-bigG-14-laion2B Enc. 41.5 85.6 69.4 83.6 42.4 43.2 43.2 70.9 28.0 34.5 60.0 54.2
siglip-base-patch16-384 Enc. 37.7 76.3 64.1 80.6 38.5 52.8 45.0 67.0 42.5 37.5 57.8 54.2
EVA02-CLIP-bigE-14-plus Enc. 40.1 92.4 70.8 86.0 45.7 39.4 32.3 72.0 27.8 28.2 59.8 53.5
CLIP-ViT-L-14-DataComp.XL Enc. 38.1 86.4 68.4 82.0 39.1 52.3 38.6 69.9 23.8 35.8 59.4 53.4
siglip-base-patch16-256(m) Enc. 35.6 74.6 61.2 789 38.1 51.3 26.4 65.5 59.2 40.3 53.9 53.1
CLIP-ViT-H-14-laion2B Enc. 39.7 83.9 67.5 82.5 42.0 45.8 40.4 65.5 25.5 33.9 58.4 52.7
CLIP-ViT-g-14-laion2B Enc. 39.8 82.7 679 828 41.9 442 37.6 69.1 25.9 31.7 58.3 52.4
EVA02-CLIP-bigE-14 Enc. 39.0 89.4 69.3 84.5 42.4 43.6 31.6 68.8 25.5 28.3 58.6 52.2
siglip-base-patch16-256 Enc. 36.6 75.2 63.1 79.7 39.5 52.2 31.7 66.2 41.3 34.4 55.5 52.0
siglip-base-patch16-224 Enc. 36.3 74.5 62.6 79.3 39.8 51.1 26.2 64.3 41.2 33.5 54.3 50.9
CLIP-ViT-L-14-laion2B Enc. 38.0 83.5 65.8 81.2 40.8 45.9 36.3 65.8 23.0 26.0 57.2 50.6
VLM2Vec-LoRA MLLM 27.7 72.6 46.3 62.0 34.6 62.0 49.7 72.6 34.9 42.2 53.4 50.5
VLM2Vec-Full MLLM 27.6 70.7 46.3 62.0 35.4 62.1 49.8 72.6 35.0 42.2 53.3 50.4
clip-vit-large-patch14 Enc. 33.7 76.4 62.1 80.1 44.8 44.1 38.0 64.5 20.2 35.1 55.4 49.9

MIEB-lite (51 tasks)

Model | Rtrv. Clus. ZS. LP. Cmp. VC. Doc. vSTS Rerv. vSTS Mean  Mean

Model Name ({) Type (en) (m) (x&m) (en) (m)

Play @ . ®  ® () ® (@ |ean) a9 | @n (1
Voyage-multimodal-3 MLLM 33.2 76.6 48.6 69.3 35.8 50.0 63.5 84.2 49.0 70.4 57.7 58.1
siglip-so400m-patch14-384 Enc. 32.4 75.9 73.8 788 32.8 48.0 46.9 69.6 35.4 41.4 57.3 53.5
siglip-large-patch16-384 Enc. 31.9 75.2 71.3 7.7 32.1 46.8 44.9 69.6 43.5 39.8 56.2 53.3
E5-V MLLM 26.9 51.7 36.2  70.6 39.4 52.6  56.0 81.2 58.3 46.3 51.8 51.9
siglip-large-patch16-256 Enc. 31.0 76.5 70.3 76.3 33.4 46.5 31.9 67.6 42.6 38.1 54.2 51.4
CLIP-ViT-bigG-14-laion2B Enc. 34.2 80.8 724 778 35.0 43.0  35.5 73.4 26.2 34.5 56.5 51.3
siglip-base-patch16-512 Enc. 30.8 69.7 66.3 74.6 29.7 55.5 42.6 67.1 34.8 38.1 54.5 50.9
EVA02-CLIP-bigE-14-plus Enc. 35.2 87.3 74.0 80.0 38.9 38.8 26.2 73.7 26.0 28.2 56.8 50.8
siglip-base-patch16-384 Enc. 30.6 72.2 66.0 74.4 31.0 55.1 37.1 66.9 34.5 37.5 54.1 50.5
CLIP-ViT-L-14-DataComp.XL Enc. 31.0 80.4 69.4 75.3 31.6 54.9 30.8 72.5 22.6 35.8 55.7 50.4
CLIP-ViT-H-14-laion2B Enc. 32.8 79.3 69.4  76.8 34.8 46.8  33.7 68.3 23.9 33.9 55.2 50.0
EVA02-CLIP-bigE-14 Enc. 34.3 86.7 73.0 78.3 35.1 44.4 25.1 69.9 23.9 28.3 55.9 49.9
siglip-base-patch16-256(m) Enc. 28.2 68.2 632 734 30.7 53.3 22.9 63.7 52.9 40.3 50.4 49.7
CLIP-ViT-g-14-laion2B Enc. 33.5 76.8 69.6 77.3 34.7 45.0 29.9 71.6 24.2 31.7 54.8 49.4
siglip-base-patch16-256 Enc. 29.5 69.6 65.6 73.6 32.2 54.4 25.0 66.1 33.5 34.4 52.0 48.4
CLIP-ViT-L-14-laion2B Enc. 31.1 76.4 67.8 75.9 33.6 46.9 28.7 68.7 21.4 26.0 53.6 47.6
clip-vit-large-patch14 Enc. 26.7 71.3 63.8 74.5 39.4 44.9 29.4 69.4 19.8 35.1 52.4 47.4
siglip-base-patch16-224 Enc. 29.3 68.4 65.0 735 32.5 53.0 20.9 64.2 33.6 33.5 50.8 47.4
CLIP-ViT-B-16-DataComp.XL Enc. 28.3 73.6 61.9 73.2 31.4 56.9 22.7 69.7 19.9 28.5 52.2 46.6
VLM2Vec-LoRA MLLM 21.0 66.3 321 64.8 29.4 65.3  42.7 70.9 24.8 42.2 49.1 46.0

Table 8.3: MIEB results broken down by task categories for the top 20
models. We provide averages of both English and multilingual tasks. Models are
ranked by the Mean (m) column. Shortcuts are x=Crosslingual, m=Multilingual,
en=English, and task categories from We refer to the leaderboard for the
latest version: https://hf.co/spaces/mteb/leaderboard
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and multilingual tasks unless specifically optimized (e.g., the multilingual variant of
SigLIP).

The strong performance of MLLM-based embedding models and insights from
their training recipes highlight a potential pathway for future universal embedding
models. E5-V (7)), a LLaVA-based model (180), achieves state-of-the-art open-source
performance on document understanding, visual STS, multilingual retrieval, and
compositionality, despite using a small batch size of 768 for text-only lightweight
contrastive finetuning. This suggests its generative pretraining already leads to
strong multimodal representations. However, it performs poorly on linear probing
and zero-shot classification. Focusing on such tasks in a larger scale finetuning stage

may lead to good universal performance.

Main empirical findings To summarize our main empirical findings, we find
that (i) there is no single universal winner across all task categories; (ii) MLLM-
based models excel on visual text, document understanding, multilingual retrieval,
inheriting their base model capabilities; (iii) CLIP-style models lead on classification
and some retrieval tasks. Future scaling efforts on MLLM-based models can benefit
from considering best practices of MLLM and CLIP models to take the best of
both worlds. (iv) Vision encoders performance on MIEB strongly correlates with
MLLM performance on relevant downstream tasks. For instance, Visual STS strongly
correlates with OCR /text-heavy MLLM benchmarks.

We analyze each category in the following sections and refer to the Appendix for

full results.

8.5.1 Retrieval

The best overall performance is achieved by CLIP-ViT-bigG-laion2B-39B-b160k (43)
and siglip-so400m-patch14-384 (44). We find that MLLM-based models with their
natural interleaved encoding abilities excel on sub-categories like VQA retrieval
(retrieving correct answers given questions and images). For some tasks vision-only
models can achieve the best performance, e.g., Dino-v2 (42)) on CUB200. We refer

to Appendix for full retrieval results.
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Figure 8.2: UMAP Visualization of ImageNet Dogl5. Each class corresponds
to one dog breed. CLIP clusters are more distinct.

8.5.2 Clustering

Similar to findings for Retrieval, MLLM-based models fall short on tasks with
fine-grained categories (e.g., dog breeds in ImageNet-Dogl5h (169)), indicating their
limitations in encoding nuanced image features. is a UMAP visualization
on ImageNet Doglh, where E5-V underperforms CLIP-style models, showing less
separation between fine-grained labels. EVA-CLIP (175), DataComp-CLIP (174)), and
OpenCLIP checkpoints (43) dominate in most clustering tasks. Similar to patterns
in classification shown in the next section, state-of-the-art MLLM-based models have
poor performance distinguishing fine-grained classes. We refer to Appendix for full

clustering results.

8.5.3 Zero-shot Classification

Similar to Retrieval and Clustering, Zero-shot Classification requires coherent image
and text embedding subspaces, thus CLIP-style models still dominate. MLLM-
based models like E5-V, Voyage, and VLM2Vec largely underperform in zero-shot
classification tasks, most notably ones with fine-grained labels. While decoder-based
generative models show inherent generalizability in embedding tasks (7, [36; 37,
[118; 181)), it is likely still necessary to learn robust fine-grained nuances through

contrasting multimodality finetuning paired with validated training recipes like large
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batch sizes and diverse datasets (23} 43}, 174} [175)).

8.5.4 Linear Probing

Average performance on linear probing is generally the highest among all our task
categories, signaling that it is closer to saturation. However, with relatively low

overall average scores on MIEB, there is still significant room to improve on the

benchmark. In [subsection 8.6.1] we investigate label granularity and ablate the

number of shots in linear probing, validating the robustness of our design choice of

16-shot for few-shot linear probing (section 8.2)).

8.5.5 Multilingual Retrieval

Our multilingual retrieval tasks span 38 languages with 55 subtasks (182} [183). We
present the full results in Appendix and summarize the key findings here in [Table 8.4]

E5-V (7) achieves state-of-the-art performance on multilingual retrieval, high-
lighting the inherent strong multilingual abilities of LLaVA-Next (184]), which E5-V
initializes from. E5-V was fine-tuned contrastively using LoRA (I85]), which only
lightly modifies the underlying models, thus leaving most knowledge (such as about
different languages) intact. The multilingual version of SigLIP (44), siglip-base-
patch16-256-multilingual, attains the second best performance. VISTA (I76]) models
also perform strongly despite their relatively small sizes, showing notable consistency
across languages. This cross-lingual robustness likely stems from its frozen backbone
text model BGE-M3, which was trained to produce high-quality multilingual textual
embeddings (112; 113)).

Overall, these findings highlight that a strong text encoder trained across various

languages is critical to good multilingual performance.

8.5.6 Visual STS

For Visual STS (see Appendix for full results), E5-V (7)) achieves the best perfor-
mance. This is likely because it was trained on the allNLI collection (SNLI (I86))

+ MNLI (187)), which is commonly used to train text representation models for
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xFlickr&CO XM3600 WIT avg.

Model Name

avg. var. ‘ avg. var. | avg. var. | avg. var.
E5-V 90.8 0.1 74.8 35 | 57.3 06 | 74.3 14
SigL.IP 80.4 1.2 6.6 53 | 544 13 | 66.8 2.6

VISTA (m3) 653 0.2 | 485 2.0 | 493 0.4 | 544 0.9
VLM2Vec 63.8 3.8 | 27.0 47 |3L7 25| 408 3.6
Open-CLIP 359 93 | 205 6.0 |37.8 65 |314 73
EVA02-CLIP 356 94 |20.1 6.0 | 374 64 |31.0 7.2

Table 8.4: Performance of models on multilingual retrieval tasks across 38
languages. We compute the average performance across languages (avg) and the
respective variance (var). We take the best variant from each top-6 model family.

12 13 14 15 16 17 b avg.

STS* 80.0 89.9 85.7 89.1 859 87.9 835 86.0
v-STS (ours) 732 78.2 749 842 795 858 794 79.3

Table 8.5: E5-V performance on regular STS and our Visual STS. *: numbers
from (7). Columns are STS12-17 and STS-b.

STS tasks (I8). As our Visual STS simply renders existing STS tasks as images
, if a model is perfect in optical character recognition (OCR), its Visual
STS performance would match its STS performance. shows that this is
almost the case, with some room left for improving the text recognition capabilities
of E5-V.

(1) show that textually-supervised models like CLIP are inherently good visual
text readers, while purely visually-supervised models are not. Our results sup-
port this finding: EVA-CLIP, DataComp-CLIP (OpenCLIP variants trained on
DataComp (I74)), SigLIP, and CLIP achieve strong performance with EVA-CLIP-
bigE-14-plus achieving an average English performance of 71.99, whereas Dino-v2
and Moco-v3 perform near random (Spearman correlation of 12.98 and 14.31).

Note that the design of Visual STS enables it to reflect two capabilities: visual text
recognition and semantic encoding. The model needs to have good OCR capabilities

(recognizing texts in images), and also the ability to understand the text semantics.
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8.5.7 Document Understanding

As shown in [subsection 8.5.6] E5-V has strong OCR performance. This translates to

strong performance on our Document Understanding tasks, where it is the best open-
source model (avg. nDCG@5 of 62.69 on 10 Vidore tasks). Voyage-multimodal-3 has
better performance but is closed-source.

OpenCLIP (43) and DataComp-CLIP (I74) variants provide insights into the
positive impact of scaling model sizes and datasets to document understanding
capabilities. The performance of OpenCLIP scales from 36.26 for its 430M parameter
model (Vit-L) to 40.41 for its 990M parameter model (ViT-H); both having seen the
same number of training examples. Data quality also matters with DataComp-CLIP
achieving 38.64 with a ViT-L trained on only 13B seen examples, while the above
OpenCLIP models use 32B examples.
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Figure 8.3: Linear probing performance across different shots k. We select
representative models from our vision-only and CLIP categories (section 8.3)). See
lsubsection 8.6.1] for details on fine-grained and coarse-grained tasks.

8.5.8 Compositionality Evaluation

Together with Retrieval, Compositionality Evaluation is where models have the
lowest scores. Especially, WinoGround (I88) is extremely challenging (see Appendix)
due to its image and textual confounders. We hypothesize that future models that
better incorporate reasoning capabilities and test-time scaling techniques (189} [190)

may achieve better results on compositionality tasks.
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8.5.9 Vision-centric QA

BLIP models (191} [192)) surprisingly contribute to two of the top 5 models in vision-
centric QA despite their absence for other task categories. This highlights that
including images in the contrastive finetuning stage can be beneficial, opposite to

their exclusion in (7).

8.6 Discussions

8.6.1 K-shot Linear Probing

We opt for k-shot linear probing instead of full-dataset linear probing as the default
setting in MIEB to make the evaluation cheaper given the large size
of the benchmark. In [Figure 8.3, we ablate this design by training k-shot classifiers
with k in {8,16,32,64,128,256}. We find that different values of k preserve the same
model rank on both fine-grained classification (Birdsnap, Caltech101, CIFAR100,
Country211, FGVCAircraft, Food101, Imagenetlk, OxfordFlowers, OxfordPets,
RESISC45, StanfordCars, SUN397, UCF101) and coarse-grained classification
(CIFAR10, DTD, EuroSAT, FER2013, GTSRB, MNIST, PatchCamelyon, STL10)

tasks. As a result, we choose a modest 16-shot evaluation by default.

8.6.2 On the predictability of MLLM performance

MLLM evaluation has been proposed as a robust method to assess visual represen-
tations (1), where the performance of an MLLM provides information about the
strength of its visual encoder. However, this evaluation paradigm is much more
computationally intensive than benchmarking only the vision encoder, given the
large sizes of MLLMs and the large hyperparameter search space (data size, LLM
choice, instruction-tuning details, etc.). Thus, it remains impractical as a general
benchmarking method.

We explore the opposite: Can MLLM performance be predicted from the vision
encoder (193))7 To do so, we calculate correlations between vision encoder performance

on MIEB tasks and their MLLM counterparts across 16 benchmarks using results
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Figure 8.4: Correlations between performance on generative MLLM bench-
marks from Tong et al.(I)) (y-axis) and our Visual STS (x-axis). High
correlation means that our Visual STS tasks can predict generative performance.
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from (I]). |[Figure 8.4] shows these correlations using our Visual STS protocol as
an example (46). Given the common need for visual text interpretation in MLLM
tasks, vision encoders’ performance on Visual STS has a strong correlation with the
performance of their MLLM counterparts. The pattern is most pronounced for the 4
OCR and Chart tasks in (1), and least pronounced for CV-bench 3D, which relies
little on visual text understanding. This highlights the utility of MIEB for selecting

MLLM vision encoders.

8.6.3 MIEB-lite: A lightweight Benchmark

Computationally efficient benchmarks are more usable (194). While MIEB avoids
training MLLMs, evaluating 130 tasks remains resource-intensive. While a more
comprehensive coverage allows for more nuanced analysis, many tasks have high
correlations (e.g., Visual STS in [Figure 8.4). To enable lightweight evaluation,
we build MIEB-lite by iteratively removing redundant tasks while preserving task
category coverage and inter-task correlation.

We first compute pairwise task correlations using model performance, then
iteratively remove tasks with average correlations above 0.5 (11 tasks) and 0.45 (32
tasks). Key patterns emerged: 1) Established tasks (e.g., CLIP benchmark linear
probing (23])) had high redundancy, possibly due to dataset exposure in pretraining;
2) Easy OCR tasks correlated unexpectedly with non-OCR tasks, though Visual STS
and VIDORE remained distinct; 3) Novel tasks (e.g., ARO benchmark, M-BEIR
protocols) had low correlations.

To capture nuanced task relationships, we cluster tasks via UMAP+HDBSCAN (195}
196)) using correlation vectors, yielding 17 interpretable clusters (e.g., ‘fine-grained
zero-shot’, ‘language-centric’, ‘easy OCR’, ‘VQA’, ‘low resolution tasks’, etc). The
outlier cluster (-1 label) spanned all categories, serving as a foundation for balanced
selection.

MIEB-lite has 51 tasks by combining the above two approaches and excluding
large-scale tasks (e.g., EDIS and GLD-v2 take 60-80 GPU hours for 7B models).
MIEB-lite reduces computation while maintaining category balance and diagnostic
power: 1) compares model runtime on MIEB and MIEB-lite showing a
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# Params Runtime (NVIDIA H100 GPU hours)

Model Name (M) MIEB  MIEB-lite Reduction %
E5-V 8360 264.0 464 82.4% |
CLIP (base-patch32) 151 16.6 4.5 72.9% |

Table 8.6: MIEB vs. MIEB-lite runtime comparison.

reduction of 82.4% for E5-V, an 8B model. 2) We find that the overall average
performance of 38 models on MIEB and MIEB-lite has a Spearman correlation of
0.992 and a Pearson correlation of 0.986. See Appendix for all results on MIEB-lite
tasks.

To summarize, we combined average correlation removal (threshold of 0.5 correla-
tion with other tasks.) and clustering to select tasks. The resulted compact MIEB-lite
benchmark has 51 tasks and still covers the 8 capability categories, maintaining the
diagnostic power (model ranking has a Spearman correlation of 0.992 with the full
benchmark). We recommend running on MIEB-lite for efficient benchmarking and
running the full benchmark to get fine-grained understanding for tasks of different

domains.

8.7 Related Work

Benchmarks Prior efforts toward universal image embedding benchmarks focus
on narrow scopes. The CLIP Benchmark (23) evaluates semantic similarity via
classification and retrieval, while UnED (197) and M-BEIR (162) expand retrieval
evaluation to multi-domain and mixed-modality settings. However, three critical
gaps persist: (1) Limited task diversity: Existing benchmarks overlook tasks
like multi-modal composition (65)), social media understanding (198)), and multilin-
gual evaluation (183), restricting cross-domain insights. (2) Neglect visual text
tasks: While understanding text in images is key to many MLLM use cases (160),
benchmarks for OCR (199) and visual document retrieval remain sparse. (3) Under-
explored instruction tuning: Though instruction-tuned embeddings show promise
for generalization (200 201)), their evaluation beyond retrieval is limited. MIEB

addresses these gaps via unified protocols spanning 130 tasks, consolidating prior
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benchmarks into a holistic framework.

Protocol limitations Prior work relies heavily on linear probing and retrieval (21
23), which struggle to assess generalization to complex tasks. While fine-tuning (22))
adapts embeddings to specific tasks, it incurs high computational costs and risks
overfitting. MIEB evaluates frozen embeddings through a broader suite of protocols
including retrieval, linear probing, zero-shot classification, and novel additions like
pair-wise classification and clustering, providing a more flexible and comprehensive
assessment.

Building on the gap presented in previous work, MIEB presents the first bench-
mark to comprehensively cover under-evaluated capabilities including visual text,
document understanding, multilingual retrieval, and MLLM-based embeddings at
this scale. It also shows strong correlation between vision representation with
MLLM performance through a large-scale correlation study between Visual STS and
downstream MLLM OCR/text tasks.

8.8 Limitations

Despite its comprehensiveness, MIEB comes with several limitations. First, MIEB
serves as a benchmark for models, not architectures or training methods themselves.
It is important to note the model heterogeneity, i.e., models are of different parameter
sizes and are trained on different data, sometimes of different orders of magnitude.
Second, we mainly provide benchmarking for dense representation, but lack support
and evaluation for sparse or hybrid retriever which are popular solutions in pure
text applications; Third, the current version of MIEB does not support other modal-
ities, such as video and long-horizon multi-image reasoning), making them natural

extensions for future work.

8.9 Conclusion

We introduce the Massive Image Embedding Benchmark (MIEB), which consists of

8 task categories with 130 individual tasks covering 38 languages. We benchmark 50
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models on MIEB, providing baselines and insights for future research. Our findings
highlight the importance of evaluating vision embeddings beyond classification and
retrieval, and their role in facilitating multimodal generative models.

Through this chapter, we also answer questions left in previous chapters. For
instance, we see how the representation-generation alignment hypothesis (Chapter
6) also holds for multimodal models. This chapter also provides a more extensive
study of visual texts which support and extend the findings in Chapter 7. In the
next chapter, we will summarize the findings we have so far and present vision for

future work.

8.10 Additional Information about MIEB

8.10.1 Tasks overview

This appendix provides detailed information on all tasks within MIEB, including size,
language, metrics, and other relevant details. Note that we present the categories
based on Abstask implementations here. We recommend refer to for the
taxonomy based on capabilities assessed.

shows all information related to retrieval tasks. presents
data related to clustering, standard image classification, zero-shot classification, and
multi-label image classification tasks. Lastly, covers information for visual
STS, text-based multiple choice, and image-text pair classification tasks.

For all the paper citation hyperlinks in this Appendix, we refer to the main paper

for corresponding citation list.

8.10.2 Per Task Category Results

Clustering

‘Table 8.10] presents clustering results of clustering tasks.

Vision-centric QA

presents results of all Vision-centric QA tasks.
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Multilingual Retrieval

presents all multilingual retrieval task results, which include 54 subtask
results from the 3 multilingual retrieval tasks.

Visual STS

able 8.13] presents English-only STS results across 7 STS tasks. presents
cross-lingual STS results across 11 language pairs. presents multilingual

STS results across 10 languages.

Document Understanding

presents document understanding results.

Linear Probe

[Table 8.17|and [Table 8.18 respectively present linear probing results for coarse-grained

and fine-grained classification tasks.

Zeroshot Classification

[Table 8.19] and [Table 8.20] respectively present zero-shot classification results for

coarse-grained and fine-grained classification tasks.

Compositionality

presents results of compositionality tasks.

Retrieval

presents results of retrieval tasks.

8.10.3 Overall Results & First MIEB Leaderboard

Based on the per-task category results, we provide an overall ranking in [Table 8.23|
aggregating all results. Note that we currently exclude all models that are not able

to evaluate on all tasks in the overall table, including vision-only models like Dino-2
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and Moco-v3 that are not able to test on image-text tasks, yielding 36 models in
the first MIEB leaderboard. Note that for models that are not in the overall

table, we refer readers to per task category tables for details.

8.10.4 Models

All models used in evaluations are listed in [Table 8.241
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Type (# tasks) Task MIEB-lite # Queries # Documents # Qrels Avg. # Choices Supported Queries Metric
Lan- per Lan-
guagesSuppogudge
Languages  (multi)

BLINKIT2IRetrieval 285 570 285 - en -
BLINKIT2TRetrieval (202] 1073 26 1073 - en -

CIRRIT2IRetrieval v 4170 21551 4216 - en -

CUB200I2IRetrieval v 5794 5794 163756 - - -

EDIST2ITRetrieval 3241 1047067 8341 - en -

Fashion200kI2TRe v 4889 61707 4889 - en -

Fashion200k T2IRetriev 1719 201824 4847 - en -
FashionIQIT2IRetrieval 6003 74381 6014 - en -
Flickr30kI2TRetrieval { 31014 155070 155070 - en -
Flickr30kT2IRetrieval (208) 31014 155070 155070 - en -

FORBI2IRetrieval 13250 53984 13250 - - - Recallal
GLDv2I2IRetrieval (163} 1129 761757 15138 - - - NDCG@10
GLDv2I2TRetrieval (163} 1972 674 1939 - en - NDCG@10
HatefulMemesI2TRetrieval (Z10] ' 829 8045 829 - en - NDCG@10
HatefulMemesT2IRetrieval 829 8045 829 - en - NDCG@10
InfoSeekIT2ITRetrieval {211) 17593 481782 131376 - en - NDCG@10
InfoSeekIT2TRetrieval (21T} v 11323 611651 73869 - en - NDCG@10
MemotionT2IRetrieval {212} 700 6988 700 - en - NDCG@10
METI2IRetrieval {161} 87942 260655 172713 - - -
MSCOCOI2TRetrieval (Z13) 5000 24809 24989 - en -
MSCOCOT2IRetrieval (213} 24809 5000 24989 - en -

NIGHTSI2IRetrieval (Z14) v 2120 40038 2120 - en -
OVENIT2ITRetrieval 14741 335135 261258 - en -
OVENIT2TRetrieval (215} v 50004 676667 492654 - en -
ROxfordEasylI2IRetrieval {Z16] 70 4993 345657 - - -
ROxfordMediumI2IRetrieval (216} 70 4993 345657 - - -
ROxfordHardI2IRetrieval (216] 70 4993 345657 - - -

Any2AnyRetrieval RP2KI2[Retrieval {217} v 39457 30457 4409419 - - - Recallal
RParisEasyl2IRetrieval {216] 70 6322 435387 - - - map@s
RParisMediumI2IRetrieval (216] 70 6322 435387 - - - map@5
RParisHardI2[Retrieval {216) 70 6322 435387 - - - map@s
SciMMIRI2TRetrieval (218} 16263 16263 16263 - en - NDCG@10
SciMMIRT2IRetrieval (Z18) 16263 16263 16263 - en - NDCG@10
SketchyI2IRetrieval (1G4} 452886 25000 90577200 - en - Recall@1
SOPI2IRetrieval (210) 120053 120053 840927 - - - Recall@1
StanfordCarsI2IRetrieval 8041 8041 325570 - - -
TUBerlinT2IRetrieval {221) 250 20000 20000 - en -
VidoreArxivQARetrieval (166) 500 500 500 - en -
VidoreDocVQARetrieval {166} v 500/451 500 500 - en -
VidoreInfoVQARetrieval ' 500,494 500 500 - en - NDCG@5
VidoreTabfquadRetrieval (IG5} v 280 70 280 - fr - NDCG@s
VidoreTatdqaRetrieval v 1646 277 1663 - en -
VidoreShiftProjectRetrieval v 100 1000 1000 - fr -
VidoreSyntheticDocQA ATRetrieval v 100 968 1000 - en -
VidoreSyntheticDocQAEnergyRetrieval 100 977 1000 - en -
VidoreSyntheticDocQAGovernment ReportsRetrieval {166] 100 972 1000 - en -
VidoreSyntheticDocQAHealthcareIndustryRetrieval 100 965 1000 - en -
VisualNewsI2TRetrieval v 20000 537568 20000 - en -
VisualNewsT2[Retrieval (222} 19995 542246 20000 - en -
VizWizIT2TRetrieval 4319 2091 4319 - en -

VQA2IT2TRetrieval v 214354 21597 214354 - en -
WebQAT2ITRetrieval v 2511 403196 3627 - en -
WebQAT2TRetrieval {225] 2455 544457 5002 - en -
WITT2IRetrieval (I83] v 9790 8553 8291 - ar, bg, da, 792, 806

el, et, id, 814, 541,

ko, ja, tr, 780, 854,

vi, en 842, 889,

681, 869,
685

XFlickr30kCoT2IRetrieval 16000 16000 16000 - de, en, es, 2000 NDCG@10

id, ja, ru, tr, each

zh
XM3600T2IRetrieval (I82) v 129600 259200 259200 - ar, bn, cs, 3600 NDCG@10

da, de, el, each

en, es, fa, fi,

fil, fr, hi, hr,

hu, id, it,

he, ja, ko,

mi, nl, no,

pl, pt, quz,

To, TU, SV,

sw, te, th,

tr, uk, vi,

zh

Table 8.7: Datasets overview and metadata for Any2AnyRetrieval task.
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Type Task MIEB-lite # Samples Train # Samples Test # Labels Metric
Birdsnap (226) 2674 1851 500
Caltech101 (227) 3060 6084 101
CIFAR10 (228) 50000 10000 10
CIFAR100 (228) 50000 10000 100
Country211 23) v 28000 21100 211
DTD (229) v 3760 1880 47
EuroSAT (230) v 16200 5400 10
FER2013 (231) 28709 7178 7
FGVCAircraft (232) - 3333 -
ImageClassification Food101Classification (233) 75750 25300 101 Accuracy
GTSRB (231) v 26640 12630 43
Imagenet1k (I69) 45200 37200 744
MNIST (235) 60000 10000 10
OxfordFlowersClassification (236) 7169 1020 102
OxfordPets (237} v 3680 3669 37
PatchCamelyon (238) v 262144 32768 2
RESISC45 (239) v 18900 6300 45
StanfordCars (220) 8144 8041 196
STL10 (Z0) 5000 8000 10
SUN397 (241) v 76127 21750 397
UCF101 (242) 1786096 697222 101
TmageMultiLabelClassification® VOC2007 (243) - 4952 € [1 —5] Accuracy
CIFAR10Clustering (228) - 10000 10
R CIFAR100Clustering - 10000 100 NMI
ImageClustering ImageNetDonglustg_i? (69 v : 1076 15
ImageNet10Clustering (169) - 13000 10
TinylmageNetClustering (244) v - 10000 200
BirdsnapZeroShot (226) 2674 1851 500
Caltech101ZeroShot (227) 3060 6084 101
CIFAR10ZeroShot (228) 50000 10000 10
CIFAR100ZeroShot (228) v 50000 10000 100
CLEVRZeroShot (245) 51600 15000 6
CLEVRCountZeroShot (245) 51600 15000 8
Country211ZeroShot (23) v 28000 21100 211
DTDZeroShot (229) 3760 1880 A7
EuroSATZeroShot (230) 16200 5400 10
FER2013ZeroShot (231) v 28709 7178 7
FGVCAircraftZeroShot (232) v - 3333 -
. . Food101ZeroShot v 75750 25300 101 Accuracy
ZeroShotClassification GTSRBZeroShot g% 26640 12630 43
Imagenet1kZeroShot (169) 45200 37200 744
MNISTZeroShot (235) 60000 10000 10
OxfordPetsZeroShot (237) v 3680 3669 37
PatchCamelyonZeroShot (238) 262144 32768 2
RenderedSST2 (23) 6920 1821 2
RESISC45ZeroShot (239) 18900 6300 45
SciMMIR (218) 498279 16263 5
StanfordCarsZeroShot (220) v 8144 8041 196
STL10ZeroShot (240) 5000 8000 10
SUN397ZeroShot (241) 76127 21750 397
UCF101ZeroShot (242) 1786096 697222 101

Table 8.8: Datasets overview and metadata for ImageClassification, Im-
ageMultiLabelClassification, ImageClustering and ZeroShotClassification
tasks. * For ImageMultiLabelClassification, the number of labels per sample is
between the given interval. Further, we again note that with the large scales of
training set in classification datasets, we adopt the few-shot linear probe paradigm

in the evaluation.

157



Type Task MIEB-lite # Samples Test # Choices Supportedt Sam- Metric

Lan- ples
guages per lan-
guage
CVBenchCount v 788 [4-6] en -
CVBenchRelation (I} v 650 2 en - Ac .
Any2AnyMultiChoice CVBenchDepth (T} v 600 2 en - couracy
CVBenchDistance () v 600 2 en -
BLINKIT2IMultiChoice (202} v 402 2 en -
BLINKIT2TMultiChoice 1073 [2-4] en -
AROCocoOrder (246) v 25010 5 - -
AROFlickrOrder (246) v 5000 5 - - Text
ImageTextPairClassification® ?ggzi:zigz:ﬁ:ﬁlw j iigg § : i Accuracy
SugarCrepe (247} 7511 2 - -
Winoground (I88) v 400 2 - - Accuracy
ImageCoDe (248) v 25322 10 - -
STS12VisualSTS (46) 5342 - en -
STS13VisualSTS (46) v 1500 - en -
STS14VisualSTS (A6} 3750 - en -
. . STS15VisualSTS (46) v 3000 - en - Cosine
VisualSTS STS16VisualSTS (4G) 1186 - en - Spearman
STS17Multilingual VisualSTS v 5346 - ar-ar, 250 each,
en-ar, except
en-de, ko-ko
en-en, with
en-tr, 2.85k
es-en,
es-es,
fr-en,
it-en,
ko-ko,
nl-en
STSBenchmarkMultilingual VisualSTS (4G) v 86280 - en, de, 8628
es, fr, it, each
nl, pl,
pt,ru,
zh

Table 8.9: Datasets overview and metadata for Any2AnyMutipleChoice,
ImageTextPairClassification and Visual STS tasks. * For ImageTextPair-
Classification, only 1 caption is correct over all the available ones for a sample.
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model name CIFAR10 CIFAR100 ImageNetl0 ImageNetDogl5 TinylmageNet Avg.

EVA02-CLIP-bigE-14-plus 98.65 89.51 99.09 91.08 83.57 92.38
EVA02-CLIP-bigE-14 90.30 89.03 94.32 89.85 83.58 89.42
EVA02-CLIP-L-14 97.83 86.14 94.37 83.57 79.44 88.27
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K 93.65 84.26 93.39 82.60 78.28 86.44
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 87.66 79.97 98.75 86.09 75.49 85.59
laion/CLIP-ViT-H-14-laion2B-s32B-b79K 88.10 78.69 93.93 85.93 72.67 83.86
nomic-ai/nomic-embed-vision-v1.5 87.39 81.16 95.80 81.19 72.65 83.64
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 93.62 77.43 93.74 81.09 71.62 83.50
facebook /dinov2-large 79.90 79.93 92.23 86.20 77.22 83.10
facebook /dinov2-base 82.62 77.20 93.93 85.67 74.31 82.74
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 87.63 78.13 94.38 81.46 72.10 82.74
EVA02-CLIP-B-16 89.23 83.51 89.22 74.82 75.96 82.55
voyage-multimodal-3 86.22 75.15 97.58 83.82 69.29 82.41
google/siglip-large-patch16-256 83.61 76.23 97.87 86.40 66.52 82.13
google/siglip-s0400m-patch14-384 83.79 76.67 98.19 83.57 68.31 82.11
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K 89.93 78.21 93.42 74.98 72.13 81.73
facebook /dinov2-giant 76.84 75.77 91.84 92.63 70.13 81.44
facebook /dinov2-small 79.25 72.62 91.23 87.27 70.65 80.20
google/siglip-large-patch16-384 81.61 74.43 93.28 84.17 66.21 79.94
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 83.76 70.92 95.22 76.31 63.76 77.99
Salesforce /blip-itm-large-coco 84.95 72.62 98.29 67.56 64.24 77.53
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K 79.81 74.85 91.54 73.68 66.98 77.37
Salesforce /blip-itm-large-flickr 87.94 70.67 94.34 68.36 60.86 76.43
openai/clip-vit-large-patch14 80.87 64.54 94.00 72.83 69.82 76.41
google/siglip-base-patch16-384 71.62 67.78 97.63 86.16 58.15 76.27
BAAI/bge-visualized-base 82.16 77.80 98.33 49.37 73.28 76.19
google/siglip-base-patch16-256 76.82 67.58 92.57 80.47 58.73 75.24
google/siglip-base-patch16-512 73.95 66.56 93.32 79.61 59.82 74.65
google/siglip-base-patch16-256-multilingual 75.94 67.89 92.63 80.44 55.88 74.56
google/siglip-base-patch16-224 76.11 67.01 92.61 78.18 58.58 74.50
blip2-pretrain 96.67 81.46 97.77 20.27 73.86 74.01
nyu-visionx/moco-v3-vit-b 74.69 63.99 90.30 80.77 59.53 73.86
Salesforce /blip-image-captioning-large 77.64 68.45 93.27 67.38 61.74 73.70
BAAI/bge-visualized-m3 81.41 73.89 97.74 43.07 71.72 73.57
TIGER-Lab/VLM2Vec-LoRA 72.89 60.56 97.03 71.48 61.22 72.64
nyu-visionx /moco-v3-vit-1 71.65 60.60 86.41 80.70 59.14 71.70
TIGER-Lab/VLM2Vec-Full 69.43 60.72 92.64 69.29 61.51 70.72
Salesforce /blip-itm-base-coco 70.83 60.44 93.19 70.31 58.19 70.59
royokong/e5-v 82.58 70.43 93.85 36.73 66.64 70.05
jinaai/jina-clip-v1l 74.12 64.84 96.69 52.66 61.47 69.95
openai/clip-vit-base-patch16 69.25 59.35 92.58 63.25 62.90 69.47
openai/clip-vit-base-patch32 73.85 58.07 93.14 54.12 60.34 67.90
blip2-finetune-coco 90.37 75.81 93.12 8.97 70.92 67.84
Salesforce /blip-itm-base-flickr 63.94 58.89 92.46 66.00 55.07 67.27
Salesforce /blip-image-captioning-base 64.18 53.81 90.94 58.78 47.76 63.09
kakaobrain /align-base 54.13 50.68 84.21 58.88 50.03 59.59

Table 8.10: Clustering Results.
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model name

CVBenchCount CVBenchDepth CVBenchDistance CVBenchRelation BLINKIT2IMultiChoice BLINKIT2TMultiChoice Avg.

TIGER-Lab, VLM2
TIGER-Lab, VLM2Ve
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K
google/siglip-base-patch16-512

blip2-pretrain

google/siglip-base-patch16-384
blip2-finetune-coco

BAAI/bge-visualized-base
Salesforce,/blip-itm-base-flickr
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K
google /siglip-base-patch16-256

royokong,e5-v
google/siglip-base-patch16-256-multilingual
Salesforce/blip-itm-large-coco
google/siglip-base-patch16-224
Salesforce,/blip-image-captioning-large
voyage-multimodal-3
Salesforce,/blip-itm-hase-coco
Salesforce,/blip-itm-large-flickr
openai/clip-vit-base-patch16
nomic-ai/nomic-embed-vision-v1.5
google/siglip-sod00m-patch14-384
laion/CLIP-ViT-B-32-DataComp XL-s13B-bg0K
laion/CLIP-ViT-L-14-laion2B-s32B-b82K
laion/CLIP-ViT-H-14-laion2B-s32B-b79K
kakaobrain /align-base

jinaai/jina-clip-vl
google/siglip-large-patch16-384
EVA02-CLIP-B-16
google/siglip-large-patch16-256
laion/CLIP-ViT-g-14-laion2B-s34B-b88K
openai/clip-vit-large-patch 14
BAAI/bge-visualized-m3

EVA02-CLIP-bigE-14
Salesforce,/blip-image-captioning-base
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k
laion/CLIP-ViT-B-32-laion2B-s34B-h79K
openai/clip-vit-base-patch32
EVA02-CLIP-bigE-14-plus

EVA02-CLIP-L-14

62.18
62.56
61.93
55.20
46.95
53.43
44.54
50.25
60.66
43.27
54.44
39.21
34.64
45.30
43.91
14.72
26.40
26.65
25.25

30.46
10.15
419
0.38
6.60
10.15
1.02

62.17
62.50
52.50
53.67
57.67
52.17
59.67
49.00
44.67
55.83
52.00
48.50
54.00
50.00
51.50
63.33
53.17
45.17
46.83
51.67
45.33
48.33
49.17
49.17
48.67
43.17
49.33
54.67

56.17
47.00
52.67
45.33
48.83
51.50
47.17
50.00
45.33
43.83
49.50

58.00
58.17
46.00
42.83
50.17
42.17
52.33
56.33
50.33
46.50

47.50
45.50
52.00
46.17
50.33
40.00
43.67
47.50
40.17
50.83
47.00
3
53.00
46.17
41.33
46.83
49.33
48.17
55.33
42.17
40.83
46.00
40.50

71.69
71.08
49.23
51.38
47.69
51.69
48.77
48.15
53.08
55.54
51.08
59.69
53.85
48.77

72.39
72.39
74.63
74.38
74.38
75.87
71.39
73.63
66.92
73.13

74.38
75.37
70.40
69.65
76.12
68.41
T1.64
75.37

46.28
45.40
41.74
41.74
41.99
41.49
39.60
37.20
38.46
39.72
41.24
48.30
40.86
38.46
41.36
39.61
4111
37.20
36.32
41.36
38.84
37.70
39.60

62.12
62.02
54.34
53.20
53.14
52.80
52.72
52.43
52.35
52.33
52.18
51.90
51.25
51.10
51.06
49.11
48.56
47.26

Table 8.11: Vision-centric QA Results.
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XFde XFen XFes XFid XFja XFru XFtr XFzh XMar XMbn XMcs XMda XMde XMel XMen XMes XMfa XMfi XMfil XMfr XMhe XMhi XMhr XMhu XMid XMit XMja XMko
80.69 86.64 80.68 87.57 78.56 84.46 68.64 58.92 66.15 68.38 83.51 69.68 69.18 74.79 73.14 67.60 54.28 81.81 69.73 52.76 65.34 74.49 81.30 79.39 80.47 75.97
75.08 80.62 44.93 83.99 70.66 63.87 61.58 33.28 62.88 68.54 79.82 56.24 68.12 74.53 67.73 59.52 32.80 77.54 66.72 30.13 63.49 69.17 75.81 76.74 57.93 63.80
80.48 89.91 79.25 85.23 48.56 86.47 49.83 18.55 51.42 55.39 85.63 24.60 74.70 75.66 36.97 22.21 17.98 81.86 39.42 12.73 44.67 22.41 76.52 80.93 77.71 48.62
77.81 86.80 28.71 78.83 64.72 40.02 51.10 2.16 51.57 55.92 80.51 36.10 71.18 75.46 33.74 29.05 20.53 78.83 31.82 6.04 44.35 45.81 69.63 78.32 25.88 40.91
76.42 85.10 25.51 77.66 62.41 37.78 50.51 1.97 51.26 56.41 80.39 35.81 71.15 75.40 32.93 28.84 19.78 78.36 30.97 6.11 44.05 45.34 68.28 77.60 25.35 39.66
54.91 62.20 49.88 57.49 50.96 58.77 38.72 28.33 42.53 49.63 50.94 39.21 48.42 47.35 44.37 47.20 27.05 52.21 41.54 22.99 46.11 46.54 52.16 47.83 48.20 43.14
73.71 85.48 25.71 70.61 51.24 34.90 37.42 0.24 38.09 44.15 75.38 22.62 71.08 73.52 13.73 17.69 14.74 76.04 13.31 1.47 28.54 29.73 57.93 72.63 21.57 28.86
72.16 85.03 24.34 69.53 49.21 33.62 36.73 0.22 37.72 43.69 74.82 21.99 70.80 73.35 13.56 17.50 14.72 75.30 13.41 1.58 28.27 29.73 57.77 72.10 21.53 29.07
69.74 83.25 23.09 66.51 47.58 31.08 36.55 0.16 37.22 43.03 73.32 21.34 70.31 72.04 13.79 17.46 14.55 74.45 13.46 1.54 27.90 29.12 56.27 70.55 21.30 28.23
70.22 83.51 21.88 67.11 47.19 31.52 35.83 0.15 37.11 42.70 73.40 21.09 70.41 72.53 13.19 17.23 14.42 74.47 12.79 1.38 28.02 28.99 55.98 70.91 20.21 27.41
72.34 87.51 6.93 43.82 45.05 9.76 14.76 0.17 37.25 45.86 71.98 4.67 72.26 73.89 5.25 17.81 14.14 76.51 4.09 0.46 28.71 26.20 52.30 72.58 5.22 7.49
68.88 80.62 48.30 52.62 25.10 60.02 20.37 0.47 16.68 29.49 62.12 3.99 63.88 47.05 1.69 9.94 9.29 56.43 14.16 7.98 10.73 9.57 20.20 43.26 44.76 17.76
68.92 80.48 48.12 52.76 25.03 60.06 20.46 0.48 16.63 29.45 62.13 4.02 63.80 46.98 1.68 9.92 9.33 56.50 14.18 8.01 10.68 9.57 20.19 43.20 44.68 17.78
51.99 84.22 5.75 8.36 10.36 5.47 0.71 0.11 9.19 23.05 58.18 0.59 71.21 59.06 0.32 5.92 9.33 71.04 0.36 0.16 9.83 8.28 24.44 56.04 8.86 0.31
51.93 84.61 5.79 7.74 9.19 4.95 0.66 0.12 8.92 21.82 57.47 0.55 71.08 59.08 0.30 5.58 9.13 71.57 0.30 0.13 9.17 8.33 24.27 55.20 8.74 0.29
47.25 82.75 6.03 3.68 8.87 5.24 0.71 0.12 7.11 18.96 51.28 0.48 70.09 54.98 0.30 5.08 8.71 67.51 0.28 0.11 6.73 6.82 23.02 49.58 7.06 0.31
44.66 84.34 4.72 3.37 7.64 3.76 0.71 0.13 6.58 17.34 48.62 0.49 70.81 54.27 0.30 4.14 8.60 66.44 0.27 0.12 7.11 6.69 21.92 48.02 7.04 0.31
45.83 82.91 4.65 3.22 8.61 4.18 0.76 0.14 6.65 17.78 48.53 0.48 70.53 53.57 0.29 4.44 8.62 65.48 0.27 0.15 7.13 6.73 22.13 47.52 6.99 0.38
41.92 76.01 8.24 13.57 6.11 1.83 1.53 0.18 10.60 25.42 49.68 5.63 69.41 41.16 0.92 6.97 8.56 62.52 1.77 0.58 8.88 8.55 15.06 41.68 11.35 1.33
K 33.73 78.71 3.11 1.30 9.21 5.61 0.48 0.14 6.25 16.84 39.35 0.48 67.79 42.80 0.26 4.76 8.91 53.89 0.31 0.12 6.86 .55 30.88 36.62 4.21 0.47
37.58 81.31 6.52 1.22 6.26 2.19 0.60 0.15 5.01 13.76 38.17 0.43 67.06 47.28 0.25 4.83 10.62 55.20 0.29 0.13 5.93 5.97 20.91 35.48 7.11 0.27
38.51 82.04 4.31 3.08 7.49 2.90 0.61 0.13 5.53 15.06 39.07 0.41 69.07 46.18 0.28 4.16 7.82 58.24 0.28 0.13 5.86 6.01 17.77 38.45 5.36 0.28
0K 33.42 75.77 4.09 1.42 9.93 5.84 0.52 0.10 6.29 15.78 34.28 0.49 66.62 38.09 0.29 4.29 8.65 47.95 0.29 0.12 6.66 5.91 27.19 31.55 4.66 0.50
DK 29.72 72.35 3.02 1.47 8.85 5.64 0.55 0.12 6.08 15.68 31.99 0.46 65.25 37.51 0.27 4.22 8.32 46.25 0.28 0.16 6.46 5.68 26.88 29.91 3.54 0.35
34.17 75.15 3.87 2.23 6.01 2.50 0.63 0.13 5.38 13.56 32.69 0.56 66.66 38.77 0.25 4.18 7.60 51.89 0.30 0.14 5.17 5.31 15.21 30.66 4.58 0.27
29.94 78.25 4.76 0.99 5.45 1.38 0.53 0.12 4.69 11.75 29.79 0.34 65.72 41.09 0.28 3.87 9.64 47.98 0.27 0.14 4.57 4.99 16.53 27.39 5.32 0.27
26.93 71.43 7.14 1.10 4.47 1.97 0.64 0.12 3.60 8.51 26.09 0.39 59.73 35.26 0.28 3.21 7.68 39.81 0.22 0.17 4.25 3.60 15.33 24.70 6.41 0.34
34.73 88.77 2.07 0.71 6.01 1.51 0.29 0.12 6.00 16.89 30.41 0.46 74.96 43.87 0.18 4.79 8.60 56.80 0.27 0.14 5.88 6.20 11.50 31.70 1.60 0.23
29.50 78.90 2.69 1.30 5.53 2.86 0.63 0.10 5.35 13.97 31.54 0.50 68.32 40.58 0.26 4.31 8.27 54.40 0.36 0.14 5.74 5.91 10.83 28.63 3.17 0.29
33.98 87.80 1.97 0.65 5.83 1.28 0.34 0.13 5.31 14.81 29.67 0.43 73.16 40.91 0.15 4.30 8.09 53.41 0.26 0.15 5.24 5.52 10.59 28.80 1.46 0.25
29.77 86.98 1.93 0.70 5.32 2.02 0.35 0.19 5.34 14.55 25.75 0.42 72.67 36.87 0.13 4.06 6.97 51.44 0.22 0.14 4.61 4.90 9.11 27.00 1.38 0.23
20.40 72.44 3.83 0.76 3.58 1.24 0.49 0.11 3.17 7.11 20.56 0.33 59.02 30.21 0.21 2.94 7.41 35.27 0.24 0.12 3.20 3.72 12.02 18.09 4.84 0.21
20.05 67.29 4.60 0.72 4.05 1.45 0.52 0.14 3.30 7.65 18.86 0.29 56.89 28.11 0.16 2.94 7.30 33.17 0.26 0.12 3.14 3.35 10.85 16.36 4.20 0.22
18.05 65.50 2.13 0.73 3.68 1.81 0.40 0.20 5.22 10.15 21.82 0.59 53.24 22.00 0.19 4.00 6.60 28.84 0.30 0.10 5.44 5.34 7.25 15.21 1.91 0.24
17.10 68.05 0.28 0.47 4.04 0.60 0.32 0.14 4.50 10.31 18.47 0.45 59.35 26.40 0.16 3.64 6.72 37.86 0.23 0.15 4.65 4.89 8.09 15.97 0.23 0.21
19.56 83.53 0.68 0.50 3.59 0.98 0.25 0.14 4.07 11.25 18.60 0.39 66.57 23.12 0.14 3.82 5.80 37.80 0.25 0.14 3.80 4.38 6.29 16.29 0.70 0.18
20.80 81.44 0.44 0.42 4.61 0.56 0.23 0.12 4.57 11.05 17.25 0.37 63.08 23.55 0.16 3.44 7.05 33.58 0.20 0.09 4.64 4.46 7.67 15.63 0.26 0.21
15.13 68.99 2.85 0.98 3.82 2.41 0.29 0.13 3.85 8.00 11.31 0.43 60.32 13.52 0.14 3.07 6.08 23.07 0.21 0.15 4.29 3.86 6.99 9.80 1.82 0.39
.
XMmi XMnl XMgquz XMro XMru XMsv XMsw XMte XMth XMtr XMuk XMvi XMzh Wilar Wibg WIida Wilel Wlet WIid WIko Wija WItr Wilvi Avg.
10.44 70.01 8.00 73.17 82.67 70.31 40.90 74.53 68.70 77.28 77.67 79.48 53.58 43.80 50.72 54.74 34.70 53.22 43.78 43.15 53.27 57.85 66.57
0.71 68.33 5.90 68.14 81.27 67.89 9.95 39.18 64.99 69.72 68.59 63.08 45.16 41.76 53.55 37.47 35.80 60.85 35.04 37.99 51.41 59.63 59.21
0.66 68.39 4.96 51.41 82.08 59.20 4.30 56.52 38.61 64.50 72.31 83.16 53.33 44.84 52.59 39.32 29.94 57.02 36.08 43.90 51.21 58.15 . 58.87
0.80 68.36 5.41 48.29 74.78 63.41 0.24 13.63 53.14 52.27 40.38 34.23 34.10 32.52 53.01 24.51 31.11 63.11 22.54 23.41 55.11 56.87 74.79 51.11
0.73 67.94 5.68 47.89 74.06 63.57 0.20 13.22 52.07 52.30 38.60 34.51 31.60 31.65 52.13 23.26 29.97 61.30 21.58 23.28 52.47 54.99 73.26 49.84
2.02 45.58 4.25 47.20 51.41 48.40 23.27 25.74 46.39 40.31 48.97 44.09 46.58 42.36 38.86 44.28 43.11 32.05 47.11 33.97 34.39 42.55 49.28 51.77 46.35
0.85 62.37 5.70 34.57 5.23 54.85 5.79 0.13 12.43 40.17 38.13 22.99 29.12 22.32 22.21 44.45 17.16 25.61 51.96 13.89 16.20 44.49 44.39 71.10 43.21
0.86 61.92 5.59 34.03 64.97 54.44 5.85 0.12 12.49 39.90 37.41 23.10 28.77 21.53 22.72 44.29 16.64 25.10 51.13 13.48 16.13 43.96 43.49 69.76 42.55
0.81 60.70 5.50 33.27 63.32 53.58 5.76 0.13 12.28 39.10 37.33 22.19 28.23 21.26 21.12 42.18 15.82 24.92 49.59 13.47 15.56 42.16 40.81 68.40 41.23
0.73 60.60 5.71 33.52 63.37 53.23 5.72 0.11 12.36 39.06 37.66 21.48 28.41 20.32 21.76 42.33 15.75 25.08 50.06 13.10 15.63 42.04 41.37 68.31 41.26
0.58 64.46 4.27 33.65 40.31 52.87 6.09 0.17 2.31 32.80 19.41 9.46 8.84 23.76 25.43 62.02 12.99 37.10 67.32 13.20 14.66 63.86 51.21 80.31 40.19
0.88 38.17 2.73 19.40 41.98 32.51 2.78 0.19 6.91 10.63 21.89 4.98 39.55 20.61 12.01 38.08 12.47 20.43 40.12 10.47 21.15 33.60 30.15 58.65 34.96
0.87 38.27 2.74 19.44 41.92 32.51 2.79 0.18 6.86 10.64 21.93 4.96 39.53 20.51 11.78 38.06 12.25 20.10 40.23 10.48 20.97 33.47 30.33 58.70 34.92
0.75 44.91 4.09 24.85 9.21 22.91 3.98 0.14 2.36 7.52 3.26 3.65 5.09 6.77 10.29 56.83 10.07 34.12 60.87 7.65 14.69 52.20 47.92 79.50 28.01
0.77 44.47 4.13 24.01 8.67 21.28 3.70 0.14 2.16 7.16 2.99 3.52 4.56 7.04 10.00 56.40 9.82 33.03 60.83 7.79 14.83 52.65 47.08 80.59 27.82
0.67 39.83 3.70 18.94 3.83 18.84 3.90 0.12 2.19 6.20 1.71 2.91 3.99 6.90 8.24 53.48 9.23 32.12 58.12 7.08 12.91 49.00 45.52 78.98 25.92
0.61 36.78 3.61 18.63 4.49 16.28 3.74 0.13 2.19 5.96 1.81 3.09 3.63 7.03 8.22 52.77 9.22 31.19 57.21 7.23 14.82 49.42 44.84 79.42 25.54
0.72 36.74 3.50 18.47 4.40 16.76 3.88 0.13 2.14 6.15 1.85 3.10 3.58 6.87 8.09 52.44 9.56 31.65 57.41 7.61 13.65 49.28 44.77 78.73 25.54
0.75 39.45 3.69 26.64 12.96 22.90 3.66 0.12 1.98 6.84 5.77 7.05 2.42 5.33 8.14 43.93 11.41 22.83 37.04 6.69 10.91 36.15 36.46 70.98 22.36
K 0.52 32.16 3.75 17.16 1.71 16.00 3.97 0.12 1.78 8.84 0.82 4.04 4.78 5.51 5.34 51.14 9.14 29.64 59.44 6.86 12.30 49.70 44.64 76.47 23.77
0.63 30.08 3.60 12.83 1.88 13.61 3.33 0.12 2.58 5.39 0.95 2.40 1.85 6.73 5.61 47.55 8.79 28.78 53.73 6.58 13.53 50.73 39.10 78.60 23.43
0.81 30.52 3.39 15.14 2.72 13.72 3.54 0.17 2.05 5.21 1.15 2.95 2.50 5.72 6.55 47.56 8.69 28.00 50.94 7.33 12.52 45.72 40.69 76.13 23.02
DK 0.68 25.91 3.24 16.61 1.70 14.26 3.65 0.12 1.80 7.18 0.83 3.94 4.18 5.18 4.60 43.32 8.56 25.77 50.27 5.93 10.74 42.20 36.42 70.50 21.57
0K 0.55 26.81 3.09 14.84 1.70 14.99 3.74 0.13 1.43 6.72 0.82 4.45 3.95 5.09 4.30 39.44 8.32 23.65 46.04 6.09 9.82 38.83 32.04 67.16 20.13
0.74 25.91 3.02 14.04 2.27 13.09 3.32 0.12 1.78 4.28 1.09 2.56 2.25 5.36 5.56 42.20 8.05 24.07 43.14 5.82 9.61 38.89 32.82 71.54 20.13
0.54 22.76 3.22 11.16 1.51 11.30 2.97 0.13 2.47 4.42 0.76 2.10 1.19 6.22 4.94 41.56 7.57 24.00 47.51 6.25 10.57 43.11 32.38 72.12 20.12
0.56 20.37 2.73 8.73 1.72 8.33 3.08 0.12 2.46 4.12 0.84 1.86 1.42 7.59 5.86 48.24 8.77 27.93 53.45 5.78 14.40 47.65 34.26 78.47 20.24
0.67 26.12 3.12 15.67 1.04 15.15 3.40 0.12 1.64 4.14 0.70 2.13 1.03 4.92 3.51 29.34 7.81 18.07 26.33 5.63 6.99 27.73 20.70 61.62 18.53
0.60 22.19 3.16 14.73 1.74 13.32 3.47 0.12 1.88 3.96 0.89 2.38 1.92 5.36 4.71 32.09 6.91 19.15 29.56 6.03 8.19 29.99 25.92 62.20 18.09
0.50 23.58 2.80 14.03 0.98 13.08 3.21 0.12 1.58 3.82 0.56 1.86 1.06 4.78 3.23 28.66 7.35 18.93 26.89 5.78 6.65 26.98 21.71 61.76 18.12
0.54 23.15 2.67 13.31 0.75 13.39 2.82 0.13 1.63 3.68 0.49 1.67 1.01 4.23 3.13 26.70 7.02 15.11 24.78 4.87 7.22 22.81 19.56 57.75 16.81
0.57 15.78 2.61 7.51 1.36 6.58 2.54 0.14 2.52 3.18 0.69 1.70 1.02 6.00 5.27 41.92 6.92 23.29 46.93 5.37 10.53 42.32 31.11 72.90 17.66
0.55 15.47 2.63 6.82 1.18 7.14 2.43 0.12 2.24 3.10 0.62 1.79 1.05 6.70 4.82 39.26 6.66 21.91 43.30 4.81 9.06 38.78 31.37 71.82 16.73
0.56 13.99 B 2.67 9.81 1.17 9.37 2.76 0.13 1.25 3.87 0.66 1.26 1.67 4.62 4.63 30.52 8.65 21.41 29.87 5.63 9.15 29.13 22.98 64.44 14.48
0.45 16.49 9.56 5.45 2.61 11.22 0.86 9.90 3.07 0.11 1.07 3.22 0.47 2.12 0.44 .59 2.95 26.57 6.23 16.53 24.84 4.55 5.26 23.80 21.33 62.25 13.86
0.51 16.32 10.89 4.47 2.23 9.66 0.79 9.65 2.30 0.13 1.53 2.81 0.44 1.04 0.71 3.57 2.42 21.77 6.53 13.13 19.41 4.02 5.95 20.78 14.54 52.31 13.44
0.56 16.66 10.37 5.23 2.71 11.04 0.43 10.54 2.75 0.12 0.81 3.01 0.38 1.84 0.41 3.74 2.85 17.37 5.51 11.58 16.00 4.08 5.59 16.18 14.37 50.48 13.05
0.43 10.69 7.36 4.01 1.82 7.29 1.03 7.42 1.72 0.13 1.23 2.74 0.43 1.21 1.84 3.69 3.43 20.52 6.22 16.28 22.30 5.00 7.70 22.60 17.40 52.94 12.25

Table 8.12: Multilingual Retrieval Results.

The average is the aggregated average of the 3 big tasks.



model name STS12 STS13 STS14 STS15 STS16 STS17 STS-b mean

voyage-multimodal-3 71.62 81.60 77.98 86.85 82.62 89.68 82.55  81.84
royokong/e5-v 73.15 78.18 74.88 84.22 79.45 85.84 79.40  79.30
TIGER-Lab/VLM2Vec-Full 71.15 65.88 62.63 76.00 75.36 83.72 73.75  72.64
TIGER-Lab/VLM2Vec-LoRA 71.18 65.87 62.61 75.92 75.34 83.55 73.64  72.59
EVA02-CLIP-bigE-14-plus 63.36 68.00 66.38 79.45 75.26 82.87 68.59  71.99
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 62.81 68.16 65.50 78.67 74.89 79.97 66.54  70.93
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K  62.36 67.64 64.25 77.36 73.48 80.63 63.38  69.87
google /siglip-large-patch16-384 66.30 62.08 61.66 77.11 73.27 79.58 66.59  69.51
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 61.85 66.43 62.32 76.73 72.67 79.88 64.13  69.14
EVA02-CLIP-bigE-14 62.24 62.36 62.17 77.41 73.63 80.96 62.85  68.80
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K  64.19 63.81 62.34 75.48 69.90 80.04 63.51  68.47
google/siglip-so400m-patch14-384 61.90 62.95 60.58 76.17 73.48 78.41 62.63  68.02
google/siglip-base-patch16-512 64.97 59.10 61.13 75.08 71.27 80.09 62.21  67.69
google/siglip-large-patch16-256 63.94 59.44 59.35 75.74 71.83 79.21 62.50  67.43
google/siglip-base-patch16-384 64.62 59.38 61.17 74.34 70.29 79.27 60.28  67.05
Salesforce /blip-itm-base-coco 62.91 55.14 60.17 72.83 71.59 77.32 66.50  66.64
google/siglip-base-patch16-256 65.01 58.02 60.36 74.25 69.09 78.73 57.65  66.16
openai/clip-vit-base-patch16 63.82 63.26 56.99 73.32 68.91 78.18 57.93  66.06
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 57.52 62.75 59.94 74.55 70.61 75.92 59.43  65.82
laion/CLIP-ViT-H-14-laion2B-s32B-b79K 57.00 62.25 58.62 74.40 70.57 76.69 58.99  65.50
google /siglip-base-patch16-256-multilingual 66.62 54.80 59.00 72.65 68.33 80.53 56.29  65.46
openai/clip-vit-large-patch14 53.89 66.78 55.98 72.03 70.49 75.26 56.74  64.45
Salesforce /blip-itm-base-flickr 59.24 54.45 57.87 71.10 68.17 75.97 6293 64.25
google /siglip-base-patch16-224 63.19 55.40 57.99 73.07 67.79 T7.78 54.50  64.25
BAAI/bge-visualized-m3 63.93 56.91 58.19 70.94 63.49 79.18 56.48  64.16
EVA02-CLIP-L-14 53.75 60.82 57.12 71.53 67.46 80.14 50.46  63.04
Salesforce/blip-itm-large-coco 62.32 50.97 55.16 70.15 67.33 75.69 58.53  62.88
kakaobrain /align-base 53.17 57.50 56.01 69.13 66.43 77.55 59.42  62.74
jinaai/jina-clip-v1 57.96 55.80 56.95 70.52 67.98 76.94 52.18  62.62
Salesforce /blip-image-captioning-large 61.67 50.18 54.12 70.03 66.63 76.43 56.41  62.21
BAAI/bge-visualized-base 55.35 57.31 57.57 68.27 62.39 75.52 54.66  61.58
Salesforce /blip-itm-large-flickr 59.68 47.46 52.82 68.29 64.20 72.77 55.86  60.16
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 53.70 57.16 52.74 66.64 61.30 74.69 50.48  59.53
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K  54.86 45.82 48.85 64.02 59.62 73.31 49.15  56.52
Salesforce /blip-image-captioning-base 49.34 46.84 48.29 60.57 60.54 72.56 49.54  55.38
openai/clip-vit-base-patch32 53.81 52.50 43.69 59.56 53.01 71.01 47.17  54.39
blip2-finetune-coco 41.36 38.11 38.33 54.36 46.06 62.61 39.18  45.72
EVA02-CLIP-B-16 40.25 36.57 39.17 51.18 48.86 54.15 31.58  43.11
blip2-pretrain 38.81 38.72 35.57 51.81 42.20 58.49 33.68  42.75
nomic-ai/nomic-embed-vision-v1.5 40.13 21.22 21.44 27.21 31.39 40.46 23.16  29.29
facebook /dinov2-base 24.13 5.82 0.36 13.75 18.05 43.02 12.65  16.83
facebook/dinov2-giant 24.34 1.18 1.06 13.65 18.43 37.07 9.48 15.03
nyu-visionx/moco-v3-vit-b 24.03 2.19 0.63 11.48 19.80 39.54 6.56 14.89
nyu-visionx,/moco-v3-vit-1 20.90 3.38 -1.13 12.99 22.00 40.27 4.70 14.73
facebook/dinov2-large 17.45 0.05 -2.39 12.28 19.35 43.67 6.31 13.82
facebook/dinov2-small 13.39 2.39 -1.9 12.02 16.47 43.1 5.37 12.98

Table 8.13: Visual STS English Results. Note that for STS-17 and STS-b, we
only average the English subset here.
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model name ko-ko ar-ar en-ar en-de en-tr es-en es-es fr-en it-en nl-en mean
voyage-multimodal-3 62.80 65.75 3440 80.42 4498 74.72 83.70 75.07 77.76 7825 67.79
royokong/eb-v 14.45 3252 11.28 53.00 23.88 51.92 7442 4498 4450 5429 40.52
google/siglip-so400m-patch14-384 13.65 4576 11.22  46.07 30.62 40.08 73.62 46.36 36.45 44.95 38.88
openai/clip-vit-large-patch14 11.07 39.12 1895 4571 39.70 36.76 70.11 44.06 40.17 41.63 38.73
TIGER-Lab/VLM2Vec-Full 17.96 36.74  7.10 36.47 16.96 46.72 7295 44.67 3548 4237 35.74
TIGER-Lab/VLM2Vec-LoRA 17.99 3724  6.54 3642 16.69 47.32 72.77 44.70 35.33 4240 35.74
google/siglip-base-patch16-256-multilingual 16.64 28.48 1.67 45.64 20.73 47.14 73.28 4191 40.14 3885 3545
google/siglip-large-patch16-384 15.67 3251 14.53 35.06 30.00 39.64 72.06 35.62 33.52 33.19 34.18
google/siglip-base-patch16-512 2337 29.28 16.98 37.38 25.21 3441 71.24 3853 2849 34.33 33.92
google/siglip-base-patch16-384 23.08 3456 17.04 3529 2275 3258 7225 3739 27.05 3236 3343
google/siglip-large-patch16-256 16.00 31.32 16.79 31.32 1898 36.14 71.79 34.93 40.67 36.17 33.41
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K ~ 14.28 36.47 12.75 43.10 19.70 37.37 71.62 36.88 30.78 30.76 33.37
openai/clip-vit-base-patch16 10.54  36.25 13.13  41.57 3542 24.63 6295 38.72 31.40 38.63 33.32
laion/CLIP-ViT-H-14-laion2B-s32B-b 79K 19.39 3339 1949 43.78 16.68 27.99 62.58 39.32 2859 37.33 32.85
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 14.38 3239 1221  36.74 1499 30.44 69.77 39.77 36.44 34.83 32.20
Salesforce /blip-itm-large-coco 19.71 30.04 17.25 4146 21.80 29.98 60.52 27.65 29.31 41.20 31.89
google/siglip-base-patch16-256 21.40 30.46 12.67 30.19 19.81 2850 T71.68 36.55 28.75 30.72 31.07
google/siglip-base-patch16-224 21.00 25.03 14.36 31.20 24.80 29.32 69.85 35.70 27.46 28.98 30.77
Salesforce /blip-itm-base-flickr 19.73  35.78 9.69  38.30 9.73 2246 66.17 36.40 23.99 40.03 30.23
Salesforce/blip-image-captioning-large 19.14 3245 11.21 36.68 16.77 23.02 62.57 27.84 25.01 39.19 29.39
Salesforce/blip-itm-base-coco 2240 3247  0.66 3833 1547 20.01 69.76 28.71 27.11 3535 29.03
jinaai/jina-clip-v1l 19.32 2780  7.55 31.29 229 29.59 67.75 24.06 24.69 34.41 26.88
Salesforce/blip-itm-large-flickr 2230 30.66 847 3223 644 2743 54.65 24.72 24.76 36.65 26.83
EVA02-CLIP-bigE-14 1097 29.99 1349 2276  6.39 29.03 57.16 36.66 33.43 26.16 26.60
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 17.17 2993 14.27 2850 -4.79 34.19 66.07 29.70 29.02 21.18 26.52
kakaobrain /align-base 17.69 17.70 21.55 21.27 19.33 2831 54.37 34.11 30.89 19.58 26.48
EVA02-CLIP-bigE-14-plus 11.36  31.51 10.71 24.33 -10.05 20.18 59.20 36.12 28.60 33.18 24.52
facebook/dinov2-small 14.31 32.77 1252 31.11 2547 11.11 35.33 20.38 27.78 29.28 24.01
blip2-finetune-coco 14.35 3872 717 2518 7.01 2048 39.44 30.76 22.85 3243 23.84
nyu-visionx,/moco-v3-vit-1 14.19  30.79 6.57 32.83 26.85 1251 37.19 2541 2519 2288 23.44
Salesforce /blip-image-captioning-base 28.34 31.68 -0.59 22.27 581 16.40 56.30 17.16 2348 27.69 22.85
EVA02-CLIP-L-14 14.77  29.65 18.89 3.52  16.61 12.23 45.55 32.61 30.84 23.63 22.83
facebook /dinov2-large 21.28 2850 17.80 28.70 27.26 12.43 39.85 18.48 18.46 1534 2281
nyu-visionx,/moco-v3-vit-b 13.96  32.60 19.96 2948 20.01 15.71 3247 2399 20.73 1886 22.78
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K ~ 19.21 1840 -1.69 33.07  6.57 16.93 62.39 20.93 19.40 32.23 22.74
laion /CLIP-ViT-B-32-laion2B-s34B-b79K 16.25 21.73 420 17.82 17.37 25.07 57.03 2291 2149 2338 22.72
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 18.23 20.71  4.66 19.38  0.88 19.49 61.89 31.63 27.75 18.38 22.30
openai/clip-vit-base-patch32 18.10 2830 825 2215 1797 1215 47.56 1948 2274 25.05 22.18
blip2-pretrain 15.88 2899 11.13 23.70 1.60 21.98 4255 26.16 20.60 25.92 21.85
BAAI/bge-visualized-m3 14.76 18.55 -6.92  30.64 6.53 8.45 45.41 34.38 34.44 30.03 21.63
BAAI/bge-visualized-base 19.12 23.67 -1.90 17.37 3.89 2.68 50.85 27.90 25.82 35.52 20.49
facebook/dinov2-base 17.94 2839 1825 2890 1441 891 3540 11.87 20.30 16.51 20.09
facebook /dinov2-giant 12.60 28.87 7.33  24.60 1836 11.10 30.99 11.90 16.65 9.77 17.22
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K ~ 17.88 13.79 1.29 1583 -1.65 17.27 53.68 17.71 19.68 11.65 16.71
EVA02-CLIP-B-16 18.02 19.60  3.58 7.10 22.06 452 4886 12.82 17.07 11.99 16.56
nomic-ai/nomic-embed-vision-v1.5 19.97 19.17  -4.26 -7.82 -14.73 -6.12 38.29 -4.65 6.36 -2.8 4.34

Table 8.14: Visual STS cross-lingual Results.

163



model name de es fr it nl pl pt ru zh  mean
voyage-multimodal-3 74.13 7599 7443 73.96 71.34 68.83 7348 72.68 72.60 73.05
royokong/e5-v 58.29 64.24 61.79 64.11 55.15 52.17 63.59 35.88 12.57 51.98
TIGER-Lab/VLM2Vec-LoRA 52.69 60.83 58.64 52.77 49.55 45.77 55.09 4543 17.35 48.68
TIGER-Lab/VLM2Vec-Full 52.65 60.78 58.68 52.63 49.62 45.78 55.06 45.39 17.22 48.65
Salesforce /blip-itm-base-coco 55.58 53.93 59.40 50.63 53.46 51.69 53.05 34.62 20.94 48.14
Salesforce /blip-itm-base-flickr 54.46 50.91 56.04 49.89 50.94 48.19 50.37 32.37 19.32 45.83
google/siglip-large-patch16-384 55.72 56.23 54.78 54.24 4245 41.24 51.62 36.86 14.97 45.35
google/siglip-base-patch16-256-multilingual 48.11 5345 51.69 51.65 41.15 48.08 46.85 51.42 1348 45.10
google /siglip-s0400m-patch14-384 50.73 56.23 54.72 51.56 45.65 35.84 45.88 39.68 14.86 43.91
google /siglip-large-patch16-256 53.23 5239 50.98 50.46 40.22 42.55 45.53 37.50 12.38 42.80
google/siglip-base-patch16-512 45.18 49.45 53.46 47.26 43.27 4495 43.68 39.47 14.14 42.32
jinaai/jina-~clip-v1 4725 4742 53.08 48.58 47.44 47.15 44.23 34.84 10.67 42.30
google/siglip-base-patch16-384 45.57 48.15 51.66 45.55 4249 44.71 4336 36.71 16.70 41.66
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K  47.05 45.13 50.76 44.24 38.21 34.94 37.87 30.89 14.65 38.19
google/siglip-base-patch16-256 4240 44.36 46.72 41.73 38.72 4234 39.56 35.01 9.34 37.80
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 38.00 43.63 52.36 44.84 34.84 33.19 37.51 2843 19.19 36.89
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 48.01 4147 45.03 37.56 36.84 36.02 32.73 30.53 23.65 36.87
google/siglip-base-patch16-224 40.38 41.80 45.75 37.90 37.64 42.65 37.01 32.81 10.79 36.30
Salesforce /blip-itm-large-coco 42.62 36.03 43.42 39.51 37.83 39.55 32.01 32.30 16.21 35.50
laion/CLIP-ViT-H-14-laion2B-s32B-b79K 41.31 39.11 48.44 34.22 3448 3320 32.09 26.94 23.88 34.85
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K  41.25 31.76 45.92 34.60 35.79 40.38 36.57 26.67 15.18 34.24
Salesforce /blip-itm-large-flickr 40.76 33.39 41.04 39.40 34.23 40.14 2892 30.72 18.93 34.17
EVA02-CLIP-bigE-14-plus 31.96 37.53 46.88 38.94 29.78 2750 33.35 25.05 16.20 31.91
openai/clip-vit-large-patch14 37.50 44.18 47.53 36.89 32.51 23.41 3549 14.06 12.12 31.52
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K  38.22 28.92 38.00 23.87 32.90 43.21 28.62 27.29 13.95 30.55
EVA02-CLIP-bigE-14 37.10 35.37 41.49 31.98 28.04 25.33 30.62 2535 14.58 29.98
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 39.99 31.22 40.69 28.57 28.49 2758 2585 22.66 22.58 29.74
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 4143 26.40 35.96 28.13 29.75 34.85 28.60 21.84 19.50 29.61
BAAI/bge-visualized-base 3240 2899 37.14 29.10 31.45 36.66 29.16 2091 15.35 29.02
EVA02-CLIP-B-16 30.68 27.02 36.05 27.13 29.71 3241 29.06 25.40 16.71 28.24
kakaobrain/align-base 34.60 25.79 38.57 26.95 32.79 2888 22.60 23.02 19.63 28.09
openai/clip-vit-base-patch16 32.72 30.81 39.06 29.46 23.46 28.15 26.30 14.69 11.85 26.28
BAAI/bge-visualized-m3 32.04 2226 36.13 27.05 24.47 27.96 26.80 17.00 14.02 25.30
nomic-ai/nomic-embed-vision-v1.5 29.92 23.12 2335 2293 21.92 30.96 20.85 25.16 16.55 23.86
EVA(02-CLIP-L-14 22.00 28.24 33.36 22.67 21.75 21.31 1891 16.84 14.04 22.12
blip2-finetune-coco 24.59 20.31 27.19 21.90 21.13 25.57 2240 19.31 14.71 21.90
blip2-pretrain 22.79 19.74 31.75 23.77 1754 26.10 2449 17.69 11.26 21.68
openai/clip-vit-base-patch32 29.41 23.43 26.85 20.55 19.05 30.37 14.01 18.59 10.52 21.42
facebook /dinov2-base 23.73 16.42 19.46 16.06 17.90 21.00 11.48 17.09 23.32 18.50
facebook/dinov2-giant 21.10 16.14 22.06 12.74 16.13 21.79 16.47 17.30 19.34 18.12
facebook/dinov2-large 20.60 13.14 2047 10.65 1591 19.60 11.28 19.78 22.36 17.09
nyu-visionx/moco-v3-vit-1 14.76 948 1535 8.17 11.68 16.31 11.01 12.31 20.54 13.29
nyu-visionx/moco-v3-vit-b 1298 9.99 1534 6.77 1262 14.02 10.74 13.33 1830 12.68
facebook/dinov2-small 10.87 11.58 1294 6.70 9.17 13.27 818 996 1797 11.18

Table 8.15: Visual STS multilingual Results.
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Model name ArxivQA DocVQA InfoVQA  Shift Syn.Doc Syn.Doc Syn.Doc Syn.Dic Syn. Tatdqa Avg.
Project QAAI QAEnergy QAGov. QAHealth. Tabfquad
voyage-multimodal-3 84.61 49.76 86.11 7748 83.56 79.42 83.92 82.39 56.36 27.63 7113
royokong/e5-v 48.27 34.73 69.22 42.47 78.91 78.11 82.16 82.31 81.37 2932 62.69
google/siglip-so400m-patch14-384 50.21 31.28 69.73 25.04 67.78 73.52 75.35 83.10 60.29 27.52  56.38
google/siglip-large-patch16-384 47.45 28.53 64.11 25.37 64.87 67.34 74.52 74.67 61.09 25.26  53.32
google/siglip-base-patch16-512 46.02 28.38 64.51 22.95 63.51 66.79 72.79 79.70 50.71 25.30  52.06
TIGER-Lab/VLM2Vec-Full 42.84 26.74 66.68 25.01 53.51 63.49 64.03 70.73 63.54 21.45  49.80
TIGER-Lab/VLM2Vec-LoRA 42.59 26.92 67.64 24.34 54.02 63.35 64.06 70.62 61.93 21.61  49.71
google/siglip-base-patch16-384 43.59 26.43 59.28 14.46 55.75 57.47 58.54 67.67 47.61 19.19  45.00
laion/ CLIP-ViT-bigG-14-laion2B-39B-b160k 38.84 20.44 60.90 25.02 55.42 59.95 62.27 57.86 35.02 16.21  43.19
laion/ CLIP-ViT-H-14-laion2B-s32B-b79K 33.03 19.14 58.82 21.81 54.09 60.23 52.92 55.50 33.11 1541 4041
google/siglip-large-patch16-256 40.19 22.39 54.09 9.13 43.40 50.79 55.45 56.03 49.81 12.38  39.37
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K 34.51 19.68 55.61 16.19 47.20 58.93 50.28 58.04 30.70 1527 38.64
openai/ clip-vit-large-patch14 28.64 16.69 62.44 17.05 38.25 61.62 52.84 60.23 30.95 11.00
laion/ CLIP-ViT-g-14-laion2B-s34B-b88K 32.82 18.10 56.85 16.72 40.12 60.07 52.21 52.09 32.51 14.80
laion/ CLIP-ViT-L-14-laion2B-s32B-b82K 30.96 17.79 52.46 13.10 44.98 57.08 49.29 53.15 29.13 14.68
EVA02-CLIP-bigE-14-plus 34.86 16.84 55.19 12.76 34.57 44.99 43.14 42.47 30.36 7.52
google/siglip-base-patch16-256 35.17 19.42 48.73 5.45 31.06 41.28 40.07 49.94 37.00 8.50
EVA02-CLIP-bigE-14 32.72 16.35 54.80 10.14 33.53 48.50 41.32 42.98 28.80 7.09
kakaobrain /align-base 23.31 18.03 43.15 10.47 41.43 49.76 42.07 47.46 29.00 9.69
laion /CLIP-ViT-B-16-DataComp.XL-s13B-b90K 28.88 13.97 46.88 7.25 32.17 38.53 31.05 35.83 26.60 9.07
google/siglip-base-patch16-256-multilingual 30.33 16.96 45.28 3.89 22.72 29.93 28.73 37.17 44.16 4.38
/siglip-base-patch16-224 31.49 16.04 46.11 3.71 25.27 35.53 32.35 37.01 29.04 5.08
ip-vit-base-patch16 26.54 14.60 51.70 7.13 22.86 32.43 39.84 37.54 17.61 4.71
JLIP-L-14 30.44 11.24 48.48 4.44 20.36 29.87 18.37 33.68 20.64 3.28
Salesforce /blip-itm-large-flickr 24.89 12.11 33.95 4.66 17.40 23.16 16.14 27.18 21.87 3.33
Salesforce/blip-itm-base-coco 20.55 11.68 32.30 5.05 18.70 18.68 24.74 25.58 19.42 3.42
Salesforce /blip-itm-large-coco 22.65 11.25 31.37 4.08 16.22 19.03 19.85 24.45 24.59 3.50
jinaai/jina-clip-v1 25.40 10.99 35.12 3.84 15.57 19.34 21.83 20.84 20.14 3.34
laion /CLIP-ViT-B-32-laion2B-s34B-b79K 24.01 10.50 35.35 4.95 18.39 22.52 14.50 18.60 16.09 3.66
blip2-finetune-coco 14.68 10.37 31.97 4.08 13.78 18.23 17.47 23.95 17.60 3.80
Salesforce/blip-itm-base-flickr 17.06 10.81 29.65 4.50 14.73 15.23 15.23 20.40 19.33 2.71
openai/clip-vit-base-patch32 17.11 9.48 37.15 1.00 11.06 18.31 9.14 13.14 14.09 1.86
laion/ CLIP-ViT-B-32-DataComp.XL-s13B-b90K 16.57 9.03 27.09 3.06 13.62 15.67 9.08 12.51 14.92 2.76
BAAI/bge-visualized-m3 18.10 8.26 32.79 1.39 9.91 8.91 8.41 12.58 21.61 1.81
blip2-pretrain 11.25 5.74 30.92 4.12 16.04 15.05 10.66 14.42 12.53 2.31
nomic-ai/nomic-embed-vision-v1.5 15.86 9.25 29.55 0.00 11.10 10.94 8.90 15.79 15.20 2.61
BAAIT/bge-visualized-base 15.20 7.05 29.64 3.02 7.34 11.05 6.91 9.39 11.83 1.94
EVA02-CLIP-B-16 16.22 5.84 25.13 1.43 8.19 9.58 5.26 10.35 10.88 1.30

Table 8.16: Document Understanding Results.

model name

CIFAR10 DTD EuroSAT FER2013 GTSRB MNIST PatchCamelyon STL10 VOC2007 mean
EVA02-CLIP-bigE-14-plus 99.50 81.14 93.86 50.84 88.99 92.79 76.48 99.76 91.68 86.11
google/siglip-so400m-patch14-384 96.92 80.81 88.97 47.41 86.39 96.11 75.41 99.51 92.40 84.88
google/siglip-large-patch16-384 96.74 80.47 89.62 46.20 85.76 96.21 77.31 99.33 92.23 84.87
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 98.42 79.50 92.22 47.30 87.69 96.12 71.25 99.53 91.81 84.87
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 97.88 78.87 91.84 45.64 85.48 96.53 74.08 99.39 91.99 84.63
EVA02-CLIP-bigE-14 99.47 79.74 93.36 49.19 85.84 92.60 72.82 99.73 85.98 84.30
google/siglip-large-patch16-256 96.72 80.00 89.28 45.45 84.24 96.05 75.48 99.21 92.12 84.28
laion/CLIP-ViT-H-14-laion2B-s32B-b79K 97.64 79.26 92.36 44.29 83.89 96.17 73.02 99.39 92.11 84.24
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 97.15 78.61 91.26 44.71 84.19 95.03 72.32 99.18 91.94 83.82
royokong/e5-v 94.14 72.24 87.51 53.96 80.02 91.60 72.39 98.81 96.11 82.98
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K 98.55 78.50 T7.57 41.32 88.12 96.16 73.53 99.44 91.68 82.76
google/siglip-base-patch16-512 92.66 79.48 86.40 42.92 80.76 95.48 73.52 98.72 92.63 82.51
google/siglip-base-patch16-256 93.34 78.64 87.61 42.46 79.87 95.71 73.10 98.35 92.29 82.37
google/siglip-base-patch16-384 92.91 79.05 86.99 42.08 80.15 95.35 73.57 98.63 92.54 82.36
google /siglip-base-patch16-256-multilingual 92.89 77.94 87.44 42.73 80.31 94.98 73.91 98.24 91.88 82.26
google/siglip-base-patch16-224 92.60 77.94 87.75 42.19 80.07 95.42 73.07 98.33 92.02 82.15
openai/clip-vit-large-patch14 96.15 72.78 80.54 47.11 83.59 93.70 74.74 99.39 90.93 82.10
blip2-finetune-coco 97.70 72.60 76.89 50.45 79.87 93.44 71.68 99.38 94.41 81.82
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K 96.84 76.26 88.84 35.28 83.10 95.14 70.21 98.57 90.74 81.66
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 94.05 74.00 88.93 40.98 78.19 95.00 69.68 97.77 90.28 80.99
blip2-pretrain 98.62 74.29 T8.77 52.37 68.19 92.86 73.17 98.60 90.62 80.83
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K 95.86 74.19 89.07 32.75 81.41 95.55 69.92 97.67 89.63 80.67
voyage-multimodal-3 95.54 72.56 79.27 46.69 75.52 94.48 67.79 98.78 78.51 78.79
openai/clip-vit-base-patch16 91.60 69.51 74.21 45.63 72.69 91.14 70.60 98.65 90.46 78.28
facebook/dinov2-giant 98.53 76.09 84.53 41.06 55.14 85.82 T4.17 97.84 85.44 77.62
facebook/dinov2-base 96.45 75.93 81.66 39.94 53.48 86.71 72.73 97.72 85.94 76.73
facebook/dinov2-large 97.95 76.45 80.23 41.40 53.22 82.40 74.37 97.93 85.51 76.61
openai/clip-vit-base-patch32 89.85 66.61 67.23 42.88 70.12 89.47 70.96 97.73 90.07 76.10
facebook /dinov2-small 92.95 72.43 81.86 37.27 52.22 86.58 74.55 97.36 86.94 75.80
Salesforce/blip-itm-large-coco 95.74 70.59 80.90 48.09 64.53 83.92 67.69 98.85 69.32 75.52
TIGER-Lab/VLM2Vec-Full 87.93 68.51 75.80 51.41 65.06 86.75 68.21 97.60 71.00 74.70
TIGER-Lab/VLM2Vec-LoRA 87.94 68.48 75.74 51.37 65.09 86.71 68.16 97.60 70.97 74.67
BAAI/bge-visualized-base 97.75 68.26 83.34 44.65 52.04 81.55 65.19 99.19 68.89 73.43
Salesforce /blip-itm-base-coco 87.66 69.79 80.86 43.86 62.95 85.72 64.62 97.87 66.72 73.34
kakaobrain /align-base 81.23 74.04 65.29 35.89 59.44 86.78 68.30 95.95 91.81 73.19
Salesforce/blip-itm-large-flickr 94.34 69.16 79.05 45.43 58.18 83.56 66.09 98.37 64.03 73.13
jinaai/jina-clip-v1 90.62 68.06 83.27 44.50 57.54 84.04 62.97 97.06 66.89 T2.77
nyu-visionx/moco-v3-vit-1 90.13 67.04 89.50 34.78 49.80 78.94 73.08 95.39 72.80 72.39
BAAI/bge-visualized-m3 96.27 62.98 T 44.63 50.14 80.83 68.29 98.84 67.35 71.90
EVA02-CLIP-L-14 98.99 65.09 83.89 44.24 59.34 74.80 69.04 99.39 51.74 71.83
nyu-visionx,/moco-v3-vit-b 89.36 65.95 88.65 32.70 45.93 76.74 72.99 95.14 71.02 70.94
Salesforce/blip-itm-base-flickr 83.85 66.71 78.81 41.93 56.24 83.78 63.98 96.89 60.62 70.31
Salesforce/blip-image-captioning-large 94.58 66.27 60.57 43.60 59.85 80.69 66.72 98.23 45.21 68.41
EVA02-CLIP-B-16 98.12 61.34 77.12 43.70 38.39 76.46 65.57 99.00 45.06 67.20
nomic-ai/nomic-embed-vision-v1.5 97.25 64.16 49.01 32.04 49.03 76.17 65.69 98.59 60.33 65.81
Salesforce/blip-image-captioning-base 81.37 64.47 53.31 41.23 34.90 85.13 63.43 94.20 34.29 61.37

Table 8.17:

Linear Probe for coarse-grained tasks.
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model name Birdsnap Caltech101 CIFAR100 Country211 FGVCAircraft Food101 Imagenetlk OxfordFlowers OxfordPets RESISC45 StanfordCars SUN397 UCF101 mean

EVA02-CLIP-bigE-14-plus 80.77 97.40 94.15 31.64 78.19 94.93 82.40 99.55 94.99 92.77 95.41 80.52 93.25 85.84
EVA02-CLIP-bigE-14 78.22 96.40 93.76 28.84 7437 94.70 81.47 99.47 94.31 91.96 95.02 79.93 92.12 84.66
google//siglip-so400m-patch14-384 7291 97.03 84.59 3247 78.49 9547 82.16 9 94.85 91.64 95.7¢ 80.16 91.65 84.36
google/siglip-large-patch16-384 72.02 96.83 83.49 75.44 95.00 81.20 95.09 90.94 79.03 90.45 82.89
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 7419 96.53 88.03 70.02 92.52 78.23 93.49 90.94 78.35 90.84 82.79
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 7186 95.36 86.62 65.99 9113 2 92 90.74 7819 89.10 81.48
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K 72.60 96.44 88.85 64.15 92.73 90.44 88.64 81.41
laion/CLIP-ViT-H-14-laion2B-s32B-b79K 72.26 95.75 86.29 65.09 91.04 90.88 89.76 81.26
google/siglip-large-patch16-256 65.89 96.77 83.48 115 93.64 89.93 88.87 81.20
google/siglip-base-patch16-512 67.46 96.93 7447 70.08 92.67 88.36 87.73 79.77
facebook /dinov2-giant 81.88 89.14 89.63 70.37 88.10 86.30 89.19 79.77
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 68.42 93.79 84.73 60.45 89.61 90.14 87.49 79.45
google/siglip-base-patch16-384 66.16 97.11 74.81 69.00 9213 88.44 86.96 79.37
facebook /dinov: rge 81.05 89.58 88.83 65.14 87.79 86.21 88.08 78.95
openai/clip-vit-large-patch14 67.59 94.32 79.99 56.19 91.99 89.64 76.08 87.78 78.76
google/siglip-base-patch16-256 60.18 96.82 75.67 66.13 90.25 87.52 75.66
google /siglip-base-patch16-224 5891 96.79 74.10 66.07 89,88 75.27
google/siglip-base-patch16-256-multilingual 57.22 96.98 7468 50.93 89.97 7462
facebook /dinov ase 7724 89.45 84.49 62.74 84.44 7103
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K 62.55 95.36 83.40 53.93 88.07 73.72
openai/clip-vit-base-patch1 93.47 71.24 16.01 86.46 7213
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K 94.77 80.84 49.27 81.51 70.51
facebook /dinov2-small 88.58 77.02 58.67 T7.68 66.65
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 94.89 77T 4712 78.78 71.65
kakaobrain/align-base 96.93 58.83 40.19 82.7: 74.09
royokong/e5-v 91.83 7190 37.74 85.31 72,64
blip2-finetune-coco 90.25 82.26 35.21 84.13 7234
ualized-base 90.59 82.96 35.91 84.12 73.62
ase-patch32 91.51 67.41 38.13 79.45 69.53
91.82 87.51 88.24 75.64
Salesforce,/blip-itm-large-coco 89.12 76.45 81.76 72.89
nomic-ai/ nomic-e d-vision-v1.5 87.50 84.12 86.86 68.93
Salesforce,/ blip-itm-large-flickr 87.89 73.50 81.95 7142
jinaai/jina-clip-vl 88.22 70.19 79.50 69.62
voyage-multimodal-3 91.39 7813 87.38 76.31
EVA02-CLIP-L-14 89.87 90.21 68.46
Salesforce /blip-image-captioning-large ST.77 78.36 70.18
Salesforce /blip-itm-base-coco 88.63 76.31 7110
BAAI/bge-visualized-m3 88.35 80.37 73.41
Salesforce,/blip-itm-base-flickr 87.43 74.50 67.47
Salesforce/blip-image-captioning-base 86.20 68.50 64.54
86.62 54.39 57.15
85.44 50.54 55.18
92.40 74.68 71.06
Lab/VLM2Vec-Full 92.22 7471 7104
EVA02-CLIP-B-16 88.76 80.76 0.55 0.46 T2.88 48.16
Table 8.18: Linear Probe for fine-grained tasks
model name CIFAR10 CLEVR CLEVRCount DTD EuroSAT FER2013 GTSRB MNIST PatchCamelyon RenderedSST2 STL10 mean
ZeroShot  ZeroShot ZeroShot ZeroShot ZeroShot ZeroShot ZeroShot ZeroShot ZeroShot ZeroShot
google /siglip-so400m-patch14-384 96.89 2243 40.57 66.91 58.69 54.21 64.46 88.56 54.82 70.07 98.75 65.12
voyage-multimodal-3 94.56 13.91 45.65 59.04 52.35 51.35 55.11 88.83 61.11 85.45 98.71
EVA02-CLIP-bigE-14-plus 99.37 19.97 29.72 63.99 71.30 54.51 68.24 73.93 64.05 61.50 98.96
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 97.94 20.05 29.71 64.20 66.56 57.13 61.15 77.09 62.45 63.37 98.23
google/siglip-large-patch16-256 96.14 21.47 40.65 64.73 53.80 56.59 61.30 85.00 52.30 61.67 99.11
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 97.81 18.59 3743 66.17 55.66 49.78 78.74 54.67 65.57 98.83
google/siglip-large-patch16-384 95.67 20.73 32.99 63.78 55.11 58.28 63.71 85.17 52.38 56.40 99.30
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K 98.10 25.19 35.57 64.47 70.70 40.97 56.92 81.44 51.99 55.63 99.18
EVA02-CLIP-bigE-14 99.21 16.18 63.30 74.76 54.42 65.31 79.46 49.20 58.21 99.08
laion /CLIP-ViT-H-14-laion2B-s32B-b 79K 97.12 16.85 62.50 72.30 50.82 57.49 78.10 51.87 62.00 98.31
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 96.92 16.09 58.88 65.35 56.27 58.27 64.12 56.02 60.57 98.75
EVA02-CLIP-L-14 99.09 20.17 62.77 67.20 49.44 56.77 50.96 61.50 99.63
google/siglip-base-patch16-384 93.16 2237 65.27 39.96 51.23 51.87 69.18 55.96 98.65
google/siglip-base-patch16-512 92.96 2221 65.53 38.37 51.41 5117 60.91 57.22 98.55
google/siglip-base-patch16-256 93.60 23.39 65.37 44.19 53.01 50.78 50.56 57.55 98.19
google /siglip-base-patch16-224 92.57 24.00 63.51 41.09 52.42 51.98 53.70 52.33 98.23
royokong,/e5-v 89.66 15.80 54.52 50.48 58.44 46.17 53.84 76.06 96.58
google/siglip-base-patch16-256-multilingual 91.23 20.36 61.06 33.33 5118 53.06 51.94 56.84 97.63
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K 96.27 23.57 55.37 52.06 30.66 53.34 55.40 52.44 98.09
openai/clip-vit-large-patch14 95.17 16.08 52.82 60.85 4752 4871 50.44 69.80 99.46
laion/CLIP-ViT-B-32-laion2B-s34B-b 79K 18.85 48.70 47.21 45.74 60.14 56.23 96.39
Salesforce /blip-itm-large-coco 19.08 49.20 47.35 34.82 52.68 50.08 98.33
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K 20.64 55.31 27.90 48.89 50.15 49.42
blip2-pretrain 24.71 65.69 51.10 27.05 51.13 51.78 97.99
EVA02-CLIP-B-16 15.69 21.09 58.46 48.31 42.35 50.05 53.93 99.46 52.82
nomic-ai/nomic-embed-vision-v1.5 15.81 23.39 42.37 26.99 44.26 62.84 56.51 96.16 52.82
blip2-finetune-coco 25.03 15.96 52.31 51.88 40.33 52.97 50.63 99.03 52.58
jinaai /jina-clip-vl 15.62 22.35 47.37 47.21 38.76 50.73 58.98 97.81
openai/ clip-vit-base-patch16 15.83 21.21 48.59 43.55 41.05 49.00 60.52 98.38 52.13
TIGER-Lab/VLM2Vec-Full 19.26 31.59 24.80 32.22 41.51 49.97 78.42 95.43 51.51
TIGER-Lab/VLM2Vec-LoRA 19.25 31.69 24.93 31.72 41.93 49.98 78.75 95.46 51.38
openai/ clip-vit-b: patch32 16.34 23.20 49.74 43.52 34.42 61.88 58.48 97.30 51.28
Salesforce/blip-itm-large-flickr 93.88 17.32 13.94 43.50 47.99 33.25 51.54 52.83 98.21 51.27
Salesforce /blip-itm-base-coco 80.87 19.93 21.46 40.39 40.05 35.09 50.07 49.20 97.04 49.38
BAAI/bge-visualized-base 97.41 15.79 16.06 51.37 35.59 32.34 50.00 54.04 98.14 49.01
BAAI/bge-visualized-m3 94.71 21.03 14.01 41.11 37.77 31.08 51.36 57.00 96.7 48.74
kakaobrain /align-base 75.59 23.52 19.47 36.87 37.81 26.84 48.45 57.50 93.73 46.84
Salesforce /blip-itm-base-flickr 7772 12.21 14.08 34.43 29.84 32.54 50.02 51.18 97.23 45.56

Table 8.19: Zero-shot Classification for coarse-grained tasks.
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model name Birdsnap Caltech101 CIFAR100 Country211 FGVCAircraft Food101 Imagenetlk OxfordPets RESISC45 StanfordCars SUN397 UCF101 Avg.

ZeroShot  ZeroShot  ZeroShot ZeroShot ZeroShot ZeroShot  ZeroShot ZeroShot ZeroShot ZeroShot ZeroShot  ZeroShot
EVA02-CLIP-bigE-14-plus 79.20 84.42 91.09 34.05 54.10 94.62 79.13 95.80 72.46 94.17 74.09 69.61
EVA02-CLIP-bigE-14 76.72 85.04 90.81 33.73 48.06 94.64 79.93 95.69 73.51 93.98 76.04 7112

google/sigli
laion/CLIP.

00m-patch14-384 62.51 85.65 81.51 33.81 60.25 95.46 80.89 96.54 69.57 94.63 75.26 76.85
-bigG-14-laion2B-39B-b160k 74.39 84.27 85.35 32.39 49.56 92.78 77.65 95.28 69.76 94.02

laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K  75.63 86.64 20.92 4740 94.24 7741 94.96 7122 92.81
google/siglip-large-patch16-381 : 8139 52.84 94.95 79.93 96.78 68.65 94.19
laion/CLIP-ViT-H-14-laion2B-s32B-h79K 82.96 42,51 92.19 76.11 94.55 70.65 93.02
laion/CLIP-ViT-g-14-laion2B-s34B-hsSK 83.19 2052 4443 91.91 76.44 93.95 7121 93.76
google/siglip-large-patch16-256 84.42 19.92 52.45 93.18 7877 96.16 67.75 93.61
EVA02-CLIP-L-14 83.00 20.23 35.67 92.91 75.06 93.95 69.30 90.03
laion/CLIP-ViT-L-14-laion2B-s32B-h82K 83.76 25.03 35.25 90.41 73.23 93.21 92.12
google/siglip-base-patch16-512 84.11 18.03 45.7: 91.89 78.13 94.96 92.51
google/siglip-base-patch16-384 8424 17.31 45.00 91.27 7733 95.01 92.38
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K 81.80 2052 20.85 90.08 72.23 92.80 88.30
google/siglip-base-patch16-256 83.74 15.08 4476 80.16 75.64 91.25 9101
openai/clip-vit-large-patch14 8199 20.08 32.55 92.34 7121 93.40 76.57
google/siglip-base-patch16-224 83.66 14.33 43.86 89.19 75.12 9417 90.83
EVA02-CLIP-B-16 83.83 2045 2481 88.36 73.19 92.26 78.82
google/siglip-base-patch16-256-multilingual 8455 15.20 3234 80.48 7436 93.79 89.13
laion/CLIP-ViT-B-32-DataComp XL-s13B-b90K 8447 15.99 2439 83.45 67.87 90.43 85.64
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 82.38 15.27 23.85 8167 65.15 90.62 85.59
nomic-ai/nomic-cmbed-vision-v1.5 7237 15.17 28.08 85.99 69.82 91.09 87.44
openai/clip-vit-base-patch 16 79.04 2129 21.90 87.67 63.99 89.04 6051 63.54
openai/clip-vit-base-patch32 78.55 15.96 18.87 82.71 58.81 87.49 53.40 58.61
jinaai /jina-clip-v1 8087 12,19 11.52 76.70, 58.70 80.84 55.63 68.09
Salesforce/blip-itm-large-flickr 81.84 11.67 5.85 76.01 60.95 77.92 57.14 7116
Kakaobrain /align-base 80.57 16.21 11.34 50.98 62.70 84.30 48.89 72.95
Salesforce, blip-itm-large-coco 82.82 10.49 6.99 76.05 60.94 76.64 57.03 69.71
voyage-multimodal-3 7817 11.07 11.67 7442 60.91 7051 61.73 49.40
BAAI/ bge-visualized-base 77.70 863 10.53 63.73 5035 56.23 59.24 43.10
Salesforce,blip-itm-base-coco 79.90 6.82 555 68.03 53 69.09 50.40 66.29
blip2-pretrain 73.06 925 318 75.22 30.04 23.68 55.57 62.89
BAAI/ bge-visualized-m3 7313 9.18 1188 55.13 38.48 19.74 52.06 5
royokong/e5-v 8034 721 7.80 60.69 48.66 32.60 57.95 26.08
Salesforce,/blip-itm-base-flickr 60.31 6.00 5.94 50.57 48.28 62.20 45.46 5412
TIGER-Lab, VLM2Vee-LoRA 79.08 7.99 7.08 57.10 5038 48.02 5271 2237
TIGER-Lab, VLM2Vee-Full 79.24 791 6.99 57.16 50.41 4824 52.59 22.26
blip2-finetunc-coco 72.65 452 513 61.85 44.20 20.93 52.87 20.71

Table 8.20: Zero-shot Classification for fine-grained tasks.

model name AROCocoOrde AROFlickrOrder AROVisualAttribution AROVisualRelation SugarCrepe Winoground ImageCoDE Avg.
royokong,/e5-v 41.30 36.12 74.54 59.20 88.02 11.75 13.21
EVA02-CLIP-bigE-14-plus 45.05 52.82 60.52 51.40 86.50 10.75 12.69
i/clip-vit-base-patch16 48.18 56.12 61.84 53.64 76.90 7.25 12.16
52.83 49.02 61.70 51.36 81.81 6.00 13.03
46.37 56.60 61.40 51.76 9.00 13.21
45.66 54.90 61.63 53.27 8.25 12.86
EVA02-CLIP-B-16 40.54 51.74 61.79 53.92 9.00 13.47
EVA02-CLIP-L-14 39.41 47.00 61.98 53.31 10.25 12.64
voyage-multimodal-3 40.90 37.18 65.88 51.94 6.25 12.81
Salesforce,/blip-itm-base-flickr 29.56 32.16 76.30 53.72 7.75 12.77
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 33.20 38.84 61.11 51.80 12.25 12.81
EVA02-CLIP-bigE-14 33.23 39.06 62.01 49.40 12.50 14.29
laion /CLIP-ViT-H-14-laion2B-s32B-b79K 33.01 39.42 62.19 50.17 10.50 13.38
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 32.92 37.44 62.89 50.90 9.00 15.20
Salesforce,/blip-itm-base-coco 21.63 26.02 76.91 52.06 12.75 12.73
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 31.07 38.70 58.94 50.97 8.75 13.25
google /siglip-large-patch16-256 32.63 37.76 57.97 45.82 13.00 13.29
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 33.28 40.46 58.05 50.39 7.50 13.51
Salesforce,/blip-itm-large-coco 18.27 20.56 76.52 52.28 10.50 14.07
google/siglip-so400m-patch14-384 30.08 34.92 59.67 46.56 12.25 13.08
kakaobrain /align-base 25.26 36.08 66.95 51.09 8.25 13.21
google/siglip-base-patch16-224 31.67 38.40 54.04 146.24 10.25 14.51
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K 33.17 38.10 57.35 49.52 8.00 12.21
google /siglip-large-patch16-384 29.82 33.34 57.80 45.25 13.00 13.47
google /siglip-base-patch16-256 29.97 38.62 54.10 45.84 11.25 13.34
Salesfore lip-itm-large-flickr 16.59 15.04 75.34 53.44 13.50 12.86
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K 28.70 34.56 59.18 47.73 7.50 12.25
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K 30.16 35.92 56.18 46.44 7.50 12.16
google /siglip-base-patch16-384 27.34 34.18 54.38 45.99 11.00 12.90
google/siglip-base-patch16-256-multilingual 27.60 36.00 53.85 45.19 9.00 1251
google/siglip-base-patch16-512 22.99 32.14 54.13 46.09 9.25 13.60
nomic-ai/nomic-embed-vision-v1.5 29.59 37.20 55.10 46.36 5.75 11.95
TIGER-Lab/VLM2Vec-Full 22.27 22.20 62.39 55.72 5.00 13.47
TIGER-Lab/VLM2Vec-LoRA 20.33 20.36 61.41 55.02 5.75 13.42
blip2-finetune-coco 6.09 6.38 68.32 51.55 8.25 13.73
BAAI/bge-visualized-m3 22.87 8.74 58.43 45.89 2.75 11.55
BAAI/bge-visualized-base 16.44 6.16 53.89 46.56 4.75 12.12
blip2-pretrain 421 5.12 67.21 49.82 6.00 11.90

Table 8.21: Compositionality Evaluation Results.
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% 87.79 16.19 78.89 92.13 44.50
19.73 89.94 2.54 78.57 95.34 36.50
13.92 88.25 0.44 85.50 94.11 46.36
21.06 88.32 6.52 79.44 94.85 28.69
12.57 85.55 15.33 7712 91.85 41.01
86.02 14.91 74.49 91.23 40.16

13.86 87.65 0.32 81.43 94.00 44.51
9217 20.45 60.23 60.25 12.47

19.69 86.58 7.30 77.62 95.10 26.05
17.69 86.66 3.86 70.19 94.92 22.73
53.05 1178 75.64 92.89 34.67

X 84.11 12.13 70.30 92.10 35.34
17.07 85.96 413 70.17 95.48 22,57
15.70 83.26 4.43 70.87 95.24 20.02
15.24 82.78 4.04 7171 95.49 19.54
16.22 8158 5.41 68.69 95.59 18.09
84.62 0.12 73.13 95.21 38.69

78.15 812 64.34 91.72 26.02

84.74 7.31 68.76 88.92 8.40

77.86 571 67.56 89.24 35.24

77.29 7.92 59.15 91.02 28.02

87.73 7.07 73.30 94.66 17.03

75.65 7.96 34.56 90.81 12.77

72.62 6.61 58.56 91.40 20.76

88.71 5.93 70.19 94.00 16.15

80.31 0.16 60.75 91.35 29.28

82.28 0.16 60.20 78.62 24.77

85.23 5.24 63.27 88.79 12.33

59.80 9.83 71.63 92.01 11.59

74.31 3.86 42.80 86.69 28.64

49.04 6.76 72.54 82.82 4.89

84.67 2.49 55.60 88.96 9.65

49.45 9.67 71.31 88.16 3.52

74.48 6.75 67.17 88.77 11.62

74.47 674 67.05 89.13 11.43

71.49 3.44 39.56 81.94 24.84

69.83 8.01 80.01 93.43 6.71

76.53 5.80 78.11 90.63 413

arsI2l  FashionIQIT2I  GLDv2I2T T T21 ionI2T ionT2I  SciMMIRI2T ~ SciMMIRT2I  VizWizIT2T  VQA2IT2T  ImageCoDeT2I ~BLINKIT2T BLINKIT2I RO: RO: i RO RPari i R

90.78 5.16 67.44 29.05 9.89 2.09 11.38 39.55 30.75 17.01 2.72
93.22 = 1106 84.39 36.05 3.13 0.76 36.82 30.75 18.11 2.72
91.06 oy s 66.54 25.30 2.59 0.60 0.75 34.96 18.64 2.75
93.36 7.64 84.70 31.88 4.70 1.01 33.58 34.52 18.33 2.70
89.52 o0 392 66.00 24.23 13.70 1.90 38.56 28.52 15.09 2.69
89.68 4.19 65.31 24.30 10.54 1.69 32.93 18.69 2.73
90.66 9.92 66.69 23.13 2.32 0.59 32.67 17.95 2.74
46.78 15.46 71.98 58.65 24.91 7.69 16.47 9.26 2.62
92.87 6.75 83.83 26.45 452 0.94 34.44 16.84 2.72
91.97 6.86 83.90 28.23 3.52 077 31.92 17.13 2.70
88.73 4.39 64.65 18.09 8.20 1.99 33.10 17.99 2.74
X 413 64.78 21.00 8.20 167 30.79 15.92 271
92.00 6.49 83.77 26.17 3.49 0.78 29.73 16.29 2.70
90.64 5.51 82.23 20.24 3.72 0.78 31.66 17.39 2.72
90.67 6.12 81.98 18.36 3.47 0.78 31.53 17.09 271
89.29 5.53 80.90 15.97 3.96 0.72 28.83 15.55 2.69
88.67 7.56 62.11 15.87 1.86 0.49 27.44 15.57 2.72
86.07 3.44 61.87 12.88 6.96 1.94 33.57 17.09 271
42,57 5.76 69.39 36.42 16.30 6.96 13.22 7.04 2.60
80.66 3.11 61.85 15.53 421 113 21.29 14.04 2.66
81.18 3.05 58.53 13.25 6.02 1.80 28.26 1418 2.69
66.63 6.65 46.20 7.93 6.41 1.08 20.44 11.29 2.66
64.86 451 54.03 1110 9.45 2.37 22,62 171 2.71
8213 2.83 57.24 7.35 6.04 1.67 28.99 16.27 2.70
66.36 6.59 42.35 8.28 476 0.86 17.91 9.84 2.67
82.18 6.03 48.48 6.83 1.70 0.44 24.82 13.16 2.72
78.04 6.73 57.25 15.01 1.86 0.57 22.52 11.04 2.65
70.23 5.38 46.16 6.97 5.73 0.84 22.20 11.98 271
2.02 44.65 5.78 3.55 1.08 27.73 16.28 2.70

71.66 2.59 55.78 12.78 3.91 0.94 19.19 10.57 2.72
8232 531 50.75 7.53 7.34 1.58 24.27 177 2.57
69.47 5.01 39.83 4.65 3.13 0.73 17.02 9.20 2.66
4.52 34.61 6.84 14.53 3.35 19.88 8.53 2.68

2.12 43.59 21.87 24.96 17.01 15.00 9.61 265

2.21 43.83 21.80 25.00 16.96 15.00 9.53 2.65

2.21 46.49 814 3.81 0.82 21.55 11.21 271

1.63 4471 2.75 10.40 0.92 12.40 711 2.50

1.86 28.54 2.68 10.85 2.20 11.43 6.80 2.40

Table 8.22: Retrieval Results.



Cls.  ZS. ZS.  Vision po. | Multiling. Vis. STS Mean Mean
Model Name Fine Coarse Fine Centric * | Retrieval (cross&multi) | (Eng.) (Multiling.)
a3 ay (12 (6) (41) | (3 (55) (2 (19)) (125) (130)
voyage-multimodal-3 66.12 6419 5279 4856 3849 58.87 70.42 62.79 63.10
google/siglip-s0400m-patch14-384 8436 6512  76.08 4625  39.01 40.19 64.16 60.27
google/siglip-large-patch16-384 8289 6204  73.38  45.36  38.48 5111 62.87 59.96
royokong/e5-v 68.62  57.80 4288 5190 3371 66.57 58.95
google/siglip-large-patch16-256 8120 6298 7211 37.45 19.84 58.29
google/siglip-base-patch16-512 79.77 5866  69.00 143.21
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k 8279 6344 74.80 28.01
google/siglip-base-patch16-384 79.37  59.14  68.65 42,55
laion /CLIP-ViT-L-14-DataComp.XL-s13B-b90K 8L41 6183  74.41 23.77
EVA02-CLIP-bigE-14-plus 85.84  64.14  76.89 27.82
google/siglip-base-patch16-256-multilingual 76.63  56.83  65.14 59.21
laion/CLIP-ViT-H-14-laion2B-s32B-b79K 81.26 6127  73.16 25.54
laion/CLIP-ViT-g-14-laion2B-s34B-b88K 8148 6239 72.80 25.92
EVA02-CLIP-bigE- 14 8466 6140  76.61 25.54
: /siglip-base-patch16-256 77.82  58.54  67.24 41.26
google/siglip-base-patch16-224 7738 5792 66.97 11.23
laion/CLIP-ViT-L-14-laion2B-s32B-b82K 7945  60.23  70.94 23.02
openai/clip-vit-large-patch1l4 7876 56.65  67.00 20.24
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K 7647 56.82  68.01 21.57
TIGER-Lab/VLM2Vec-LoRA 5317 5138  41.59 34.92
TIGER-Lab/VLM2Vec-Full 5315 5151 34.96
EVA02-CLIP-L-14 65.60  60.13 23.43
openai/clip-vit-base-patch16 52.13 17.66
Salesforce/blip-itm-large-coco 53.70 18.53
laion/CLIP-ViT-B-32-laion2B-s34B-b79K 20.13
jinaai /jina-clip-vl 18.09
Salesforce /blip-itm-base-coco 16.81
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K 20.13
Salesforce /blip-itm-large-flickr 18.12
kakaobrain /align-base 22.36
Salesforce,/blip-itm-base-flickr 13.44
16.35
BAAT/bge-visualized-base 12.25
openai/clip-vit-basc-patch32 16.73
EVA02-CLIP-B-16 20.12
blip2-pretrain 13.86
blip2-finetune-coco 13.05
nomic-ai/nomic-embed-vision-v1.5 14.48

Table 8.23: MIEB overall per-task category results, grouped by categories
assessed. We provide averages of both English-only tasks and tasks of all languages,
and the table is ranked by average on all tasks, including multilingual ones.
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Model Name Type Model Size Modalities

kakaobrain/align-base (45) Encoder 176 image, text
blip2-pretrain (192) Encoder 1173 image, text
blip2-finetune-coco (192) Encoder 1173 image, text
Salesforce/blip-vqa-base (191) Encoder 247 image, text
Salesforce /blip-vqa-capfilt-large (191) Encoder 247 image, text
Salesforce /blip-itm-base-coco (I91) Encoder 247 image, text
Salesforce/blip-itm-large-coco (191) Encoder 470 image, text
Salesforce/blip-itm-base-flickr (191) Encoder 247 image, text
Salesforce/blip-itm-large-flickr (T91) Encoder 470 image, text
openai/clip-vit-large-patch14 (23) Encoder 428 image, text
openai/clip-vit-base-patch32 (23) Encoder 151 image, text
openai/clip-vit-base-patch16 (23) Encoder 151 image, text
facebook/dinov2-small (42) Encoder 22 image

facebook/dinov2-base (42) Encoder 86 image

facebook/dinov2-large (@2) Encoder 304 image

facebook/dinov2-giant (42) Encoder 1140 image

royokong/e5-v (7) MLLM 8360 image, text
QuanSun/EVA02-CLIP-B-16 (175) Encoder 149 image, text
QuanSun/EVA02-CLIP-L-14 (I75) Encoder 428 image, text
QuanSun/EVA02-CLIP-bigE-14 (175) Encoder 4700 image, text
QuanSun/EVA02-CLIP-bigE-14-plus (I75) Encoder 5000 image, text
jinaai/jina-clip-vl (I73) Encoder 223 image, text
nyu-visionx/moco-v3-vit-b (168) Encoder 86 image

nyu-visionx/moco-v3-vit-1 (I68) Encoder 304 image

nomic-ai/nomic-embed-vision-v1.5 (249] 250) Encoder 92 image, text
laion/CLIP-ViT-L-14-DataComp.XL-s13B-b90K (I74) Encoder 428 image, text
laion/CLIP-ViT-B-32-DataComp.XL-s13B-b90K (I74) Encoder 151 image, text
laion/CLIP-ViT-B-16-DataComp.XL-s13B-b90K (174) Encoder 150 image, text
laion/CLIP-ViT-bigG-14-laion2B-39B-b160k (43) Encoder 2540 image, text
laion/CLIP-ViT-g-14-laion2B-s34B-b88K (43) Encoder 1367 image, text
laion/CLIP-ViT-H-14-laion2B-s32B-b79K (43) Encoder 986 image, text
laion/CLIP-ViT-L-14-laion2B-s32B-b82K (43) Encoder 428 image, text
laion/CLIP-ViT-B-32-laion2B-s34B-b79K (43) Encoder 151 image, text
Alibaba-NLP /gme-Qwen2-VL-2B-Instruct (201) Encoder 2210 image, text
Alibaba-NLP /gme-Qwen2-VL-7B-Instruct (201) Encoder 8290 image, text
google/siglip-so400m-patch14-224 (44) Encoder 877 image, text
google/siglip-so400m-patch14-384 (44) Encoder 878 image, text
google/siglip-s0400m-patch16-256-i18n (44) Encoder 1130 image, text
google/siglip-base-patch16-256-multilingual (44) Encoder 371 image, text
google/siglip-base-patch16-256 (44) Encoder 203 image, text
google/siglip-base-patch16-512 (44) Encoder 204 image, text
google/siglip-base-patch16-384 (44) Encoder 203 image, text
google/siglip-base-patch16-224 (44) Encoder 203 image, text
google/siglip-large-patch16-256 (44) Encoder 652 image, text
google/siglip-large-patch16-384 (44) Encoder 652 image, text
BAAI/bge-visualized-base (I76) Encoder 196 image, text
BAAI/bge-visualized-m3 (L76) Encoder 873 image, text
TIGER-Lab/VLM2Vec-LoRA (I78) MLLM 4150 image, text
TIGER-Lab/VLM2Vec-Full (I78) MLLM 4150 image, text
voyageai/voyage-multimodal-3 (I79) MLLM N/A image, text

Table 8.24: List of all models evaluated in MIEB. Model sizes are in millions of
parameters.
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CHAPTER 9

Conclusions and Future Work

This thesis investigates contrastive learning for sentence representations, with a focus
on three main areas: retrieval, reasoning, and perception. In this thesis, we have
analyzed the properties of contrastive learning, applies these findings to information
retrieval, proposes new benchmarks to evaluate reasoning and multimodal capabilities,
and explores new methods for text representation.

We summarize the main contribution of this thesis as follows: First, we provide
a framework to analyze properties of embedding models trained using contrastive
learning, which is shown able to provide transferable insights by applying the analysis
principles to various research questions in later chapters. Second, we provide methods
to train state-of-the-art dense retrieval text models and visual text representation
models. Third, we construct two comprehensive benchmarks to evaluate respectively
reasoning capabilities and multimodal capabilities of embedding models. Last, we
contribute the conceptual principle that training representation models is aligning
their representation capabilities with their generative capabilities, and ground this
principles in results throughout the thesis. Below we provide overview of each chapter
in detail.

We first examined why contrastive learning is effective for sentence embeddings
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(Chapter 3). We found that this training method improves the isotropy of the
embedding space, which helps address the representation degeneration problem. A
key finding was that contrastive learning produces very high intra-sentence similarity,
meaning tokens in the same sentence are mapped to similar vector representations.
This occurs because functional tokens learn to follow the representations of more
semantically important tokens, helping to form a single, coherent representation for
the sentence.

Based on these findings, we addressed a specific problem in Information Retrieval
(IR) (Chapter 4). We found that standard contrastive models are vulnerable to
changes in document length, a phenomenon we termed “length attack". This happens
because model isotropy is often limited to the document lengths seen during training,
and intra-document similarity incorrectly increases with length. To address this, we
proposed LA(SER)3, an unsupervised method that uses document elongation as a
training signal. This approach made models more robust to length variations and
achieved state-of-the-art performance on unsupervised IR benchmarks.

The rise of Retrieval-Augmented Generation (RAG) with Large Language Models
(LLMs) requires embedding models to perform more complex tasks than semantic
matching. In Chapter 5, we argued that existing STS and IR benchmarks are
insufficient to evaluate these new requirements. We therefore introduced a new
evaluation framework, Reasoning as Retrieval (RAR-b), to directly test the reasoning
and instruction-following capabilities of embedding models. Our experiments with
RAR-b showed that many current retrievers perform poorly on these tasks, but that
newer decoder-based models show significant promise in this area. More importantly,
we conceptualize “Training representation models is aligning their representational
capabilities with their generative capabilities”. In the later two sections, we seek to
then explore whether the upperbound of this alignment can be raised by grounding
in more modalities.

The first work we did was pixel sentence representation learning. In Chapter 6, we
explored a new approach: learning sentence representations directly from pixels, as a
visual perception task. This tokenization-free method allows for data augmentations

like typos and word shuffling, which are difficult to apply to standard language models.
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The resulting model achieved performance comparable to token-based models on
several benchmarks. We also observed a "leapfrogging" effect during cross-lingual
training, where training on multiple languages improved the model’s performance on
all of them, including the original source language.

Finally, the research expanded to multimodal representations in Chapter 7. We
identified that existing evaluation methods for image and image-text models are
inconsistent and task-specific. To solve this, we created the Massive Image Embed-
ding Benchmark (MIEB), a large-scale, unified benchmark covering 130 tasks and
38 languages. Our evaluation of 50 models on MIEB showed that no single model
performs best across all task categories. We also found a high correlation between a
vision encoder’s performance on MIEB and the performance of an MLLM that uses
it, making the benchmark a useful tool for model selection. More importantly, we see
how representations in MLLM-based models can be activated by contrastive learning
of much smaller scale compared to CLIP-style models, again validating our concep-
tualization of the relationship between generative capabilities and representational
capabilities (251} 252} 253).

In summary, this thesis provides an analysis of contrastive learning, develops
new methods for robust retrieval, introduces new benchmarks for reasoning and
multimodal evaluation, and explores unified cross-modal approach to model text
representation. The work contributes new tools and insights towards building more
general-purpose representation models. Through progression from analysis, to robust
training method, to reasoning benchmark, to pixel text and multimodal benchmark,
this thesis reveals a conceptual principle: Training representation models is the
alignment of representation to models’ inherently strong generative capabilities, which
provides a high-level pathway to train representation models: Inject fundamental
knowledge through generative pretraining, then activate latent representations into a
similarity-matching space.

My ongoing and future research agenda builds directly on the core principle
I have developed and validated during above work: that representation learning
1s the alignment of representational capabilities with pre-existing generative knowl-

edge. 1 outline two important directions below for extending this vision—first by
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rethinking how we activate representations, and second by interrogating what kinds
of generative processes give rise to the strongest representational potential. By
investigating Reinforcement Learning for Representation Learning (RL for RL), we
explore the possibility of the de facto usage of contrastive learning for post-hoc
representation activation into RL-based. By assessing non-autoregressive backbones,
we rethink whether the generation-representation relationship revealed in this thesis

is architecture-specific or universally applies to models that use generative objectives.

Reinforcement Learning for Representation Learning (“RL for RL”) Given
the success of reinforcement learning (RL) in enhancing reasoning in LLMs (189; [190),
I am exploring whether RL can serve as a more efficient and capability-preserving
alternative to contrastive losses (e.g., InfoNCE) for activating representations.
Co-authors and I are actively exploring fundamental reinforcement learning
techniques that are not only suitable for enhancing general reasoning capabilities but
also applicable to activating representation capabilities built in pretrained language
models. We developed VL-Cogito (254)), a multimodal foundation model trained via
progressive curriculum RL to perform complex reasoning. We are now adapting this
framework to train reasoning-aware embedding models, where the model must reason
about relevance before producing a representation. This includes RL-based training
for embedding models, re-rankers and retrieval-specific query rewriters—moving
beyond passive encoding toward active, goal-directed representation. Such systems
would enable Environment-aware Al Search: retriever-specific, database-specific
adaptation, facilitating use cases like corporate search, going beyond current deep

research paradigm which predominantly overfits to web search.

Representation Learning with Non-Autoregressive Backbones While my
work establishes that stronger generative capabilities lead to better representations,
a critical question remains: Is this scaling law driven by the generative objective
itself, or by architectural priors (e.g., decoder-only, autoregressive design)?
Interestingly, recent work shows that equipping decoder models with bidirectional
attention during contrastive tuning can outperform their unidirectionally pretrained

counterparts—suggesting architecture may not be destiny.
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This motivates exploration of diffusion-based language models (255} 256} 257),
which generate non-autoregressively, enabling self-correction and global context in-
tegration. Despite being largely unexplored for representation learning, diffusion
models offer a compelling testbed: they are powerful generative systems trained
without next-token prediction. If they too exhibit strong post-contrastive represen-
tational performance, it would suggest that generative capacity, not autoregressive
training, is the key driver.

I believe this is a promising frontier for building more coherent, globally aware

embedding models—an exciting direction I plan to pioneer.
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