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Abstract
Aligning Vision and Language: Harnessing Language

Semantics for Efficient Vision Models
Mayug Maniparambil

This thesis explores methods to enhance the efficiency, flexibility, and general-
ization of vision models by leveraging semantic information from language. Inspired
by human multi-modal perception, the research conducted addresses key limitations
in current models: high data and compute demands, limited generalization to new
concepts, and suboptimal unimodal features. The thesis begins by exploring how
structured semantic information, such as domain-expert knowledge, can enhance the
few-shot learning of visual concepts. A novel algorithm, BaseTransformers, is pro-
posed to integrate semantic information, enabling computer vision models to learn
new concepts with minimal labeled data by associating them with semantically
similar and well-represented base concepts. Extensive evaluations on benchmark
datasets highlight improvements over few-shot vision models that do not leverage se-
mantic information. Recognizing the scalability challenges of curated semantics, this
thesis introduces a strategy to leverage large language models (LLMs) as a scalable
source of semantic knowledge. The proposed VDT-Adapter learns to dynamically
select and aggregate LLM-generated semantic information, supporting zero-shot and
few-shot domain transfer of CLIP models, as validated through evaluations on 12
benchmark datasets. The research further identifies challenges faced by CLIP mod-
els regarding compute and data requirements for pretraining, as well as issues with
flexibility and generalization due to suboptimal unimodal features in the joint em-
bedding space. To address these challenges, recent advancements in unimodal vision
and language encoders are leveraged, with an analysis of these models conducted
through the perspective of representational similarity. Motivated by the hypothesis
that vision and language encoders model the same physical reality, this thesis stud-
ies their semantic similarity, revealing that their representations often share a high
degree of alignment, comparable to that of aligned vision-language encoders. Build-
ing on this insight, a lightweight framework that aligns pre-trained, strong unimodal
encoders using simple projection transformations is developed. This approach is sig-
nificantly more compute/data efficient while outperforming CLIP on 0-shot domain
transfer to classification/retrieval tasks. Furthermore, the framework’s flexibility
and generalization across diverse tasks like multi-lingual retrieval/classification, 0-
shot localization, and long-context retrieval are demonstrated. The findings pave the
way for flexible, efficient, and generalizable solutions for open-world understanding,
contributing to broader applications of multi-modal systems. Finally, the conclusion
of this thesis summarizes the contributions and future research directions
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Chapter 1

Introduction

1.1 Motivation

Humans are innately multi-modal beings. Our perception of the world is not con-
fined to a singular sensory channel; rather, we rely on an intricate fusion of sights,
sounds, smells, and touch to build a rich mental model of our environment and the
physical world. Vision and language, in particular, play pivotal roles in this multi-
faceted perception, as the former is our primary way of gathering information about
our environment while the latter is our main way to articulate our thoughts and
understanding of the world and communicate it to other humans. Some primary
characteristics of human multi-modal perception are outlined in the following.

Integration of information: The human brain integrates information from multi-
ple modalities using a process called re-entry which describes the ongoing, recursive
signalling among different brain regions [42, 43]. This refers to the idea that the
sensation of one modality can invoke the sensation of another [165, 185] and that the
human brain has similar high-level semantic representations for the same concepts
perceived through different modalities [35, 16].

Sensory Compensation / Degeneracy: When one sense is impaired, other senses
can become more acute, demonstrating the brain’s flexibility and adaptability in
sensory processing [182, 105]. The human brain’s ability to reorganize itself by
forming new neural connections throughout life, known as neuroplasticity, plays a
crucial role in this process [105, 159]. This reorganization is particularly pronounced
in individuals who experience sensory deprivation from birth or early in life, leading
to the takeover of the deprived cortex by other sensory modalities [131]. In short,
humans can make use of other modalities to construct their mental model of the
physical world when a modality is unavailable.

Cross-Modal Interaction: Sensory modalities often interact with each other [157,
169, 40, 119]. For instance, the McGurk effect demonstrates how visual information
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(lip movements) can alter what we hear [103]. These interactions show that sensory
processing is not isolated but interdependent.

The research reported in this thesis is underpinned by this understanding that
vision and language are the primary modalities with which humans understand and
communicate with their environment and that our perception and interaction of
their representations form a major part of our intelligence. Hence, our quest for a
human-like thinking machine or an Artificial General Intelligence has driven research
communities to focus on Computer Vision (CV) and Natural Language Processing
(NLP) to develop efficient and generalizable methods of modeling vision and lan-
guage. Historically, the computer vision and natural language processing research
communities evolved independently. However, the effectiveness of multi-modal per-
ception in humans has inspired researchers to develop machine learning models that
utilize cross-modal dependencies and fusion to tackle diverse tasks. Inspired by the
three primary characteristics of human multi-modal perception, we are interested in
the general research question that semantic information from language represents
the same physical world as visual information and is complementary to the visual
information in modeling the physical world. More specifically, we are interested in:
1. integrating this semantic knowledge into computer vision models to efficiently
learn novel concepts and enhance performance in label-constrained scenarios; and 2.
investigating how similar vision and language representations are, given that they
model the same physical world, and exploring how this similarity can be exploited
to develop more flexible and efficient computer vision models capable of performing
well on any conceivable concept (also known as open world understanding).

Computer vision models have achieved remarkable progress in solving closed-
world tasks, where the set of visual concepts is predefined and annotated datasets
are readily available. This progress has been driven by supervised learning meth-
ods that rely heavily on large-scale annotated datasets. However, the reliance on
annotated data introduces significant limitations. Annotating datasets is costly,
time-consuming, and often impractical for specialized or evolving domains. While
self-supervised learning (SSL) methods have reduced the dependency on labels for
pretraining, these methods still require annotated data for fine-tuning and transfer
learning to specific downstream tasks.

To address the challenges of limited labeled data, researchers have turned to
few-shot learning, which aims to generalize to new tasks with only a few exam-
ples per concept. Despite progress, few-shot learning has predominantly focused on
leveraging visual information alone, while the use of semantics, such as meanings,
relationships, and structured representations of the world has remained underex-
plored. Semantics from domain experts offer a robust representation of the world
that can complement visual data, particularly in low-data scenarios. Incorporat-
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ing semantics into few-shot learning could significantly enhance generalization by
providing a richer context for understanding novel concepts.

Given the abundance of free but noisy image-caption pairs available on the in-
ternet, the focus of few-shot and zero-shot learning research has recently shifted
to pre-training vision-language models using language as an API to adapt to novel
concepts. Recent research has leveraged vast amounts of image-caption pairs from
the internet to extend vision models from closed-world to open-world settings. This
approach, exemplified by models like CLIP [132] uses a contrastive loss to effectively
align visual and textual features, with both the visual and textual encoders initial-
ized from scratch. This enables zero-shot domain transfer to classification tasks by
constructing the classification prototypes using natural language prompts – marking
a significant step forward in moving away from closed-world assumptions towards a
more open-world approach. However, despite its promise, CLIP suffers from several
key limitations that hinder its utility across a range of applications.

While CLIP is easy to adapt to new datasets using natural language description
of the classes, challenges similar to the original few-shot and zero-shot research
persist, primarily because the base data (known as the pretraining dataset) cannot
encompass all possible concepts [176] due to Zipf’s law. The ‘long-tail’ phenomenon
or Zipf’s Law [218] refers to the fact that many types of data studied in the world can
be approximated with a Zipfian distribution which is characterized by a decreasing
number of examples available for a large number of real-world concepts. Due to the
‘long-tail’ effect, it becomes nearly impossible to ensure that data corresponding to
every conceivable concept is present in the pre-training dataset leading to a domain
gap between the train data and the downstream datasets. This leads to CLIP’s
performance on fine-grained datasets (e.g., specific species in bird classification)
being suboptimal raising the need for research into suitable adaptation of CLIP
models to downstream tasks where labeled data is limited or not available. In
this thesis, we also explore how semantic information can be used to enable this
adaptation of CLIP models in a label-efficient manner but without the use of curated
semantic data, so that the overall approach is scalable to novel concepts.

Another potential challenge that CLIP models face is that of compute and data
requirements. Training CLIP models is resource-intensive, requiring vast datasets
and substantial computational resources. For instance, the original CLIP model from
OpenAI [132] was trained on 400 million image, caption pairs, requiring over 20k
GPU hours. This limitation has spurred interest in lightweight training methods,
such as LiT (Locked-image Tuning) [207] to make vision-language models more
accessible, where strong unimodal encoders are used to initialize the vision encoder
of a CLIP model and kept fixed in contrast to training from scratch, potentially
halving the compute requirements. Similarly [71], studied locking both the image
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and text encoders, but the limited scale of their training datasets and random choice
of encoder pairs limited the transferability of the framework to downstream tasks.

It has also been shown that CLIP models have suboptimal unimodal features
that eventually lead to suboptimal cross-modal generalization in scenarios that are
different from CLIP’s pre-training setup [171, 203, 69, 86]. For instance, CLIP’s
vision encoder struggles with localization tasks, such as identifying specific objects
within complex scenes [86]. This limitation has motivated the development of vi-
sual representation learning methods that improve localization, such as SPARC
loss [12] instead of the contrastive loss, which enhances attention to spatial de-
tails. Similarly, the sub-optimal text encoder features limit CLIP’s applicability to
novel scenarios. As applications expand to real-world use cases, CLIP’s text en-
coder has shown limitations in adapting to multilingual [19] [180] and long-context
scenarios [177]. Efforts like multilingual CLIP [19] and adaptations for long-context
understanding [177] aim to overcome these barriers. Both these issues are currently
solved by re-training a CLIP model from scratch which is compute/data-intensive,
limiting their accessibility while completely ignoring the strong advances in uni-
modal performances in both vision and language domains. For instance, DinoV2
[121] models have demonstrated strong local and global features by incorporating
both iBOT[214] and DINO [17] losses during pre-training on a large vision dataset.
Similarly, multiple Sentence-Transformers [139] models have improved performances
on several sentence tasks including multi-lingual and long context abilities on the
MTEB benchmark [111]. All of this begs the question: Why not utilize robust uni-
modal encoders to create multimodal dual-encoders like CLIP? This approach would
address the compute/data efficiency challenge by potentially training only 1 % of the
parameters, allowing for rapid iterations. It would also leverage strong uni-modal
text features to enhance flexibility. Hence we propose examining the representation
spaces of uni-modal encoders to assess their similarity and then using these insights
to develop a framework for aligning these encoders.

To summarize, in this thesis, we aim to address challenges of data/compute
efficiency, flexibility, and generalization of vision and vision language models by
leveraging semantics from language and examining the semantic representations
they induce. Specifically, we focus on:

• Few-Shot Learning with Semantics: We investigate how semantic information
from domain experts—structured representations of the world—can improve
few-shot learning by providing robust, context-rich guidance, particularly in
scenarios with limited labeled data.

• Enhancing CLIP for Fine-Grained Tasks: We explore methods to integrate
semantics into CLIP’s architecture to improve its performance on fine-grained
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datasets, specifically how LLM-generated semantics could be used to adapt
CLIP to novel domains in a scalable manner.

• Semantic Similarity of Unimodal Embedding Spaces. To address the challenges
with the CLIP model detailed above we propose to develop a framework where
strong unimodal encoders are aligned using projection transformations. To
study the feasibility of this we investigate the similarity of unimodal vision
and language representations

• Improving the Compute/Data Efficiency and SubOptimal Unimodal features
/ Flexibility Challenges in CLIP Models: To address the resource-intensive
nature of CLIP training, we develop a framework that aligns pre-trained vision
and language encoders through lightweight transformations, reducing the need
for large-scale joint training. This also indirectly addresses the CLIP model’s
lack of flexibility to adapt to novel tasks by preserving the strong unimodal
text or vision features in the joint-embedding space.

By systematically addressing these challenges, this thesis advances the under-
standing of vision and language encoders and, drawing from these insights enhances
the capabilities of vision-language models, making them more efficient, flexible, and
generalizable across a wide range of tasks. The following hypotheses and research
questions outline our approach to achieving these goals.

1.2 Hypothesis and Research Questions

• Hypothesis 1 (H1): Several few-shot learning algorithms [161, 48] have ex-
plored the use of a large base dataset of images to facilitate computer vision
models to learn new concepts with few examples. Semantic information in
the form of domain expert data like wordnet graphs or class-level descriptions
of bird body parts can often be considered as robust representations of the
world, and can provide relationship information between the base and novel
concepts which can facilitate label efficient learning of computer vision algo-
rithms. However, this is under-explored and this leads to our first hypothesis.
Semantic information about the world is suited for improving gen-
eralizability and sample efficiency of vision models, because they are
a more robust representation of the world that can guide learning
of visual representations when the visual data is limited.

– The above hypothesis leads to our first research question (RQ1) : How
can we incorporate semantic information to improve the performance of
few-shot learning? More specifically, can we use base to novel concept
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relationships from domain expert annotated semantic information to fa-
cilitate learning novel concepts with few examples?

• Hypothesis 2 (H2): Our work [101] and several others [154, 115, 212] have
shown that semantic information about the world from domain experts can be
used to structure the learning of vision algorithms under label constraints but
semantics from domain experts is costly to scale to novel concepts. Recent
advances in Large Language Models (LLMs) have shown that LLMs consume
almost all text information on the internet during training and can serve as
a proxy domain expert for semantics making it easily scalable to novel con-
cepts. However, the use of semantic information from LLMs to improve vision
algorithms is under-explored and this leads to our second hypothesis. LLMs
have a good world model and text generated by LLMs can be a good
proxy for extracting semantic information about the world that can
be used to guide the generalizability and sample efficiency of CLIP
models. We explore this hypothesis in the task of improving 0-shot and
few-shot domain transfer of vision language foundational models like CLIP to
novel fine-grained datasets. This hypothesis gives rise to the following research
questions.

– RQ2 How can LLMs be used to generate semantic information useful for
computer vision models in a scalable manner?

– RQ3 How can LLM generated semantic information be used to the im-
prove 0-shot and few-shot domain transfer performance of vision language
foundation models like CLIP?

• Hypothesis 3 (H3): Recent work [104, 102] has demonstrated that CLIP
models, despite their large-scale vision-language pre-training, can leverage se-
mantic information generated by LLMs to enhance their zero-shot and few-shot
domain transfer performance. However, incorporating LLM-generated data di-
rectly into CLIP’s input space is a suboptimal method of providing CLIP’s text
encoder with novel context because it explains novel concepts only in terms
of base concepts that the text encoder already understands. This limitation
arises due to the text-encoder’s limited concept coverage as it is trained on
web-scale image-caption pairs, where the caption data is often noisy and lim-
ited in coverage of concepts. By contrast, language encoders [139] trained on
much larger text-only datasets exhibit superior performance in concept cov-
erage, compositionality, multilingual capabilities, and long-context reasoning
[111]. Additionally, CLIP’s vision encoder has poor localization capabilities
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[86] due to its global joint training strategy, which matches pooled image rep-
resentations to text representations. Another challenge of CLIP’s framework
is the computational and data requirements for from-scratch joint training.
These limitations could potentially be addressed by a framework that aligns
frozen unimodal encoders. To develop such a framework, we begin by inves-
tigating the similarity between vision and language representations, grounded
in the hypothesis that both encoders model the same physical reality [66]. If
the encoders are effective at capturing this reality, their representations should
exhibit meaningful similarities. This hypothesis provides the foundation for
our next exploration.

Given that vision and language are trying to model the same phys-
ical reality, the representations from vision and language encoders
should demonstrate high similarity in terms of semantics. This leads
to the following research questions

– RQ4 How similar are vision and language representations given that their
encoders are trying to model the same physical reality?

– RQ5 Is there a way to connect semantically similar vision and language
representations in a training-free manner?

• Hypothesis 4 (H4): Recent work including ours [100, 66] have shown that
well-trained vision and language embeddings exhibit high similarity in their
representation spaces. A framework where frozen vision and language encoders
can be aligned could result in flexibility due to, stronger multi-modal models
via strong unimodal embeddings and compute/sample efficiencies due to a low
number of trainable parameters. This leads to our next hypothesis. Given
that well-trained vision and language encoders have highly similar
representation spaces, simple projection transformations might be
sufficient to bridge them. This leads to our final set of research questions.

– RQ6 Can semantically similar unimodal representations be bridged using
simple projection transformations?

– RQ7 How can we scale up training of simple projection transformations
to align unimodal encoders and achieve performant, flexible and com-
pute/data efficient CLIP models?

1.3 Thesis Structure

The remainder of this thesis is structured as follows. Chapter 2 provides the neces-
sary technical background about vision-language models, 0-shot learning, few-shot
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learning, and representational similarity measures to understand the research pre-
sented in this thesis, as well as a high-level overview of the related work.

Chapter 3, investigates RQ1, and presents a novel method for using semantic
information from various sources such as WordNet-graphs or domain experts to
improve few-shot learning in computer vision. We find that semantic information
from curated sources is robust enough to be used to relate novel concepts to base
concepts and hence improve the learning of novel concepts in a few-shot manner.
We achieve this by using a cross-attention mechanism that attends to the most
semantically similar regions of the well-trained base feature space and improves the
novel support instance prototypes resulting in improvements compared to the SOTA
in on-shot learning across various settings. This chapter concludes by demonstrating
that curated semantic information can indeed help improve the generalizability and
data efficiency of computer vision models.

Chapter 4 investigates a limitation of the curated semantic information used in
Chapter 3, which is that to scale to novel concepts requires costly human expert
annotations. However, LLMs have consumed most textual data on the internet
and can act as efficient semantic information retrieval engines motivating us to
explore the use of LLMs to generate semantic information that could be used to
improve the 0-shot and few-shot domain transfer performances of vision language
foundational models thereby addressing RQ2 and RQ3. The Chapter concludes
by demonstrating that LLM-generated semantics are scalable and can be used to
improve the generalizability of CLIP to fine-grained datasets in a label-efficient
manner.

Chapter 5 focuses on the first step towards developing a framework that would
address several of the limitations of the CLIP framework that we observe in Chapter
4 like training compute, limited flexibility, and weak unimodal features. A frame-
work that aligns powerful unimodal vision and language encoders would solve these
but requires us to understand how similar the representation spaces are of the said
encoders in the first place. This motivates us to investigate RQ4 and RQ5. We
conclude this Chapter by establishing that well-trained vision and language en-
coders have highly similar semantic structures and that they can be connected in a
training-free manner by graph-matching based optimization techniques at test time.

In Chapter 6, we investigate RQ6 and RQ7 by studying whether there is a
correlation between Ease of Alignment between two uni-modal encoders and the
semantic similarity in their representation spaces. We find that it’s possible to bridge
strong vision and language encoders using simple Projection Transformations and
design a novel framework that scales up projector training to achieve compute/data
efficient CLIP models that can be flexibly generalized to several tasks like multi-
lingual retrieval, 0-shot segmentation, and long context retrieval.
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Finally, Chapter 7 provides a summary of the research conducted in this thesis.
The results and findings are discussed by relating them to the hypotheses and re-
search questions presented in this Chapter. We conclude with suggestions for future
work and some general remarks.
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Chapter 2

Background

2.1 Introduction

In this chapter, we present the basics of neural network training, transformer net-
works, and contrastive learning, all of which are required to understand the current
crop of vision-language models. We also discuss limited-label training scenarios com-
monly found in the machine learning literature and describe other works that have
explored incorporating semantic information in computer vision models.

2.2 Neural Networks and Training

Deep neural networks (DNNs) have fundamentally transformed the field of computer
vision over the last decade. Historically, computer vision tasks primarily relied on
handcrafted features, which were painstakingly engineered based on domain knowl-
edge. However, the advent of DNNs, and in particular Convolutional Neural Net-
works (CNNs), marked a paradigm shift from handcrafted to learned representations,
leading to significant improvements in various vision tasks. Before the dominance of
DNNs, the performance of vision systems largely depended on the quality of these
handcrafted features. One popular descriptor is the Scale-Invariant Feature Trans-
form (SIFT) introduced in [94]. Another notable one is the Histogram of Oriented
Gradients (HOG) proposed in [32]. While they showed impressive results for tasks
like image matching and object detection, these features could not be generalized
across a vast range of problems and lacked the representational power of neural
networks. The ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [145]
has played a pivotal role in propelling DNNs to the forefront of computer vision. In
2012, a model named AlexNet [77] dramatically outperformed traditional methods,
reducing the error rate by over 10 percent. This success highlighted the potential of
DNNs for computer vision and ignited the current era of research and development
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dominated by such approaches.
We begin by going over the different types of neural networks and a general ap-

proach to training.
Multi-layer perceptrons (MLPs) are a type of neural network consisting of mul-
tiple layers of nodes in a directed graph. Every node in a layer connects to every
other node in the subsequent layer, making it “fully connected”. While they can the-
oretically represent any function, MLPs aren’t spatially hierarchical, which makes
them inefficient for tasks like image recognition that have spatial hierarchies. In this
section, we describe the forward equations that govern the operation of an MLP.
Let x be the input vector of size n. The input layer simply passes the input values
to the next layer:

a(1) = x

An MLP can have one or more hidden layers, each consisting of multiple neurons. For
each hidden layer l (where l = 2, 3, . . . , L), the following calculations are performed:

z(l) = W (l) · a(l−1) + b(l)

a(l) = f(z(l))

Here, W (l) represents the weight matrix for the l-th layer, b(l) is the bias vector
for the l-th layer, and f() is the activation function applied element-wise to the
weighted sum z(l).

The output layer is the final layer of the MLP. It computes the weighted sum
and applies an activation function:

z(L+1) = W (L+1) · a(L) + b(L+1)

a(L+1) = f(z(L+1))

The output of the output layer a(L+1) is typically the final prediction or output
of the MLP.

In summary, an MLP processes input data through a series of layers, with each
layer applying a linear transformation (weighted sum) followed by a non-linear acti-
vation function. These forward equations allow the network to learn complex map-
pings from inputs to outputs, making it a versatile tool for various machine-learning
tasks.

While the forward equations describe how an MLP computes outputs from in-
puts, the training process involves adjusting the weights and biases (W (l) and b(l))
to minimize a chosen loss function. This process, often referred to as backpropaga-
tion, uses techniques like gradient descent to update the parameters and improve
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the model’s performance.

Convolutional Neural Networks (CNNs) are a category of deep neural networks
explicitly designed for handling visual data. They exploit the spatially local corre-
lation present in images by applying a set of learnable convolutional filters at each
layer. The forward equations for a CNN can be summarized as follows: Let X be the
input data, typically representing an image with dimensions H (height), W (width),
and C (channels). The input layer passes the input values to the next layer:

A(1) = X

A CNN typically consists of one or more convolutional layers, followed by pool-
ing layers and fully connected layers. For each convolutional layer l (where l =

2, 3, . . . , L), the following calculations are performed:

Z(l) = W (l) ∗ A(l−1) +B(l)

A(l) = f(Z(l))

Here, W (l) represents the weight tensor for the l-th layer, B(l) is the bias tensor
for the l-th layer, and f() is the activation function applied element-wise to the
output of the convolution operation ∗.

In Figure 2.1 upper panel, we illustrate the convolutional operation for a single
layer on a 3-channel input image. The convolution value is calculated by taking the
dot product of the corresponding values in the Kernel and the channel matrices.
The current path is indicated by the red-colored, bold outline in the Input Image
volume.

AM[1][2] = Red Channel Matrix Contribution(CMC) + Green CMC + Blue CMC

= (3, 9, 2) · (−9,−1, 0) + (18, 32, 0) · (3,−8,−6) + (39, 17, 16) · (5, 2, 0) /2

= (From-red-channel) + rcc2

= [−27− 9 + 0 + 54 + 256 + 0 + 195 + 34 + 0] /2 + rcc2 = 503/2 + rcc2

where rcc2 refers to the contribution from the remainder channels.

Spatial Pooling layers are often used to reduce the spatial dimensions of the
feature maps while retaining important information. For each pooling layer l, the
following calculations are applied:

A(l) = pooling(A(l−1))

The pooling can be max-pooling where only the maximal activation in a local
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Figure 2.1: Above Convolution operation. The convolution value is calculated by
taking the dot product of the corresponding values in the Kernel and the channel
matrices. The current path is indicated by the red-colored, bold outline in the Input
Image volume. Below: An illustration of convolutional and max-pooling layers in
AlexNet. Image and explanation from [147]

group goes to the next layer or average pooling where the average of a local group
goes to the next layer.

After convolutional and pooling layers, one or more fully connected layers may
be used to process the flattened feature maps. These layers are similar to those in
an MLP. For each fully connected layer l, the following calculations are performed:

Z(l) = W (l) · A(l−1) +B(l)

A(l) = f(Z(l))

The output of the final fully connected layer is typically the final prediction or
output of the CNN, usually of the dimension N×1, where N is the number of classes
in a classification task. The training of CNNs involves adjusting the weights (W (l)

and B(l)) to minimize a chosen loss function using backpropagation and gradient
descent.

In summary, CNNs process grid-like input data through a series of convolutional,
pooling, and fully connected layers. These layers perform convolutions, non-linear
activations, and spatial pooling to capture hierarchical features from the input data.
The arrangement of different layers in AlexNet is illustrated in Figure 2.1. The con-
volutional filters, combined with spatial pooling layers that subsample the outputs
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of convolutional filters to reduce the spatial size of features, allow CNNs to achieve
translation invariance and reduce the number of parameters, making them more ef-
ficient than MLPs for image data. Prominent architectures like VGG [160], ResNet
[61], and Inception [168] have achieved progressively better ImageNet performance
by introducing deeper layers, residual connections, and multi-scale feature extraction
techniques.

Deep networks learn representations by iteratively adjusting their parameters to
minimize a loss function which is a measure of the difference between the predicted
and true labels. Gradient descent, and its variants like stochastic gradient descent
(SGD), is a crucial optimization algorithm used for this purpose. The gradients,
which represent the direction and rate of the fastest decrease of the error, are com-
puted using backpropagation [144], guiding the update of network parameters in the
direction that minimizes the error. This direction is determined by the gradient of
the loss with respect to the parameters.

Given a loss function L(θ), where θ represents the parameters of the model, the
gradient descent update rule is:

θt+1 = θt − α∇L(θt) (2.1)

Here, α is the learning rate, and ∇L(θt) represents the gradient of the loss function
with respect to θ at iteration t.

To compute these gradients the chain rule of calculus is used, especially when
dealing with deep architectures with multiple layers. Consider a neural network
with a loss function L and an output y that is a function of an intermediate layer h,
which itself is a function of the input x and the parameters θ. The chain rule can
be used to compute the gradient of the loss L with respect to the parameters θ:

∂L

∂θ
=

∂L

∂y

∂y

∂h

∂h

∂θ
(2.2)

In the context of neural networks, this process of recursively applying the chain
rule from the output layer to the input layer is termed “backpropagation”. It facili-
tates the efficient computation of gradients, which are then used in the SGD process
(or its variants) to update the model’s parameters.

In essence, the combination of the chain rule via backpropagation and the SGD
optimization technique allows neural networks to learn intricate patterns from data
by iteratively reducing error and refining model parameters.
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Figure 2.2: Left: An illustration of Multi-Layer Perceptron; Right: An illustration
of Cross Attention Mechanism. Image from [80]

2.3 Transformer Models

The transformer architecture, introduced in [178], revolutionized NLP by showcasing
a novel self-attention mechanism that allowed models to weigh the relevance of
different parts of an input sequence relative to each other. This mechanism enabled
the parallel processing of sequences and a more flexible representation of contextual
relationships within the data.

In the realm of NLP, transformers led to the development of state-of-the-art
models such as BERT [36], GPT [133], and their subsequent iterations. BERT, for
instance, introduced the concept of bidirectional training of transformers, enabling
models to predict missing words in a sequence by considering both left and right
context. This approach showcased unparalleled performance in a variety of NLP
tasks, from question answering to sentiment analysis.

Beyond NLP, the transformer architecture has found application in computer
vision as well. The authors of [39] introduced Vision Transformers (ViT) which
demonstrated that transformers could achieve comparable or even superior perfor-
mance to traditional convolutional neural networks (CNNs) in image classification
tasks. Instead of processing an image through convolutional layers, ViT divides
the image into fixed-size patches, linearly embeds them, and processes the sequence
of embedded patches with the transformer. In the folllowing, we briefly describe
self-attention, and cross-attention which are the building blocks of all Transformer
models.

2.3.1 Self-Attention

Self-Attention is a mechanism that enables a model to capture relationships and
dependencies within a single input sequence effectively. It operates by computing
attention scores between different elements within the sequence and using those
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scores to create weighted combinations of values. Here are some key components
and details of self-attention:

• Query (Q), Key (K), and Value (V) Matrices: Self-attention relies on
three matrices: Query, Key, and Value. These matrices are linear projections
of the input sequence and are learned during training. They serve different
roles:

Q = XWQ

K = XWK

V = XWV

where X is the input sequence, and WQ, WK , and WV are learnable weight
matrices. Here the Query matrix Q is responsible for capturing the information
that the model considers important or relevant. It determines what parts of
the input sequence should receive more attention. The Key matrix K helps in
establishing relationships between different elements in the input sequence. It
provides a way to associate each element with other elements, indicating their
importance in relation to each other.The Value matrix V holds the information
content associated with each element in the input sequence. The attention
weights obtained from the Query and Key matrices are used to weigh the
values, and the weighted values are then summed to produce the final output.

• Attention Scores: Self-attention calculates attention scores between query
and key vectors. These scores represent the similarity or relevance of each
element in the sequence to others and are computed as follows:

Attention Scores = softmax
(
QKT

√
dk

)
Here, dk is the dimension of the keys, and the softmax function normalizes the
scores to create a probability distribution.

• Weighted Sum: The attention scores are used to create weighted combina-
tions of the value vectors, producing the output of self-attention:

SelfAttention(Q,K, V ) = Attention Scores · V

In summary, the Query matrix identifies what to focus on, the Key matrix
establishes relationships, and the Value matrix holds the information content.
The attention mechanism uses these matrices to assign different weights to
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different parts of the input sequence, allowing the model to focus on relevant
information when making predictions.

• Multi-Head Attention: In practice, self-attention is often employed with
multiple sets of query, key, and value matrices, known as “attention heads.”
Each head captures different relationships in the data, and their outputs are
concatenated and linearly transformed to form the final output.

2.3.2 Cross-Attention

Cross-Attention extends the concept of self-attention to consider relationships be-
tween elements in different input sequences. It is commonly used in tasks like
machine translation, where the model needs to align words in the source and target
languages. The forward equations for cross-attention are similar to self-attention but
involve query, key, and value matrices from different input sequences. This process
is illustrated in the right panel of Figure 2.2

CrossAttention(Qsource, Ktarget, Vtarget) = softmax

(
QsourceK

T
target√

dk

)
Vtarget

Cross-attention allows the model to capture dependencies and alignments be-
tween different parts of the input. A more in-depth description of the self and
cross-attention mechanism in transformers is provided in the background of Chap-
ter 4.

Transformers have reshaped the landscape of machine learning, leading to what
are now termed “foundational models”. These models, rooted in the transformer
architecture, are characterized by their immense size, having billions or even tril-
lions of parameters, and their ability to generalize across a multitude of tasks. These
models, pre-trained on vast amounts of data, serve as foundational layers that can be
fine-tuned or adapted to diverse specific applications. Their pretraining phase allows
them to encapsulate a broad spectrum of knowledge from various domains. Conse-
quently, instead of creating models from scratch for each new task, researchers and
practitioners can now leverage these foundational models as starting points, achiev-
ing state-of-the-art performance with less data and fewer computational resources
for task-specific training. The rise of transformers has thus not only propelled per-
formance benchmarks but has also instilled a paradigm shift towards building and
efficiently utilizing these foundational models in diverse domains of artificial intelli-
gence.
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2.4 Low shot learning

Deep learning-based neural networks have revolutionized image recognition and lo-
calization tasks, but a lot of data is required to train these models. Data scarcity
and imbalance can occur because of several possible reasons: 1. Cost and effort
of data collection; 2. Privacy and legal constraints; 3. it is not always possible to
acquire enough images for each concept, particularly rare concepts, because of Zipf’s
law [218]; 4. evolving or dynamic environments where the object of interest may
change over time can result in outdated or insufficient data. Due to these practical
considerations, learning computer vision models from limited data has been an aim
of researchers for a long time. It is also driven by the observation that we as humans
can learn brand-new concepts from few examples or zero examples sometimes. For
example, humans can recognize new bird species often by seeing a few images of
the bird or even from language descriptions of the bird. The first case where we
learn a model from a few examples of a class is called few-shot learning and learning
an image model from language descriptions or other auxiliary semantics is called
zero-shot learning.

Recent machine learning literature on few-shot learning can be classified into
meta-learning and transfer learning-based methods. Meta-learning aims to ex-
tract common useful knowledge for classifying novel classes by emulating few-shot
tasks during training time. They are either optimization-based methods or metric
learning-based methods. In optimization methods, the objective is to meta-learn a
good initialization of parameters or optimization or a combination of both, while in
metric learning the objective is to learn an embedding space where similar instances
are embedded together so that during test time a simple nearest neighbor classi-
fier can be used. Transfer learning-based methods, on the other hand, take a more
straightforward approach. They train a network to classify the base classes, then
use the trained feature encoder and learn a classifier on top of it using the novel
support instances. The work reported in [186] showed that this simple baseline
works as well as several complex meta-learning methods of the time. Some recent
works [154, 2, 212] use semantic information from wordnet-graphs and language em-
beddings to improve few-shot learning performance. In Chapter 3, we present our
approach to few-shot learning where we make use of semantically similar feature
representations from the robust base feature space to construct robust feature rep-
resentations for novel instances and hence improve few-shot performance. We also
provide an in-depth literature review of the few-shot literature.

In 0-shot learning, the aim is to adapt a base model to identify novel class in-
stances based on some auxiliary information about the novel classes that encode the
visual properties of the objects. Usually, this auxiliary information is class-level de-
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scriptions from sources like domain experts, the internet, or even pre-trained LLMs.
This area has seen a plethora of methods in the past decade but mostly follows one
of 3 approaches. Attribute prediction networks like [79, 142, 141], take a 2-stage
approach where attributes of the image are inferred first, and then its class label is in-
ferred by finding the class with the most matching set of attributes. Joint embedding
space methods like learning either a linear [50, 6] or non-linear mapping [162, 191] of
the images and attributes into a common semantic embedding space using the base
dataset, and then the classes of novel instances are inferred by projecting the image
into the common embedding space and finding the closest novel class prototype.
Generative models [148], model the seen class-attribute distributions and then use
these models to generate visual instances of features of novel classes conditioned on
their attributes. While most of this research focused on adapting ImageNet-trained
base models to relatively small datasets like Animals With Attributes 2 (AWA2)
[192], Caltech- UCSD Birds (CUB) [184] dataset, using the base split of each of
these datasets, recent research into foundation models like CLIP has surpassed all
these works by a large margin by training a large vision language model on 400
million image-text pairs scraped from the internet, in a contrastive manner. These
models now form a solid starting point for few-shot and zero-shot adaptation to
downstream datasets and hence recent research in both few-shot and zero-shot has
focused on adapting these models to downstream tasks and datasets. In Chapter
4, we describe our method for improving the 0-shot and few-shot performance of
CLIP to downstream datasets by making use of visually descriptive textual infor-
mation that can be generated from LLMs like GPT-4 in a scalable manner. Efforts
to achieve parameter-efficient alignment include LiT (Locked Image Tuning) [207],
which reduces parameters by keeping the vision encoder fixed. However, LiT still re-
quires significant compute and large-scale data for effective alignment. On the other
hand, LiLT (Locked Image Locked Text) [71] keeps both vision and text encoders
fixed and aligns random encoder pairs but performs well only on retrieval tasks,
struggling with zero-shot domain transfer due to the limited scale of the alignment
dataset. LiLT uses light-weight adapters [65] in intermediate layers and unlocked
projectors for alignment. In contrast, our proposed framework, discussed in Chap-
ter 6, simplifies the process by aligning unimodal encoders using only projectors,
achieving alignment more efficiently.
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2.5 Contrastive Learning and Vision Language Mod-

els

Self-supervised learning (SSL) is a prominent paradigm in computer vision that
leverages unlabeled data to train deep neural networks. In SSL, the network learns
meaningful representations from the data itself by generating pseudo-labels or su-
pervisory signals. This approach has gained significant attention due to its ability
to mitigate the need for extensive labeled datasets. Several popular self-supervised
losses have been proposed to drive the learning process effectively. Self-supervised
learning often relies on specific loss functions to train neural networks. Some popular
self-supervised losses used in computer vision include:

1. Contrastive Loss: Contrastive loss encourages the model to project similar
data samples closer in the embedding space while pushing dissimilar samples
farther apart. It has been widely used in SSL, with variations like SimCLR
[21] and MoCo [60] achieving remarkable results.

2. Triplet Loss: Triplet loss aims to minimize the distance between anchor-
positive pairs while maximizing the distance between anchor-negative pairs.
This loss has been instrumental in learning embeddings for tasks like face
recognition [151].

3. Rotation Loss: The rotation loss requires the network to predict the rotation
angle applied to an input image. By predicting the correct rotation angle, the
model learns to capture fine-grained features and object representations [56].

4. Contrastive Predictive Coding (CPC): CPC is an information-theoretic
loss that encourages the model to predict future patches from current ones. It
has been applied to various SSL tasks and has shown success in unsupervised
representation learning [120].

Contrastive learning gained popularity as an instance discrimination loss for self-
supervised learning (SSL) [21, 23], outperforming several SSL losses of the time. In
the contrastive loss, the objective is to minimize the distance between positive sam-
ples while maximizing the distance between negative samples in the joint embedding
space, given by:

LInfoNCE(z, ẑ) = − log

(
exp(sim(z, ẑ))∑N
i=1 exp(sim(z, zi))

)
Here (z, ẑ) are the positive pairs in the numerator while the denominator is

calculated over the positive examples and all other negatives (zi) to bring the positive
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pairs together in the embedding space while pushing the negative pairs apart. This
loss is summed over all the data points in a batch to get the average loss per batch.

For learning self-supervised image representations, an image and its augmenta-
tions are considered positive samples, while different images are considered negative.
Subsequently, the same loss was used to jointly train image and text encoders on
a large dataset of 400 million image-text pairs scraped from the internet where the
positive pairs were from different modalities but shared similar semantic meanings.
This resulted in strong visual encoders that surpass the existing performance of
several ImageNet-trained encoders on a plethora of downstream datasets and tasks.
The so-called CLIP [132] model is now termed a foundational VLM because of its
impressive zero-shot image recognition abilities and downstream transferability.

More recent works, such as ALIGN [68], make use of a 1 billion noisy image-
caption dataset to train a VLM that performs better than CLIP without the data
curation efforts associated with acquiring the cleaner 400 million dataset used for
training CLIP. Recently open-source efforts to recreate CLIP’s performance have
resulted in the collection of LAION 400 million [153] and 5B datasets [152] and
Open-CLIP efforts have resulted in VLM’s trained on much more data. However,
it has been observed that the quality of the dataset also matters for performance
– the performance of Open-CLIP [67] trained on 2B data points being inferior to
that of OpenAI’s CLIP with 400 million data points. With the advent of Vision-
Language Models (VLMs) and the emergence of CLIP as a strong baseline, research
in image recognition with limited labels—such as few-shot and zero-shot tasks—has
increasingly shifted to using CLIP as the de facto starting point [53, 216, 215].

In Chapter 4, we present a more detailed literature review of Vision Language
models and show how our method makes use of semantic knowledge from LLMs
to improve the 0-shot and few-shot domain transfer performance of foundational
VLMs.

2.6 Semantic information for Label Efficiency in Com-

puter Vision

Auxiliary semantic information has traditionally been used in computer vision in
zero-shot image recognition tasks, by virtue of the problem statement where it’s
required to identify images of novel classes without any training images. This has
been achieved in a myriad of ways that make use of the auxiliary information of
the novel and base classes in the form of language descriptions and domain expert
annotations.

One of the first papers to use semantics, [154] makes use of external semantic

41



Aligning Vision and Language: Harnessing Language Semantics for Efficient Vision
Models

information from the class name, domain expert attributes, and/or natural lan-
guage descriptions with an embedding model to combine with the visual features to
improve the prototypes for few-shot classification. The authors of [2] follow a sim-
ilar approach where they make use of a transformer-based forward and backward
decoding mechanism to decode the semantic embeddings conditioned on a hybrid
prototype of support and query instances. The work reported in [212] uses seman-
tics from BERT embeddings [139] of class names and image prototypes to construct
graphs of foods and use them for improved few-shot classification of images of food
items. [198] uses language-based semantics to generate attention that’s applied to
visual prototypes to improve few-shot performance. More recent work, [95] directly
uses attributes to construct attribute prototypes. The approach in [91] constructs
cross-modality graphs of both the visual and semantic prototypes of support in-
stances and uses these for few-shot inference. Orthogonally, the approach described
in [124] uses semantics for both query and support samples to reduce the imbalance,
and does so by learning a meta-network that predicts the query semantic feature
given the support features.

In Chapter 3, we describe our method of using semantics to relate novel image
concepts to already-known image concepts using semantic relationships and hence
learn them more efficiently.

2.7 Representational Similarity Measures

Representational similarity measures like Canonical Correlation Analysis (CCA)
[134], Centered Kernel Alignment (CKA) [75] has been explored in prior research in
the context of comparing internal representations of uni-modal encoders trained from
different initializations [75] and trained with different losses [74], architectures [135]
etc. More recently [66] makes use of semantic similarity measures to study vision
/ language representations and proposes the Platonic Representation Hypothesis,
which suggests that strong vision and language encoders converge toward similar
representations. They introduce an alternative to the CKA metric, called Centered
Kernel Nearest Neighbor Alignment (CKNNA), which calculates alignment based
only on the k-nearest neighbors of each point. The authors claim that this approach
effectively reduces noise in CKA measurements, resulting in improved trend clar-
ity. Other learning-based approaches for measuring representation similarity include
model stitching [9, 83]. This method introduces trainable stitching layers to swap
components between different networks. If the stitched model performs well, it indi-
cates high semantic similarity between the representations of the original networks.
A more detailed comparison of semantic simlarity measures is available in 5 and
[66].
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We use CKA to measure the similarity across vision and language representations
in 5 and 6. While in chapter 5, we use CKA as an optimization objective to establish
a connection between vision and language encoders in a training free manner, in
Chapter 6, we study CKA as a measure of ease-of-alignment between uni-modal
encoder spaces. We provide a brief introduction to CKA in 2.7.1, but a more detailed
preliminary is available in Chapters 5, 6.

2.7.1 Centered Kernel Alignment (CKA)

Centered Kernel Alignment (CKA) has emerged as a powerful tool for understanding
and comparing the representations encoded by neural networks [75]. CKA quantifies
the similarity between the representations learned by different layers of a network
or across networks. Formally, CKA operates on two data representations X ∈ Rp×N

and Y ∈ Rq×N , computing their corresponding kernel matrices K = k(X⊤, X) ∈
RN×N and L = ℓ(Y ⊤, Y ) ∈ RN×N , where k and ℓ are kernel functions (e.g., linear
or RBF kernels).

The CKA value is then calculated as:

CKA(K,L) =
HSIC(K,L)√

HSIC(K,K) · HSIC(L,L)
, (2.3)

where HSIC(K,L) denotes the Hilbert-Schmidt Independence Criterion (HSIC) [57,
97]. HSIC is computed as:

HSIC(K,L) =
1

(N − 1)2
tr(KCLC), (2.4)

with C = I − 1
N
11⊤ being a centering matrix that ensures the kernel matrices

are mean-centered.
CKA provides a normalized measure of similarity that is invariant to orthogo-

nal transformations and isotropic scaling of the embeddings, making it particularly
suited for comparing neural network representations. Its application ranges from an-
alyzing the alignment of representations across layers to evaluating how downstream
fine-tuning tasks influence representation similarity [41]. For further properties and
insights into CKA, readers are directed to [75].

2.8 Conclusion

Building upon the work and findings presented here, in Chapter 3 we present our
approach to improve few-shot performance by constructing robust prototypes of
novel classes from semantically similar base classes. Our work in Chapter 4 makes
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use of semantic information for improving 0-shot and few-shot domain adaptation
of VLMs. We also demonstrate a straightforward way of generating semantic infor-
mation in a manner easily scalable to any dataset. These results suggest that both
language and vision models have a high degree of representational similarity, but
are complementary so that one can be used to improve the sample efficiency in the
other modality.

The principles of re-entry and information integration in neuroscience illustrate
that experiencing a concept through one sensory modality often triggers a corre-
sponding sensation in another, indicating that the human brain likely forms simi-
lar representations for identical concepts across different modalities. This concept
sparks our interest in examining the degree of similarity between vision and lan-
guage encoders, which are separately trained on extensive datasets of images and
text. Given that both modalities aim to model the same physical world, a high
level of semantic similarity is anticipated. We investigate this in detail in Chapter 5
by developing methods to measure this similarity between vision and language and
leveraging this connection to efficiently link unimodal vision and language encoders.
Finally, in Chapter 6, we align semantically similar vision and language encoders
to achieve flexible, and sample/compute efficient CLIP models. This area of study
is garnering substantial interest as research labs strive to equip foundational large
language models with multimodal capabilities.
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Chapter 3

BaseTransformers: Attention over
base data-points for One Shot
Learning

This chapter provides a detailed description of the contributions of this research
to answer RQ1 How can we incorporate semantic information to improve perfor-
mance in few-shot learning?. Specifically, we improve few-shot image classification
performance by making use of semantic information from domain experts, semantic
graphs like WordNet, and/or language models (RQ1). Few-shot classification aims
to learn to recognize novel categories using only limited samples per category. Most
current few-shot methods use a base dataset rich in labeled examples to train an en-
coder that is used for obtaining representations of support instances for novel classes.
Since the test instances are from a distribution different from the base distribution,
their feature representations are of poor quality, degrading performance. Here we
use semantic relationships between the novel concept and the concepts the model al-
ready knows, i.e. the base concepts, to compose robust representations for the novel
concepts and hence learn them in a label-efficient manner. More specifically, we
propose to make use of the well-trained feature representations of the base dataset
that are semantically closest to each support instance to improve its representation
during meta-test time. To this end, we propose BaseTransformers, that attend to
the most relevant regions of the base dataset feature space and improve support
instance representations. Experiments on three benchmark data sets show that our
method works well for several backbones and achieves state-of-the-art results in the
inductive one-shot setting. This work was presented as a conference paper at the
British Machine Vision Conference in London, UK in November 2022.

The following section provides an overview of few-shot learning methods be-
fore foundational Vision Language Models (VLMs) and a high-level overview of our

45



Aligning Vision and Language: Harnessing Language Semantics for Efficient Vision
Models

method for estimating novel prototypes using semantic relationships. Section 3.2
provides a detailed literature review of few-shot learning methods and how seman-
tic information has been used in few-shot learning. Section 3.3 provides a detailed
explanation of Prototypical Networks, Cross-Attention, and our method BaseTrans-
formers which performs cross-attention over semantically similar base samples. Sec-
tion 3.3 provides an overview of the training process and the semantic querying
functions adopted for each of the datasets. Section 3.4 provides experiments and
results on 3 widely used few-shot benchmark datasets. Finally, in Section 3.5 we
summarize our results, discuss the limitations of our work, and lay the groundwork
and motivation for the research undertaken in the next chapter.

3.1 Introduction

The development of few-shot learning models is important for the real-world de-
ployment of artificial vision systems outside of controlled scenarios. Most previous
works focus on developing stronger models, while scant attention has been paid to
the properties of the data itself and the fact that as the number of data points
increases, the ground truth distribution can be better uncovered. Estimating the
prototype for a novel class using a single instance is fundamentally ill-posed, result-
ing in poor one-shot performance. [199] has shown that this can be alleviated by
modeling the class conditional distribution as a Gaussian and sampling a large num-
ber of features from this distribution to train a classifier or estimate the prototype.
They show that distributions of semantically similar classes in the base dataset have
similar mean and variance to the distributions of the novel class. Therefore, the
statistics of the class conditional distributions of novel classes are transferred from
those of base classes which have been estimated with several examples (over 600)
per class. This method assumes that the class conditional feature distributions are
uni-modal Gaussian and that the transferable statistics are only global and not local
to each base instance or its spatial locations.

We propose a novel method for estimating prototypes of unseen classes using the
base dataset without making any assumptions on the distribution of the base data
feature space or the transferability of the instance level or spatial level information.
Our proposed method, BaseTransformers, is an end-to-end learnable cross attention
mechanism that estimates a robust, base aligned prototype for novel categories by
learning local part based correspondences between the support instance and seman-
tically similar base instances. This is based on two key ideas: (i) the base dataset
images are composed of semantically meaningful parts that could be reused during
the classification of novel images; and (ii) since the base data features are estimated
using many shots, the features corresponding to these parts are less noisy represen-
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Figure 3.1: BaseTransformers construct robust novel class prototypes by attending
to and aggregating semantically similar regions of the well supported base data
feature space instead of using the noisy novel prototype as in Prototypical Networks
[161].

tations, closer to the ground truth distribution. The concept is illustrated in Fig 1,
where a novel ‘centaur’ class has an undersupported prototype in the feature space
of an encoder pretrained on base-data. However a robust prototype of a centaur can
be constructed by taking the head, torso of a human and the body and legs of horse
base classes which are individually well supported in the feature space.

We hypothesize that semantically similar parts of a well represented base data
feature space can be used to estimate a novel prototype that is effectively a part
based composition of the well estimated base data regions. To enable this Base-
Transformers allow for: (i) spatial part based comparison between the support in-
stance and similar base instances to select the semantically meaningful regions of
the robust base data feature space; and (ii) aggregation of the semantically similar
parts of the base instances to estimate a novel prototype that is a composition of
robust meaningful base regions. Taking inspiration from [38] we instantiate a cross
attention mechanism on the feature space of the pretrained encoder to enable this.
We perform this adaptation of the support instance using the base instances in the
feature space and not the original pixel space, as the feature space has lower di-
mensions and semantically meaningful structures that are more easily transferable
between the base and novel domains.

For each episode, the BaseTransformer takes the 2D feature spaces of the support
instance as query and the closest base instances as the key and value. The Base-
Transformer is trained end-to-end using the meta learning paradigm to identify the
most relevant regions in the base data feature space and use them to compose a more
robust novel class prototype. Our approach starts with a pretraining stage using
cross entropy and contrastive losses on the base dataset to produce a robust encoder
bypassing supervision collapse [38, 99]. This is followed by a meta training stage,
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in which the encoder and BaseTransformer are jointly trained to adapt the support
instances using instances from the closest base classes. To identify the closest base
classes we propose using the class label information of the support instances, and
making queries on the base dataset based on semantic similarity. We show that the
proposed method beats the current state-of-the-art in 3 different datasets (70.88%,
72.46%, 82.27% on mini-ImageNet, tiered-ImageNet and CUB respectively) in the
inductive one shot setting.

Our novel contributions are: i) We identify that robust novel prototypes in one
shot learning can be obtained by part based composition of semantically similar
base features; ii) We design BaseTransformer that improves the 1-shot prototypes
by learning to attend to the robust 2D feature space of base instances and aggregate
these to compose the novel prototype; iii) We evaluate our method on two backbones
and three benchmarks to show its effectiveness in the one shot inductive setting of
few shot learning.

3.2 Related Work

Meta Learning aims to extract common useful knowledge for classifying novel classes
by emulating few shot tasks during training time, and are usually optimization based
or metric learning based. In optimization based methods, the objective is to meta-
learn a good initialization of weights [48, 146, 136, 217] or the optimization process
[137, 88, 113, 197] or a combination of both [125, 8]. In metric learning methods
[179, 161, 167, 201] the objective is to develop an embedding space where similar
instances are close to each other in some distance sense so that a simple nearest
neighbour classifier can be used during meta test time. Our method is similar
to metric learning, specifically prototypical networks, as we only have an extra
transformer stage to adapt the support instances to form more robust prototypes.

Transfer Learning methods train a network to classify base classes, followed by
finetuning the classifier on the novel instances whilst keeping the encoder fixed. [186,
22] has shown that this simple strategy performs surprisingly well, beating/matching
several complex meta learning algorithms. We follow works such as [200] and have a
pretraining stage in which the encoder is trained on a combination of cross entropy
and self supervised loss. Other works [166, 55, 99, 90] have shown that addition
of self supervision losses in the pretraining stage provides more robust features,
resulting in improved few shot performance. We use the InfoNCE loss [21] as an
auxiliary loss during the pretraining stage.

A Base Dataset has been used explicitly during meta test time in previous works,
such as in [199, 3]. The approach of [199] models the feature space of each class as
a Gaussian and transfers statistics from well estimated base class distributions to
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novel class distributions, and sample from this to train a classifier. In our approach,
we do not assume that the class feature space follows a Gaussian distribution, but
use a parametric function- a transformer to improve the prototype representation by
means of attention over the feature space of base examples. The approach reported
in [3] aligns the feature space of the novel instances to that of the closest base
instances by reducing an adversarial alignment loss during the test time, while we
do not tune any parameters of the transformer network during meta test time. Both
methods make use of cosine similarity in the feature space to query the closest base
classes. While this works well for us for shallow encoders, we find that making use of
semantic information from the class labels results in semantically closer base classes.

Transformers have also been investigated in a similar context. Previous works
like [200, 64] make use of transformer based adaptation on the feature space to
improve few shot performance. The approach in [200] uses self attention over the
prototypes to adapt them in a task specific manner, while the approach of [38] builds
a classifier that aligns the prototypes and the queries spatially. Similarly [70, 85,
190, 59] use different forms of self-correlation and cross-correlation mechanisms to
improve the relational comparison between the prototypes and the query instances.
We differ from these methods, in that we explicitly attend over all spatial locations of
a base data subset to improve the support instance features. To our knowledge, our
work is the first to apply attention over the base data points for few shot learning.

3.3 Method

In this section we first introduce the setup of few shot classification in section 3.3.1
followed by description of our proposed method in sections 3.3.2 through 3.3.4.

3.3.1 Preliminaries

We follow the inductive setting for few shot learning. A few shot task is an N way
M shot classification problem, with N classes sampled from novel classes Cn with
M examples per class. Ds = {xi, yi}M×N

i=1 refers to the support set sampled from
novel classes Cn. Test instances xq are sampled from a a query set Dq = {xi, yi}Qi=1

and the goal is to find a function f that classifies xq via ŷ = f (xq | Ds). In the few
shot learning literature M is usually 1 or 5 referring to the 1-shot or 5-shot task.

Finding f from the very few examples in the support set is very difficult, so a
base dataset is provided consisting of base classes Cb such that Cb ∩ Cn = ∅. In
the meta-learning paradigm, f is learnt by sampling several N -way M -shot tasks
Db

s and corresponding query sets Db
q from the base dataset to emulate the test time
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Figure 3.2: Support instance feature ϕ(xi) is reshaped and projected by query head
Q to obtain queries qim where m corresponds to spatial locations in the support
instance. qim is then compared with the keys kj

n from all spatial locations n of base
instances to get attention scores attni

mjn, which are used to aggregate the values
vjn and summed with original support feature ϕ(xi) to obtain the base adapted
prototype.

scenario. In each sampled task, f is learnt to minimize the average error on Db
q :

f ∗ = argmin
f

∑
(xb

q ,y
b
q )∈Db

q

ℓ
(
f(xb

q | Db
s ), y

b
q

)
, (3.1)

where ℓ can be any loss that measures the discrepancy between prediction and true
label.

During meta test time the optimal f ∗ is applied on tasks sampled from Cn. The
performance of the model is evaluated on multiple tasks sampled from the novel
classes Cn. For example, in prototypical networks, f consists of an embedding
network E and a nearest neighbour classifier:

ϕx = E(x) ∈ Rd, ŷq = f(ϕxq ; {ϕc
xs
}), (3.2)

where {ϕc
xs
} is the set of prototypes. Here, each prototype is given by:

ϕc
xs

=
∑
yi∈c

E(xi), (xi, yi) ∈ Ds . (3.3)
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Table 3.1: 5-way 1-shot and 5-way 5-shot classification accuracy (%) on miniIma-
geNet dataset using ResNet-12 and Conv4-64 backbones. 95% confidence intervals
reported. The numbers in bold are the best performing methods for the correspond-
ing setting.

Setups 1-shot 5-shot
Backbone Conv4-64 Res12 Conv4-64 Res12

ProtoNets[161] 49.42±0.78 60.37±0.83 68.20±0.66 78.02±0.57
SimpleShot[186] 49.69±0.19 62.85±0.20 66.92±0.17 80.02±0.14
CAN[64] - 63.85±0.48 - 79.44±0.34
FEAT[200] 55.15±0.20 66.78±0.20 71.61±0.16 82.05±0.14
DeepEMD[208] - 65.91±0.82 82.41±0.56
IEPT[209] 56.26±0.45 67.05±0.44 73.91±0.34 82.90±0.30
MELR[46] 55.35±0.43 67.40±0.43 72.27±0.35 83.40±0.28
InfoPatch[90] - 67.67±0.45 - 82.44±0.31
DMF[195] - 67.76±0.46 - 82.71±0.31
META-QDA[211] 56.41±0.80 65.12±0.66 72.64±0.62 80.98±0.75
PAL[96] - 69.37±0.64 - 84.40±0.44

BaseTransformer 59.37±0.19 70.88±0.17 73.40±0.18 82.37±0.19

3.3.2 BaseTransformer

Given a support instance xi and its closest base instances
{
xbase
i

}k
i=1

the BaseTrans-
former aims to learn a representation that enables part-based adaptation of xi by
attending over all the spatial locations of all base instances in

{
xbase
i

}k
i=1

.

First, an image representation of support instance ϕ (xi) is obtained using the
encoder ϕ, while the class name corresponding to the support instance is used to get
the k closest instances in the base dataset. The top k function is described in detail
in Section 3.3.3. The features of the closest base instances are passed through a
fixed encoder ϕ0 whose weights are the weights obtained after the pre-training stage
on the base dataset. These representations are then used by the Transformer to
establish correspondences between support instances and base instances to produce
the adapted prototype. Finally, similar to prototypical networks, the Euclidean
distance is used to classify the query feature ϕ (xtest) by making use of adapted
prototypes {Pi}

N
i=1. Prototypical networks use 1D feature embedding while, Base-

Transformers use 2D embeddings as input to allow the model to make part based
soft correspondences between support and base instances, and use these to weigh
the most relevant regions of base instances to estimate the prototype of a support
instance as a composition of robust base parts.

More concretely, we consider a CNN without the final fully connected or pool-
ing layers, such that ϕ (xi) ∈ RC×H′×W ′ . Top k function uses the pre-trained en-
coder phi0 to provide the closest base instances features set

{
ϕ0

(
xbase
i

)}k
i=1

where
ϕ0

(
xbase
i

)
∈ RC×H′×W ′ . During meta training care is taken so as to exclude the

class of the support feature itself from this set of base features so as to force the
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BaseTransformer to learn to compose novel prototypes using only instances from dif-
ferent classes. These features are reshaped such that the attention would be between
spatial locations of ϕ (xi) and spatial locations of the ϕ0

(
xbase
i

)
. Key-value pairs of

base instance features Kϕ0

(
xbase
i

)
, V ϕ0

(
xbase
i

)
are obtained using two independent

linear layers K, V while the transformer’s queries Qϕ (xi) are obtained by using
linear mapping Q on the support instance features. Here, we distinguish between a
query (or test) set sample and the query of the transformer by explicitly referring to
the latter as transformer’s query. The dot product between transformer’s query and
key features results in an attention map between support features and base features.
This is followed by a softmax over all spatial locations and k base instances. The
computed attention is then used to aggregate the values and a residual connection
from the transformer’s query features is added to obtain the adapted prototype.
Figure 3.2 illustrates this process. We follow the mathematical notation outlined
in [38]. Let qim = Qϕ(xim) be the transformer queries i.e., the support features
projected by Q, where i is the index of the support instance and m is the spatial lo-
cation and kj

n = Kϕ0(x
base
jn ) are the key features, i.e., the base features projected by

K where j is the index of the base instance and n is the index of the spatial location.
An attention map ãttn between support features and base features is calculated as:

ãttn
i

mjn =
exp(attni

mjn)∑
mjn exp(attn

i
mjn)

, where attni
mjn = ⟨kj

n, q
i
m⟩. (3.4)

Next the base adapted prototype P i
m at spatial location m is obtained as follows:

P i
m = qim +

∑
jn

⟨ãttni

mjn, v
j
n⟩. (3.5)

For a test instance xtest
tm , logits are obtained by calculating the similarity and aver-

aging over the spatial and channel locations as,

sim(ϕ(xtest
t ), pi) = − 1

H ′W ′

∑
m

∥∥ϕ(xtest
tm )− P i

m

∥∥2
2
. (3.6)

Here we do not update the features of the base instances during training so as to
not corrupt the base data features that have been learnt using several examples per
class. The features of a random subset of base instances are computed using the
pretrained encoder f0 and stored in a memory bank, which is then queried by the
top-k querying function described in Section 3.3.3.
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Table 3.2: 5-way 1-shot and 5-
way 5-shot classification accuracy
(%) on tieredImageNet dataset
for ResNet-12. The numbers
in bold are the best perform-
ing methods for the correspond-
ing setting.

Setups 1-shot 5-shot

ProtoNets[161] 65.65 83.40
SimpleShot[186] 69.75 85.31
FEAT[200] 70.80 84.79
CAN[64] 69.89 84.23
DeepEMD[208] 71.16 86.03
IEPT[209] 72.24 86.73
MELR[46] 72.14 87.01
InfoPatch[90] 71.51 85.44
DMF[195] 71.89 85.96
META-QDA[211] 69.97 85.51
PAL[96] 72.25 86.95

BaseTransformer 72.46 84.96

Table 3.3: Test accuracy over number of shots for
BaseTransformer and SupportTransformer

shot 1 2 3 4 5

BT 70.8 74.61 78.1 80.23 82.37
ST 66.34 73.12 77.33 79.8 82.01

Table 3.4: 5-way 1-shot and 5 way 5-shot classifica-
tion accuracy (%) on CUB dataset. The numbers
in bold are the best performing methods for the
corresponding setting.
Setups 1-shot 5-shot
Backbone Conv4-64 Res12 Conv4-64 Res12

ProtoNets[161] 64.42 - 81.82 -
FEAT[200] 68.87 - 82.90 -
DeepEMD[208] - 75.65 - 88.69
IEPT[209] 69.97 - 84.33 -
MELR[46] 70.26 - 85.01 -

BaseTransformer 72.15 82.27 82.12 90.64

3.3.3 Querying function

We use a semantic similarity based querying function, which uses the label name
of the support instance and finds the 5 closest base classes in a semantic space
that varies according the dataset. Then base instances are sampled randomly from
these classes such that they sum up to k. For mini-Imagenet dataset the semantic
similarity is equal to the LCH-similarity[81] of the labels in the WordNet graph[108].
LCH similarity between class labels do not work well for tiered-ImageNet because
the class splits were made using higher up nodes in the WordNet hierarchy resulting
in very similar LCH similarity scores between a test class label and many base class
labels. Hence, we use BERT[37] embeddings of the word labels concatenated with
their hypernyms from WordNet to find more semantically similar base classes. For
CUB, category-level attributes describing the visual features of each bird species are
already available. Similar to [156], we use the cosine similarity between normalized
category attribute vectors to query the closest base classes.

3.3.4 Training

Following [38, 99, 90] we note that we require base embeddings that contain more
information than just information regarding base classes to be effective for adapting
novel classes. To restrict supervision collapse, we train our encoder with an auxiliary
contrastive loss in the pretraining stage. We follow a version of InfoNCE loss from
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[22], where the distance measure is Euclidean instead of cosine distance.

l(i, j) = − log

(
exp(si,j)∑2N

k=1 1k!=i exp(si,k)))

)
, (3.7)

LinfoNCE =
1

2N

N∑
k=1

[l(2k − 1, 2k) + l(2k, 2k − 1)] , (3.8)

where si,j = −∥fi − fj∥22 and fi, fj are features of SimCLR [21] style augmented
images in a minibatch. Concretely, the pretraining is a Nb way classification task
where Nb is the number of classes in the base dataset. It is evaluated on a 16-way
1-shot classification task on the validation set. The complete pretraining objective
is:

Lpretraining = Lclassification + b× LInfoNCE, (3.9)

where b is a hyperparameter balancing the auxiliary loss and Lclassification is a Nb way
cross-entropy loss.

After pretraining, we train the transformer and the encoder end to end in a
meta-learning fashion similar to [200]. Because the feature encoder is pretrained on
base dataset, a lower learning rate(factor of 10) is used for the feature encoder to
ensure convergence. Similar to the pretraining stage we use unsupervised InfoNCE
loss as an auxiliary loss along with the cross entropy loss during meta training stage
to restrict supervision collapse.

3.4 Experiments

We evaluate our method on three different datasets, namely mini-Imagenet, tiered-
Imagenet and CUB [184]. Mini-Imagenet and tiered-Imagenet are subsets of the
Imagenet dataset designed specifically for few shot learning. Mini-Imagenet dataset
consists of 60,000 images across 100 classes of which train, validation, and test have
64, 16, and 20 classes respectively. We follow the split specified in [137] with 64
classes in the base dataset. Tiered-Imagenet is a larger dataset consisting of 351,
97, and 160 categories for model training, validation, and evaluation, respectively.
We follow the split specified in [200]. In addition to this, we also look at a more fine
grained few shot classification task using the CUB dataset that consists of images
of various species of birds. CUB dataset contains 11,788 images split into 100, 50,
and 50 classes for train, validation, and test. For all images in CUB dataset, we
use the provided bounding box to crop all the images as a preprocessing step [173].
We follow the split specified in [200]. Similar to [200, 146], we use 10,000 randomly
sampled few shot tasks for testing as well as report the average accuracy and 95%
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Table 3.5: 1 shot results using oracle
querying function

Querying Setup mini-ImageNet tiered-ImageNet

Visual 67.40±0.20 71.05±0.18
Semantic 70.88±0.17 72.46±0.19
Oracle 72.38±0.18 76.55±0.17

Table 3.6: Ablation study of BaseTrans-
former

SimCLR-pre Querying BT 1-shot

No NA No 51.65
Yes NA No 52.68
No Visual Yes 54.46
Yes Visual Yes 57.38
Yes Semantic Yes 59.37

confidence intervals.

3.4.1 Implementation details

We test our method with two networks popularly used in the few shot learning
literature, namely Conv4-64 – a 4 layer convolution network [179, 161, 173, 200] and
ResNet-12 – a 12-layer residual network [82, 200]. As mentioned above we have an
additional pretraining stage over the base dataset before the meta training stage.
We use images resized to input resolution of 84× 84 for both networks.

In pretraining stage, we use SGD with momentum with an initial learning rate
of 0.1 which is decayed by 0.1 using a custom schedule for both networks, similar to
[200]. For weighing the auxiliary contrastive loss, we use balance b = 0.1.

In the meta learning stage, we use SGD with momentum with an initial learning
rate of 0.002 and γ = 20 for Conv4-64 and an initial learning rate of 0.0002 and
γ = 40 for ResNet-12. We follow the standard implementation of multi-headed self
attention as presented in [178]. In meta training stage, the temperature hyperpa-
rameter used for softening the logits is critical for convergence to a good solution.
We set the temperature as 0.1 for both networks. The optimal value for k is set to
30 after a hyperparameter search.

The memory bank consists of features of 200 randomly sampled instances per
base class computed using the trained encoder f0. The value of k was fixed to be
20 after trying out values of k from 2 to 30 and choosing the best performing value
on 1-shot classification on mini-ImageNet.

3.4.2 Results

We report the results of BaseTransformer and other methods for mini-ImageNet
in Table 3.1 and tiered-ImageNet and CUB in Table 3.2 and 3.4 respectively. We
can see that one shot performance of BaseTransformers is better than all com-
peting methods. For fairness, we have excluded comparisons with works that use
larger encoders or extra image data [199]. We make the following observations: 1)
BaseTransformers are effective in improving 1 shot performance on all considered
backbones and benchmarks; 2) In comparison to other works [200, 64] that use
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transformers for prototype adaptation, we show improvements of 4.1%, 1.66%, and
3.28% on mini-ImageNet, tiered-ImageNet, and CUB dataset in the 1-shot setting;
3) We do not see the strong improvements in 1-shot reflected in the 5-shot setting.
We hypothesize that this could be because the prototypes in 5-shot setting are al-
ready a good estimate of the true prototype. We investigate this phenomenon in
3.4.5. Results with the oracle top-k querying function are reported in 3.4.6. We also
compare against other methods that use semantic knowledge in 3.4.7.

3.4.3 Ablation studies

Table 3.6 provides detailed ablation study of the various parts of our method for
the Conv4-64 encoder. We can see that performance without BaseTransformer and
SimCLR-pretraining is similar to that of Prototypical Networks. Including just
InfoNCE as the auxiliary loss in the pretraining stage improves performance by 1.3%.
Applying BaseTransformers with visual querying on Prototypical Networks further
improves one shot accuracy to 54.46%. Using SimCLR in the pretraining stage
with BaseTransformers improves accuracy further to 57.38%. This shows that the
SimCLR loss in the pretraining stage is necessary to prevent supervision collapse and
provide the BaseTransformer with robust base features. Finally, applying semantic
querying gives a further improvement of ∼ 2%.

3.4.4 5-shot variations

For the 5-shot case, we experiment with two different ways of averaging the support
instances to form a prototype. Pre-avg averages the support instances before the
BaseTransformer. The closest base instances in this case are sampled randomly
from the 5 closest base classes using semantic similarity as described in Section 3.4
in the main paper. In contrast, for post-avg we adapt each support instance and
its corresponding set of closest base instances independently and the prototype is
obtained by averaging the adapted support instances after the BaseTransformer.
Table 3.7 reports the results for both pre-avg and post-avg for 5-shot classification
on the mini-ImageNet dataset using a ResNet12 encoder. Here we can see that pre-
avg works much better than post-avg for the ResNet12 encoder. We believe that
this could be because averaging the support instances results in a more robust input
to the BaseTransformer, aiding in its training.

3.4.5 5-shot results

We believe that the performance improvements from using base dataset is only
significant in the 1-shot to 3-shot domain. We ran experiments comparing Base-
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Table 3.7: Results for different se-
tups considered for averaging of
support instances in 5-shot set-
ting.

Setup 5-shot

Pre-avg 78.38±0.23
Post-avg 82.05±0.19

Table 3.8: Comparison with semantic knowl-
edge baselines

Method mini 1-shot CUB 1-shot tiered 1-shot

RS_FSL [2] 65.33±0.83 65.66±0.90 -
MS [154] 67.3 76.1 -
AM3 [194] 65.30±0.49 74.1 69.08±0.47
KTN [128] 64.42 - -

BT (Ours) 70.88±0.17 82.27±0.19 72.46±0.19

Transformer (BT) with semantic querying to SupportTransformer (ST), a variant
of BT where the Q =

∑
yi∈c ϕ (xi) and K = V = {ϕ(xi)} where yi ∈ c, keeping all

other hyperparameters same. Here Q is the prototype of class c and K = V are
the support instances of class c. Test accuracy of ST approaches that of BT as the
number of shots approaches 5, showing that the prototypes from 5 different support
instances of the novel class become as good as the prototype computed using base
instances queried via a semantic query (Table 3.3).

3.4.6 Oracle querying

Table 3.5 reports 1-shot classification results using visual, semantic, and oracle
querying for the mini-ImageNet and tiered-ImageNet datasets. Oracle querying
uses the ResNet-12 encoder trained on both seen and unseen classes in the dataset.
Then the closest base classes are found by the Euclidian similarity between the
class prototypes estimated using all the instances in the class. We see that by im-
proving the querying function, BaseTransformers can improve 1-shot accuracy by a
significant margin, especially for the tiered-ImageNet dataset where the classes are
distributed into seen and unseen classes with limited semantic overlap [123]. This
shows that the 1-shot performance of the BaseTransformer architecture is limited
by the querying function. We leave the search for an optimal querying function for
the future.

3.4.7 Comparison with Semantic knowledge baselines

Previous methods that use semantic knowledge [154, 2, 194, 128] use it explicitly
to structure the feature space, while we use it only for querying. Despite this, our
method outperforms all these methods (see Table 3.8).

3.4.8 Visualization of learnt attention over base data points

We visualize the attention maps learnt by the BaseTransformer in Fig. 3.3. These
are obtained by overlaying the resized attention map over the corresponding image
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Figure 3.3: Left: support instance; right: the three closest base instances (top)
and attention maps overlaid over the closest base instances (bottom). It can be seen
that BaseTransformers learns to select visually similar features from the base feature
space using the learnt part-based correspondences. Warmer color corresponds to
higher attention weight.

of base instance selected by the querying function. We can see that for each support
image, BaseTransformer has learned to attend to visually similar regions of base
instances. For example (Fig. 3.3 quadrant 2), for support instance nematode, the
BaseTransformer learns to attend to the tentacle of jellyfish or the legs of harvestman
to improve the prototype representation. It is also worth noting that in some cases
the BaseTransformer is successful in identifying multiple visually similar features in
base instance images when there are multiple instances of the class in one image. For
example (Fig. 3.3 quadrant 4), for golden retriever, the BaseTransformer attends to
two instances of gordon setter without being explicitly trained to identify multiple
gordon setters.

3.5 Conclusion

In this chapter, we show that semantic relationships can be utilized to learn novel
concepts using less data by relating them to well-learned base concepts. We propose
a novel method that answers RQ1 How can we incorporate semantic information to
improve performance in few-shot learning?. Specifically, we propose that the one-
shot performance of metric learning-based few-shot approaches is hindered by bias in
the estimation of the prototype. We show that prototype estimation can be improved
by relating to concepts that the model already knows and reusing the features of
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well-supported base instances. Our proposed method, BaseTransformers, adapts the
prototype by making use of learned correspondences between the support instance
and the semantically closest base class instances. Extensive experiments on three
benchmarks and two encoders show the effectiveness of our method advancing the
state of the art at the time in the inductive one-shot setting. A primary limitation
of the work presented in this chapter is that acquiring semantic information in
the form of domain expert descriptions of bird species for the CUB [184] dataset,
and WordNet graph [108] for the mini-ImageNet and tiered-ImageNet dataset, is a
time-consuming and costly process and is necessary for the success of our method.
We tackle this limitation in the next chapter by treating LLMs trained on large
amounts of data as approximate world models and querying them for acquiring
semantic information in a flexible and scalable manner.

Soon after the publishing of the work presented in this chapter, there was a
significant paradigm shift in few-shot and zero-shot research with the arrival of
foundation models like CLIP [132], ALIGN [68] which have been trained on Billion
scale image-caption pairs showcasing impressing 0-shot classification accuracies on
several downstream datasets like ImageNet [145] or Caltech101 [47]. A more detailed
analysis of the classification results of CLIP shows that performance on certain
specialized and fine-grained datasets/domains like DTD [26], FGVC Aircraft [98],
and CUB [184] datasets seem to be lacking in comparison to natural datasets like
ImageNet. We believe that even though it is possible to collect webscale datasets
there would always be a long tail of concepts with low occurrence due to the ‘long-
tail’ phenomenon or Zipf’s Law [218]. We believe this to be the reason for the poor
performance of CLIP on fine-grained and specialized datasets like FGVC-Aircraft
[98], DTD [26], CUB [184], etc, and propose that including semantic descriptions of
the classes in each of these datasets could be used to improve the 0-shot and few-
shot domain transfer of CLIP-like foundation models. In the next chapter, we define
the kind of semantic information that’s most useful for visual classification tasks as
well as how to generate it in a scalable manner for improving the generalizability of
foundation models like CLIP.
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Chapter 4

Enhancing CLIP with GPT-4:
Harnessing Visual Descriptions as
Prompts

In this Chapter, we detail our attempt at answering research questions RQ2, and
RQ3. More specifically we present a detailed description of our contributions to un-
derstanding what type of semantic information from language is useful for improving
the 0-shot and few-shot domain transfer performance of CLIP-like models (RQ3)and
how this type of semantic information can be generated in a flexible manner scalable
to any dataset without any human annotation effort from domain experts (RQ2).
We show that GPT-4 can be used to generate text that is visually descriptive and
how this can be used to adapt CLIP to downstream tasks. We show considerable
improvements in 0-shot transfer accuracy on specialized fine-grained datasets like
EuroSAT (∼ 7%), DTD (∼ 7%), SUN397 (∼ 4.6%), and CUB (∼ 3.3%) when
compared to CLIP’s default prompt. We also design a simple few-shot adapter that
learns to choose the best possible sentences to construct generalizable classifiers that
outperform the recently proposed CoCoOP by ∼ 2% on average and by over 4% on
4 specialized fine-grained datasets. The work in this Chapter was presented as a
Proceedings track paper at the ‘What’s Next in MultiModal foundation models’
workshop at the International Conference of Computer Vision held in Paris, France
in October 2023.

The following section presents an overview of foundational VLMs like CLIP and
our method. Section 4.2 provides a detailed literature review of Vision Language
Models, Few-shot adaptation techniques for VLMs and a discussion on extracting
semantic information from LLM’s. Section 4.3 provides an overview of different
adapter baselines, our prompt design for the LLM to generate visually descriptive
sentences for the classes, 0-shot adaptation strategy and our few-shot adapter that
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Figure 4.1: An example showing three birds, Green Heron, Green Woodpecker, and
Black Bittern. Green Heron and Green Woodpecker have close-by classification
prototypes by virtue of not having enough details in the prompt template. Only
the text-encoder’s embedding space is visualized. Here we see that adding visual
descriptions to the prompt resolves this issue and moves the classification prototypes
in the word-encoder’s space such that classification prototypes for visually similar
birds (Green Woodpecker and Black Bittern) lie together.

uses this semantic information. Section 4.4 presents the results of our methods on
a diverse benchmark of 12 datasets covering various natural fine-grained specialized
image classification settings. Finally we provide a summary and discussion of the
limitations of this work and VLMs in Section 4.5.

4.1 Introduction

Contrastive pre-training of large-scale VLMs has demonstrated remarkable image
classification performance on open-set classes. Models like CLIP [132] and ALIGN
[68] are pretrained on web-scale datasets consisting of image-text pairs (over 400
million and 1.8 billion respectively), resulting in a highly generalizable model with
competent 0-shot domain adaptation capabilities. While vanilla supervised training
is performed on a closed set of concepts or classes, CLIP pretraining uses natural
language. This results in a joint text-vision embedding space that is not constrained
to a fixed set of classes. In CLIP, the classifier is constructed by plugging the class
name into a predetermined prompt template like ‘a photo of {class name}’. A
straightforward way to adapt CLIP to different domains is by prompt engineering,
which usually involves modifying the prompt template to include semantic informa-
tion about the target task. For example, to classify bird images, one could construct
a prompt ‘a photo of {classname}, a type of bird’. This prompt engineering process,
however, is not optimal because it: 1.) requires domain expertise in the target do-
main; 2.) has high variance – small changes to the prompt result in large variation
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in performance; 3.) has a fixed prompt template for all the classes, therefore only
the class name in the prompt provides the classification anchor, which might not
contain enough information to distinguish different classes. For example, in Fig 4.1
we see an image of a Green Heron, which from the name would suggest that it is
predominantly a green-colored bird and we would assume that it is similar to Green
Woodpecker if we have never seen either bird. However, we can see that it is in fact
a blackish-brown bird with a chestnut-colored neck and visually more similar to a
bird like the Black Bittern. For 0-shot transfer to fine-grained datasets like this to
work well, CLIP has to either have seen and associated images of a Green Heron to
the text ‘Green Heron’ from its large pretraining dataset or additional information
in the form of visually descriptive textual (VDT) information is required. Here we
define VDT as a set of sentences that describe the visual features of the class under
consideration including shape, size, color, environment, patterns, composition, etc.
While most humans can identify many different common bird species just from their
names, they would need access to an ornithology taxonomy of bird descriptions to
identify more rare bird species. Similarly, we argue that CLIP’s 0-shot accuracy can
be improved by incorporating VDT information into the prompts. As shown, in Fig
4.1, including VDT information like black crown and black rump moves the classi-
fication prototype of Green Heron away from the classification prototype of Green
Woodpecker and towards that of Black Bittern in the text-encoder’s embedding
space.

In this work, we first show that we can use VDT information for each class in
the target domain to construct class conditional prompts that achieve performance
improvements over CLIP’s default prompt. We show this on the CUB dataset [184]
by constructing sentences from domain experts about the bird species in Section
4.3.2 as they are readily available as part of the dataset.

However, we acknowledge that domain expert annotations are costly and time-
consuming to obtain, hampering the scalability of our method to other datasets.
To address this, we focus on the recent advances in generative pretrained Large
Language Models (LLMs) like GPT-4 to construct these class conditional prompts
in a manner easily scalable to other datasets. These models are a good fit for the
task of constructing sophisticated prompts, because: 1) they are a condensed form of
human knowledge (trained on web-scale text data) [202]; 2) they can be manipulated
to produce information in any form or structure which makes compatibility with
CLIP’s prompt style relatively simple. Therefore we use GPT-4 to construct visually
descriptive textual information about the classes with special emphasis in the GPT-
4 prompts about visual cues like shape, color, structure, and compositionality. We
use the generated VDT information to construct prompt ensembles that are passed
through CLIP’s text encoder and aggregated to generate classifiers that are then used
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for 0-shot classification. Using GPT-4 circumvents the need for domain knowledge
and conveniently provides class conditional prompts. Prompt ensembling the VDT
sentences reduce CLIP’s performance sensitivity to small changes in the prompt.
We show performance improvements over vanilla CLIP with the default prompt
on 12 datasets with an average improvement of 2% and even better improvements
in fine-grained datasets like EuroSAT (∼ 7%), DTD (∼ 7%), SUN397 (∼ 4.6%),
and CUB (∼ 3.3%). The prompts and all the auxiliary class information will be
made publicly available to promote research in prompt ensembling and multi-modal
adapter design.

Finally, we design a simple adapter that learns to adaptively select and aggregate
the best sentences for any given dataset and show that making use of this additional
VDT information improves the few-shot domain transfer performance of CLIP as
well. We demonstrate the few-shot adaptation performance for the recently proposed
Base-to-New setting on a benchmark of 12 datasets and outperform recent methods
like CoOp [216] and CoCoOp [215] despite having fewer model parameters, shorter
training time, and a simpler model architecture.

In short, our contributions are as follows:

1. We show that including visually descriptive textual (VDT) information in
prompts results in better 0-shot domain transfer performance of CLIP.

2. We use GPT-4 to generate VDT sentences in a scalable manner and show
consistent performance improvements over CLIP in 0-shot domain transfer.

3. We design a simple adapter network to make use of this extra information
for few-shot transfer and show performance improvements over methods like
CLIP-Adapter and CoCoOp [215] for few-shot domain transfer in the Base-to-
New setting.

4. We release all the VDT information for all 12 datasets to promote further re-
search in multi-modal prompt and adapter design for low-shot domain transfer
of large VLMs.

4.2 Related Works

4.2.1 Vision Language Models

Recent VLMs [68, 132, 51] jointly learn the vision and language encoders from
scratch and have demonstrated impressive 0-shot domain transfer performance. As
mentioned in [216], this can be attributed to transformer networks [178], contrastive
losses [21, 60], and web-scale training datasets [132, 68].
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While our GPT-generated prompt ensembles are similar to CLIP’s prompt en-
sembles, CLIP’s prompt ensembles were constructed and tuned manually, and are
class agnostic, while ours were generated by GPT models that were prompted to
provide VDT information for each class.

4.2.2 Prompt Learning

CoOp [216] successfully used prompt learning in VLMs but had generalizability lim-
itations due to overfitting on the few-shot dataset [215]. In response, CoCoOp was
proposed, enhancing performance with image-conditioned prompt learning using a
meta-network, albeit at a higher resource cost. We address generalizability differ-
ently by using class conditional VDT information. Our simpler and more efficient
model, CLIP-A-self, outperforms CoCoOp in the Base-to-New few-shot setting.

4.2.3 Few-shot adapters for Vision Language models

CLIP-Adapter [53] (CLIP-A) offers a simpler few-shot transfer method for VLMs,
utilizing an MLP trained on fixed image/text encoders. Our CLIP-A-self is different
from CLIP-A in that we apply a self-attention mechanism on the set of all sentences
for any class, learning to select and aggregate the best subset of VDT information
for the dataset from the few-shot training set. Although Tip-adapter [210] showed
superior performance on base classes with a cache model, it’s inapplicable in the
Base-to-New setting due to its reliance on few-shot test class examples, making it
irrelevant for our comparison.

4.2.4 Semantic information from Large Language Models

Recent advancements in transformer-based language models, particularly the GPT
family [15, 1], have demonstrated exceptional abilities in semantic extraction from
intricate texts. Their application to vision tasks has emerged as an active area of
research. [114] employs Palm540B LLM [25] to generate semantic data for unsuper-
vised class embedding vectors in 0-shot classification, but only tests on three legacy
datasets. Our research presents results on a modern benchmark of 12 datasets. Re-
cently, [130, 104] leverage GPT-3 for class conditional prompts to enhance CLIP’s
0-shot domain transfer on 6 datasets. While [104] focuses on using GPT-3 to con-
struct visual descriptors that aid in the interpretability of CLIP’s predictions during
0-shot domain transfer, we argue that 0-shot domain transfer performance improves
with the inclusion of high-quality VDT information. Hence, we make use of GPT-4
for richer, more diverse, and more accurate VDT information.
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While [104] utilize GPT-3, probability space ensemble, and highlight VDT’s role
in 0-shot transfer, our method differs. We use GPT-4 for auxiliary data collection,
perform ensemble in word-encoder space, and introduce a few-shot adapter for opti-
mal VDT selection in few-shot transfer. [175] uses GPT-3 for prompt construction
in diffusion models to generate images for support sets while our work only uses
GPT4 to acquire auxiliary text data. To our knowledge, we are the first to prompt
GPT-4 for visually descriptive sentences to improve CLIP’s 0-shot and few-shot
domain transfer.

4.3 Methodology

4.3.1 Review of CLIP and CLIP-Adapter

Through contrastive pretraining on large image-text datasets, CLIP performs image
classification on various concepts, aligning related images and texts in a shared
embedding space, while separating dissimilar ones. After pretraining, CLIP directly
performs image classification on the target dataset without any finetuning. First,
we review how the CLIP model performs 0-shot classification on an open set.

The CLIP model, comprising a vision and language model, encodes an image and
its corresponding caption into visual and textual embeddings, respectively. During
inference, these embeddings are compared using cosine similarity. Given an image
I ∈ RH×W×C , where H, W , C denotes the height, width, and number of channels of
the image, the vision encoder transforms the image into the joint embedding space
to get the image features f ∈ RD where D represents the dimension of the features.

During inference, a prompt template such as ‘A photo of {classname}’ is used
to generate sentences for K different classes and passed through the text-encoder to
yield classifier weight matrix W ∈ RD×K . Prediction probabilities are then calcu-
lated by multiplying image feature f with W and applying a softmax function:

f = Backbone(I), pi =
exp(WT

i f)/τ∑K
j=1 exp(W

T
j f)/τ

, (4.1)

In CLIP [132], 0-shot domain transfer utilizes domain-specific information in
the prompt template, such as ‘A photo of a {class-name}, a type of bird’ for bird
images. [132] reports that careful prompt design and prompt ensembling are im-
portant to improve 0-shot classification accuracy. Prompt ensembling is achieved
by constructing several prompts for each class and then averaging the classification
vectors. In our work, we show that prompt ensembles of VDT information improve
CLIP’s 0-shot domain transfer.

CLIP-A [53] is a learnable MLP adapter applied to image and/or word en-
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Table 4.1: Comparing visual and non-visual prompt ensembles for 0-shot domain
transfer to the CUB dataset.

Prompting Default Non-Visual-GT Visual-GT Visual-GPT

Accuracy 54.7 53.0 57.7 57.4

coder features for few-shot transfer to target datasets. During few-shot trans-
fer, given N images per class with labels, denoted as (xi,k, yi,k)

i=N,j=K
i=1,k=1 , K classi-

fier weights are constructed using the prompt template H and text encoder g as
W = g(H(classname({yi,k}))). The image features f and text features W pass
through the learnable adapters Av, At to get adapted features as follows.

f ⋆ = αAv(f)
T + (1− α)f, (4.2)

W⋆ = βAt(W)T + (1− β)W. (4.3)

The hyperparameters α and β blend CLIP’s knowledge with fine-tuned knowl-
edge to avoid CLIP-Adapter overfitting. Logits are calculated as per Eqn 4.1, and
cross entropy loss over the entire training set (xi,k, yi,k)

i=N,j=K
i=1,k=1 is used to optimize

Av, At.
In the All setting, few-shot transfer is tested on a hold-out dataset with images

from the K classes used in training. In the Base-to-New setting, proposed by [215],
the evaluation occurs on U non-overlapping classes. Our model is evaluated in the
more practical Base-to-New setting.

4.3.2 Language Model Prompt Design

In this section, we show that using VDT information in the prompt template im-
proves CLIP’s 0-shot transfer capabilities and describe our approach to generate
class-specific prompts using an LLM.

Visual Descriptive Sentences

[132] demonstrates that careful prompt design and prompt ensembling improve the
0-shot classification performance of CLIP. Here we ask the question: What type of
information can be appended to the prompt template to improve the 0-shot domain
transfer performance? We show that appending visually descriptive information
to the prompt template and ensembling improves the 0-shot performance over the
default prompt and prompts containing non-visual information.

Using the CUB dataset with expert annotations, we contrast the 0-shot per-
formance of visual and non-visual prompt ensembles. For the visual prompts, we
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take class attribute vectors detailing attributes like color, pattern, shape, etc. for
28 bird body parts, leading to 312 scores per bird. We use the most pronounced
attribute-value pairs to form 28 visual prompts (denoted Visual-GT ) such as ‘A
photo of Green Heron. Green Heron has a greenish-black head cap.’ Conversely,
for non-visual prompts (denoted Non-Visual-GT ), we collect information on bird
calls, migration, behavior, and habitat, yielding 12 different prompts like ‘A photo
of Green Heron. The green heron’s bird call is a loud, harsh ‘skeow” per class.

We derive classification vectors for Visual-GT and Non-Visual-GT by averaging
class-level sentence embeddings within CLIP’s joint embedding space, considering
its 77-token limit. Table 4.1 shows no improvement using Non-Visual-GT prompts
over the default, yet a 4% improvement with Visual-GT.

Prompting LLMs for visually descriptive information

In the prior section, we highlighted the use of expert VDT information in creating
class-specific prompts to enhance CLIP’s 0-shot performance. However, acquiring
expert annotations is both expensive and time-consuming. To overcome this, we
utilize GPT language models, known for their large-scale knowledge and flexibility
[202]. Our approach involves using GPT-4 to generate visual descriptions for any
given dataset thereby aiding in the construction of prompt ensembles for CLIP in a
scalable manner.

Our prompting strategy takes inspiration from chain-of-thought prompting [187]
and is as follows: First, we ask GPT-4 to list all the attributes that may be necessary
to discriminate between images of the K classes under consideration. Second, we
ask GPT-4 to provide the values for all these attributes for all the K classes as
sentences. An example for the CUB dataset is shown in the left side of Fig 4.1.

The last row in Table 4.1 shows that the GPT-4 generated visual sentences’
performance is similar to that of sentences generated from the class attribute vectors
annotated by domain experts. We follow the same simple strategy for all the datasets
in the benchmark suite to generate visually descriptive sentences in a scalable and
flexible manner and use them to construct prompt ensembles.

4.3.3 Prompts for GPT-4

Throughout our experiments, we use a two-step prompting strategy in which we first
ask the LLM to generate a list of attributes which will aid in visually distinguishing
between the different classes in a particular dataset. The second prompt asks the
LLM to create a description using the attributes provided by the first prompt and
specifies the expected output format. We request a python dictionary as output
with a list of sentences, each corresponding to one attribute. The output structure is
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simple to use (downstream), preserves attribute-level detail and encourages attribute
richness.

Example of first prompt for the FGVC Aircraft dataset:

I am creating class attributes for a zero-shot image recognition algorithm
to classify different images of a diverse set of aircrafts. The attributes
are part of side information about the classes. List 20 attributes that
can form part of a description of the class that will aid in distinguishing
between the following list of classes visually: [list of classes in dataset
e.g. ’Boeing 707-320’, ’Boeing 727-200’,..., ’Yakovlev Yak-42’]

GPT-4 response:

Manufacturer: The company that produces the aircraft (e.g., Boeing,
Airbus). Model Number: Differentiates different aircraft within the same
manufacturer. Aircraft Function: The primary role or use of the air-
craft, such as commercial (passenger), cargo (freight transport), or mil-
itary (fighter, bomber, etc). Engine Count: The number of engines on
the aircraft. Engine Position: The location of the engines, either under
the wings or at the rear of the fuselage. Wing Position: The position
of the wings: high-wing, mid-wing, or low-wing design. Tail Type: The
shape and type of the tail, such as traditional, T-tail, V-tail, etc. Body
Length: The length of the aircraft’s fuselage. Body Shape: The over-
all shape of the fuselage, like narrow, wide, double-decker, etc. Wing
Shape: The shape of the wings, either swept or straight. Nose Shape:
The shape of the nose or front of the aircraft. Landing Gear Type: The
type of landing gear, like tricycle or taildragger. Cockpit Window Shape:
The shape and number of cockpit windows. Color Scheme: Typical color
schemes or liveries associated with the aircraft type. Number of Decks:
Either single-deck or double-deck (like the Airbus A380). Existence of
Winglets: Whether or not the aircraft has winglets at the end of the
wings. Existence of Canards: Whether or not the aircraft has canards,
small wing-like surfaces located at the front. Propeller or Jet: Indicates
if the aircraft is propeller-driven or jet-powered. Number of Seats: An
estimate of the seating capacity of the aircraft. Range: The maximum
distance the aircraft can travel without refueling. Unique Visual Identi-
fier: Specific structures or features that are unique to a model or series
of aircraft. Aircraft Type: Differentiates between commercial, cargo, or
military aircraft.
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Example of the second prompt for the FGVC Aircraft dataset which uses GPT-
4’s response for the first prompt as part of the prompt:

Describe the following aircraft by adding one sentence about each at-
tribute for the following aircraft: Airbus A340-200. Return the answer
as a python dictionary with the aircraft variant as the key (i.e. remove
the manufacturer) and the value is a list of sentences. Rewrite the at-
tribute as a full sentence. Do not include the attributes as keys. At-
tributes: Manufacturer: The company that produces the aircraft (e.g.,
Boeing, Airbus). Model Number: Differentiates different aircraft within
the same manufacturer. Aircraft Function: The primary role or use of
the aircraft, such as commercial (passenger), cargo (freight transport),
or military (fighter, bomber, etc). Engine Count: The number of engines
on the aircraft. Engine Position: The location of the engines, either un-
der the wings or at the rear of the fuselage. Wing Position: The position
of the wings: high-wing, mid-wing, or low-wing design. Tail Type: The
shape and type of the tail, such as traditional, T-tail, V-tail, etc. Body
Length: The length of the aircraft’s fuselage. Body Shape: The over-
all shape of the fuselage, like narrow, wide, double-decker, etc. Wing
Shape: The shape of the wings, either swept or straight. Nose Shape:
The shape of the nose or front of the aircraft. Landing Gear Type: The
type of landing gear, like tricycle or taildragger. Cockpit Window Shape:
The shape and number of cockpit windows. Color Scheme: Typical color
schemes or liveries associated with the aircraft type. Number of Decks:
Either single-deck or double-deck (like the Airbus A380). Existence of
Winglets: Whether or not the aircraft has winglets at the end of the
wings. Existence of Canards: Whether or not the aircraft has canards,
small wing-like surfaces located at the front. Propeller or Jet: Indicates
if the aircraft is propeller-driven or jet-powered. Number of Seats: An
estimate of the seating capacity of the aircraft. Range: The maximum
distance the aircraft can travel without refueling. Unique Visual Identi-
fier: Specific structures or features that are unique to a model or series
of aircraft. Aircraft Type: Differentiates between commercial, cargo, or
military aircraft.

The response of the second prompt constitutes the VDT information we utilise
as side-information for Airbus A340-200 as an example:

"A340-200": [ "The Airbus A340-200 is produced by Airbus, a renowned
aircraft manufacturer.", "It differentiates itself from other aircraft within
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the Airbus family through its unique model number: A340-200.", "This
aircraft primarily serves a commercial role, typically used for passen-
ger transport.", "The Airbus A340-200 is equipped with four engines.",
"These engines are situated under the aircraft’s wings.", "The aircraft
features a low-wing design, with wings positioned at the bottom of the
fuselage.", "It has a traditional tail configuration, common to many large
commercial aircraft.", "The A340-200 has a lengthy fuselage, extending
to about 59.4 meters.", "The body of the Airbus A340-200 is wide-bodied,
facilitating a larger passenger capacity.", "Its wings are swept back, a de-
sign aspect that improves fuel efficiency and performance at high speeds.",
"The aircraft features a rounded nose shape, contributing to its aerody-
namic design.", "The Airbus A340-200 uses a tricycle type landing gear,
supporting stability during takeoffs and landings.", "Its cockpit windows
are angular and include six panels, giving pilots a comprehensive view
of their surroundings.", "Color schemes vary by airline, but the Air-
bus corporate livery features a predominantly white body with blue and
teal accents.", "This model is a single-deck aircraft, focusing on width
rather than height for passenger capacity.", "The A340-200 does not
have winglets, differing from some newer Airbus models.", "There are
no canards present on the Airbus A340-200, instead, it employs a more
traditional aircraft design.", "As a jet-powered aircraft, the A340-200
uses high-speed jet engines for propulsion.", "The A340-200 typically
accommodates around 260 passengers, though the exact number can vary
with the configuration.", "With a range of approximately 7,800 nauti-
cal miles, the Airbus A340-200 can cover considerable distances with-
out refueling.", "The aircraft’s four-engine configuration and lengthy,
wide-bodied design are unique visual identifiers of the A340-200 model.",
"Classified as a commercial aircraft, the Airbus A340-200 is primarily
used for passenger transportation." ]

GPT-4 generally adheres to the python dictionary output requirement in the
User prompt, but tends to return additional explanations, motivations or clarifica-
tions. To encourage the LLM to only return a Python dictionary as requested, we
add the following System prompt:

You are ChatGPT, a large language model trained by OpenAI. Return
only the python dictionary, with no explanation.

Conversely, OpenAssistant’s [73] output requires manual cleaning and reformat-
ting to get into Python dictionary format. GPT-3.5 performed slightly worse than
GPT-4 in terms of adherence to the prompt, as it did not consistently return only a
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Figure 4.2: CLIP-A-self, our simple self-attention based adapter learns to select and
aggregate the most relevant subset of Visually Descriptive Text (VDT) to gener-
ate more generalizable classifiers. First, we prompt GPT-4 to generate VDT, N
sentences for K classes that are then passed through the text encoder to get embed-
dings for each of the N*K sentences. Self-attention is applied over the N sentences
of each class and averaged to get K adapted classifier embeddings.

dictionary. In such cases, we simply called the API again. After repeated incorrect
format responses, we manually cleaned those cases.

We primarily utilized GPT-4 via the ChatGPT Plus subscription plan at a cost
of $20 since the GPT-4 API was not generally available during most of our exper-
imentation phase. The GPT-4 API cost to create the VDT information for the
SUN397 dataset was $14.90, as opposed to $1.94 using the GPT-3.5 API.

4.3.4 Simple few-shot adapters for visual sentences

We design a simple adapter that can use VDT information to improve the few-shot
transfer of CLIP to the target datasets. Similar to the CLIP-A text, we append a
small set of learnable parameters to the output of the word encoder and train the
adapter using cross-entropy loss. Our CLIP-A-self uses a self-attention layer that
applies attention over the embeddings of the different sentences for each class and
averages the output to get the final classification vector.

Given we have M GPT generated sentences for each of the K classes tm,k, we
construct M prompts by appending each sentence to the prompt template like
H(classname(yi,k), {tm,k}) and pass them through CLIP’s word encoder to get
W sent ∈ RD×M×K .
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For the self-attention adapter, we apply vanilla self-attention [178] over all the
visual descriptive sentences such that during training it learns to select and aggregate
the most relevant visual sentences for identifying each class. Just like before, we first
obtain the classification vector for all sentences W s ∈ RK×M×D and pass them as
the key, query, and value to the self-attention module Bself and average out the
output tokens to get the final classification vector W ⋆. Here the attention is applied
over the M different visually descriptive sentences.

Wavg = 1/M
M∑

m=1

W s
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m,k (4.6)

W ⋆ = βWa−mean
T + (1− β)Wavg (4.7)

We finally obtain the new adapter classifier weights W ⋆ ∈ RD×K that have been
adapted to focus on the most visually discriminative information among the M

visually descriptive sentences for any given dataset. We make use of 4.1 to calculate
the probabilities and predict the image category by selecting the class with the
highest probability.

During the few-shot training only the weights of the adapter network Bself are
trained using cross-entropy loss.

4.4 Experiments

We assess the significance of visual sentence ensembles in two scenarios: (i) we gauge
visual sentence quality by comparing an ensemble of these prompts with CLIP’s
default prompts across 12 benchmark datasets; (ii) we contrast the performance of
adapters using these visual prompts against other few-shot transfer techniques in
Base-to-New class generalization within a dataset. Prior to discussing the results,
we detail the datasets and experimental setup.

4.4.1 Datasets

We use 11 diverse image recognition datasets from [216] and the bird species CUB
dataset [184] for both study settings, extending our suite to 12. These include
generic object datasets ImageNet [34] and Caltech101 [47]; fine-grained classification
datasets OxfordPets [126], StanfordCars [76], Flowers102 [117], Food101 [14] and
FGVCAircraft [98]; SUN397 [193] for scene recognition; UCF101 [163] for action
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recognition; DTD [26] for texture classification; EuroSAT [62] for satellite imagery;
and CUB for bird identification.

For 0-shot transfer with visual sentences, we test on All classes across these
datasets while for the Base-to-New setting, following [215], we equally sample classes
for base and new sets without overlap. We use the 150-base and 50-new class split
from ZSL and few-shot literature [192, 101] for CUB. Like [215], our CLIP-A-self is
evaluated on the 16-shot setting for easier comparison with other methods.

4.4.2 Baselines

We compare the performance of visual sentences ensemble on 0-shot transfer against
the CLIP model [132] whose default prompts for each dataset have been extensively
fine-tuned using a test set. We also compare against DCLIP [104] a recent work
that uses GPT-3 to generate VDT information for 0-shot transfer. We compare
our CLIP-A-self against two prompt learning methods CoOp [216] which learns
static prompts and CoCoOp [215] which learns a dynamic prompt that is specifically
designed to improve Base-to-New transfer. We also compare our CLIP-A-self against
CLIP-A [53] due to the similarity in architecture and to show that the performance
improvements are from making use of the visual sentences and not from the just
adapting the text features.

4.4.3 Training settings

Our implementation is based on CoOp’s and CLIP-A’s code. 1 We make all our
comparisons on VIT CLIP backbone i.e., VIT-B/16. We take the results for CoOp
and CoCoOp for all datasets (except CUB) from their respective papers, while we
make use of practices from the respective papers like context length set to 4 and
context initialization to “a photo of" to ensure the best results on the CUB dataset.
For CLIP-A, we re-run all experiments on VIT-B/16 backbone as they were not
reported in the paper. For all adapter models including ours, we only tune the
residual ratio β hyper-parameter. For CLIP-A, we use the version where the MLP
is applied on top of the visual encoder as it performed the best [53]. We make use
of May version of GPT-4 for obtaining the auxiliary dataset.

1https://github.com/KaiyangZhou/CoOp, https://github.com/gaopengcuhk/
CLIP-Adapter
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Table 4.2: Results of including LLM generated VDT on 6 datasets for comparison
with other works. We see that higher quality VDT from GPT-4 outperforms GPT-3
generated VDT on specialized datasets like DTD OxfordPets and EuroSAT.

Methods EuroSAT Food101 DTD OxfordPets CUB ImageNet Average

CLIP 47.69 85.97 43.09 89.07 54.70 64.51 64.17
DCLIP[104] 48.82 88.50 45.59 86.92 57.75 68.03 65.93
CLIP-GPT 54.86 86.43 50.15 91.54 57.43 68.92 68.21

Table 4.3: Results of 12 datasets with ViT-B/16 for 0-shot domain transfer.

Methods EuroSAT Caltech101 OxfordFlowers Food101 FGVCAircraft DTD OxfordPets StanfordCars Sun397 UCF101 CUB ImageNet Average

CLIP 47.69 93.75 70.69 85.97 24.81 43.09 89.07 65.55 62.61 67.54 54.70 64.51 64.16
CLIP-GPT 54.86 94.51 73.40 86.43 23.42 50.15 91.54 65.01 67.24 65.51 57.43 68.9 66.53

4.4.4 GPT generated visual sentences improve 0-shot trans-

fer.

We compare the performance of CLIP-GPT prompt ensemble with the default
prompts of CLIP in Table 4.3. GPT-generated prompt ensemble improves upon
the performance of CLIP 0-shot by 2% on average over 12 datasets. The improve-
ment over CLIP-ZS is significant; over 5% for specialized fine-grained datasets like
CUB, SUN397, EuroSAT, and DTD and over 2% for oxford-flowers and oxford-pets.
This shows that CLIP does not recognize several of the classnames in these datasets
and describing the class in the form of visually descriptive sentences results in bet-
ter classifiers from the text-encoder and better classification accuracy. It is also
worth noting that only including the visually descriptive sentences in the prompts
can help improve the performance of general datasets like Imagenet (over 4%) and
Caltech-101 (over 1%) too. For all other datasets, the transfer performance matches
that of CLIP, with the exception being the action recognition dataset UCF-101.
We inspected the sentences generated for UCF-101 and notice that several of the
sentences generated by GPT involves temporal information instead of visual descrip-
tions and we believe this could be the reason for the drop in accuracy. However,
we notice in Section 4.4.5 that the self-attention module of the few-shot adapter
learns to emphasize the visual sentences out of the generated sentences which might
explain the improvement in the performance of few-shot adapters in the new setting
in Section 4.4.5. We also compare against recent work [104] on their subset of 6
datasets for VIT-B/16 encoder in 4.2. We see that using the larger GPT-4 model
over the GPT-3 model results in much higher improvements for specialized datasets
like DTD (∼ 5%) and EuroSAT (∼ 6%). We compare the text used by [104] against
our GPT4-generated VDT in Table A.1.
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Base New H

CLIP 68.45 73.89 71.05
CoOp 82.39 62.39 70.99
CoCoOp 79.35 71.89 75.37
CLIP-A 78.90 72.14 75.07
CLIP-A-self 82.12 74.20 77.78

Table 4.4: Comparing our CLIP-A-self against other methods on average accuracy
over 12 datasets.

4.4.5 GPT-Adapters improve few-shot transfer performance.

We compare the performance of our CLIP-A-self against CLIP, CoOp, and Co-
CoOp on the benchmark suite of 12 datasets in the Base-to-New setting in Table
4.5 and Table 4.4. Here we see that GPT-Adapters that make use of the VDT in-
formation outperform CoCoOp by 3% in the new setting while maintaining similar
performance to that of CoOp in the base setting on the average accuracy over 12
datasets. This is impressive considering that CoCoOp makes use of a meta-network
and forward pass through the text encoder making it computationally intensive to
train. CoCoOp takes up to 5 hours to train on 16-shot ImageNet for VIT-B/16 en-
coder, in comparison, our CLIP-A-self takes only 10 mins (on an RTX 3090 GPU).
The Base-to-New generalization ability of our adapters is even more impressive for
fine-grained, specialized datasets as evidenced by the gains over CoCoOp in Har-
monic mean of base and new accuracy. For example, CLIP-A-self demonstrates
gains in datasets like FGVCAircraft ( 7.5%), EuroSat ( 7.4%), DTD ( 5.8%), CUB
( 4.3%), Flowers102 ( 4%), Stanford Cars ( 2.4%) and UCF-101 ( 2.4% ). This
demonstrates that our adapters make use of semantic information in the form of
visually descriptive sentences and fuse this with CLIP’s 0-shot knowledge to build
more generalizable classifiers that transfer well to unseen classes within the same
dataset. It is also worth noting that even though the same set of VDT did not pro-
vide any improvements in 0-shot domain transfer for datasets like FGVC-Aircraft,
Stanford-Cars, and UCF-101, our self-attention adapter was able to choose the most
informative subset of VDT and produce few-shot classifiers that provide substan-
tial few-shot transfer performance gains in comparison to CoCoOp. We show in
Section 4.4.5 the sentences picked by the attention mechanism for these datasets to
qualitatively verify this.

Attention weights Analysis

We visualize the attention weights learned by the CLIP-A-self for datasets Stanford
Cars, UCF101, FGVC Aircraft, Oxford Flowers and CUB in Table 4.6. We note
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Table 4.5: Comparison of GPT-Adapters with CLIP, CoOp and CoCoOp in
the Base-to-New generalization setting. For prompt learning-based methods
(CoOp and CoCoOp), their prompts are learned from the base classes (16 shots).
The results strongly justify the importance of including extra visual information. H
denotes Harmonic mean (to highlight the generalization trade-off [192]). Here C-A
is CLIP-A and C-A-self is CLIP-A-self.

(a) CUB.

B N H

CLIP 58.7 70.3 63.90
CoOp 79.2 53.3 63.71
CoCoOp 67.1 74.1 70.40
C-A 68.3 70.8 69.53
C-A-self 78.6 71.3 74.77

(b) Caltech101.

B N H

CLIP 96.84 94.00 95.40
CoOp 98.00 89.81 93.73
CoCoOp 97.96 93.81 95.84
C-A 97.7 93.6 95.61
C-A-self 98.3 95.9 97.09

(c) OxfordPets.

B N H

CLIP 91.17 97.26 94.12
CoOp 93.67 95.29 94.47
CoCoOp 95.20 97.69 96.43
C-A 94.8 97.0 95.89
C-A-self 94.4 97.0 95.68

(d) StanfordCars.

B N H

CLIP 63.37 74.89 68.65
CoOp 78.12 60.40 68.13
CoCoOp 70.49 73.59 72.01
C-A 70.5 73.3 71.87
C-A-self 76.8 72.9 74.80

(e) Flowers102.

B N H

CLIP 72.08 77.80 74.83
CoOp 97.60 59.67 74.06
CoCoOp 94.87 71.75 81.71
C-A 94.6 71.5 81.44
C-A-self 97.4 75.3 84.94

(f) Food101.

B N H

CLIP 90.10 91.22 90.66
CoOp 88.33 82.26 85.19
CoCoOp 90.70 91.29 90.99
C-A 90.3 91.2 90.75
C-A-self 90.4 91.2 90.80

(g) FGVCAircraft.

B N H

CLIP 27.19 36.29 31.09
CoOp 40.44 22.30 28.75
CoCoOp 33.41 23.71 27.74
C-A 34.9 33.5 34.19
C-A-self 37.8 33.0 35.24

(h) SUN397.

B N H

CLIP 69.36 75.35 72.23
CoOp 80.60 65.89 72.51
CoCoOp 79.74 76.86 78.27
C-A 80.1 75.9 77.94
C-A-self 81.4 76.8 79.03

(i) DTD.

B N H

CLIP 53.24 59.90 56.37
CoOp 79.44 41.18 54.24
CoCoOp 77.01 56.00 64.85
C-A 74.9 53.0 62.08
C-A-self 81.8 62.3 70.73

(j) EuroSAT.

B N H

CLIP 56.48 64.05 60.03
CoOp 92.19 54.74 68.69
CoCoOp 87.49 60.04 71.21
C-A 82.5 62.4 71.06
C-A-self 88.5 70.5 78.48

(k) UCF101.

B N H

CLIP 70.53 77.50 73.85
CoOp 84.69 56.05 67.46
CoCoOp 82.33 73.45 77.64
C-A 82.9 74.9 78.70
C-A-self 84.1 76.4 80.07

(l) ImageNet.

B N H

CLIP 72.43 68.14 70.22
CoOp 76.47 67.88 71.92
CoCoOp 75.98 70.43 73.10
C-A 75.4 68.6 71.84
C-A-self 76.4 68.3 72.12

that even though CLIP-GPT ensembles were outperformed by CLIP default prompt
on FGVC Aircraft, UCF-101, and Stanford Cars dataset, we see that CLIP-A-self
outperforms CLIP-A and CoCoOp [215] on these datasets in the few-shot transfer
setting. We believe that this is because, during few-shot training, the self-attention
mechanism learns to select the most relevant visual sentences out of the set of visually
descriptive text and helps produce generalizable classifiers. In Table 4.6 we show the
top 3 and bottom 3 attributes picked by attention scores for each of these datasets
and show that the sentences with the highest attention scores correspond to visually
descriptive attributes in the set and vice versa for the lowest scored attributes. For
example, for both Stanford Cars and FGVC it is interesting to see that the color
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Dataset Top 3 attributes selected Bottom 3 attributes selected

FGVC Unique visual identifier,
presence of canards,
tail type.

Color scheme,
model number,
commercial or cargo.

Cars Body shape,
fender description,
spoiler description,

Interior description,
brand logo description,
color scheme

UCF-101 Equipment used,
Posture of person,
Interaction info.

Body muscles used,
force involved,
speed of motion

Oxford-Flowers Shape of the flower,
Color, shape and number of petals,
Texture and description of veins in leaves

Stem color,
Color of leaves,
Description of sepals

CUB Wings color and shape,
Head color and shape,
Beak color and shape

Color and description of legs,
Underparts color,
Tail shape and color

Table 4.6: The top 3 and bottom 3 attributes selected by the attention mechanism
in GPT-A-self for 3 different datasets. For UCF101, We see that attention learns
to pick visually descriptive sentences like posture and description of objects over
temporal information like speed of motion and force applied.

scheme is one of the least used attributes as it’s difficult to identify a car or a
plane from its color or livery. For UCF-101, information like the force involved
or temporal information like speed and range of motion of the action is unlikely
to be encoded in the image and hence is not selected by the attention mechanism.
Information regarding the subject and the object of the action, like the posture of the
person, description of the object, and interaction between objects are visible in the
images and hence weighted highly by the attention mechanism. We notice that the
self-attention mechanism in CLIP-A-self assigns more weight to visually descriptive
sentences that are most relevant for discriminating between the classes of the dataset
under consideration. For instance, we see that for discriminating images of birds
species (CUB dataset) and flower species (Oxford Flowers) sentences describing the
color of the head and wings of birds and petals of the flowers are important but for
identifying different car or aircraft models sentences describing the color or livery is
one of the least important. We also see that if the information being described by
the VDT sentence is not clearly visible in the image, the attention weight assigned to
it by CLIP-A-self is low. For instance, in the CUB dataset, the undersides of birds
or the sepals in the Oxford Flowers dataset are often not visible in the images, hence
the VDT sentence corresponding to this is in the bottom 3 attributes picked by the
learnt attention weights. It’s also worth noting that, some of the VDT sentences
do not have much variation between different classes and hence are not useful in
discrimination between the classes of the dataset. For instance, in Oxford-flowers,
the color of the leaves, and the color of the stem are often green for most flowers in
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Prompting ZS Base New H

Default 54.7 NA NA NA
OpenAssistant 56.0 78.3 69.8 73.80
GPT-3.5 55.7 78.1 70.6 74.16
GPT-4 57.4 78.6 71.3 74.77

Table 4.7: Comparing different GPT models for obtaining the VDT information.
We see that the larger models provide higher quality VDT information but CLIP-
A-self is capable of producing generalizable classifiers even with smaller models like
OpenAssistant.

the dataset, which maybe why a low attention score was learnt for this attribute.

4.4.6 Ablation over different GPT models

In this section, we see if other GPT models like GPT-3.5 and open-source model,
OpenAssistant [73], are as capable as GPT-4 in generating visually descriptive in-
formation. We explore this on the CUB dataset as it is fine-grained and specialized.
The results are presented in Table 4.7. We find that the performance improves with
larger models which are more capable of memorizing accurate class information
with less hallucination [202]. Even though we obtain decent performance with the
open-source model OpenAssistant, the outputs were always inconsistent and noisy,
resulting in a lot of clean-up effort in comparison to GPT-3.5 and GPT-4 where
the outputs were in the form of concise sentences following a dictionary format. It
is worth noting that our few-shot adapter is capable of picking out the the best
VDT information even from a noisy set, pushing the Base-to-New generalization
performance of OpenAssistant, and GPT-3.5 close to that of GPT-4.

Comparing our VDT with GPT3

In Table A.1, we compare the VDT generated by GPT-4 using our prompting tech-
nique with that of [104] who used GPT-3 to obtain visual descriptors for different
classes of the dataset. Here we notice that including a prompt step asking the GPT-
4 for visual attributes necessary for classifying between images of the classes results
in a fixed number of sentences per class, a fixed order guaranteeing that every class
is accompanied by as much visual information as possible. By using GPT-4 we
also get much richer and more accurate visual descriptions. For example, for the
class industrial, our descriptions provide information about the density of buildings,
shadows in the image, road accessibility, and layout while the description used by
[104] is only ‘evidence of human activity’. A similar phenomenon can be observed
for the DTD dataset. This explains the jump in performance for specialized datasets
like DTD and Eurosat over DCLIP.
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Figure 4.3: Main results of Base-to-New few shot learning on 12 datasets. CLIP-
A-self consistently shows better performance over CLIP-A over different training
shots, demonstrating the importance of Visually descriptive text in improving the
generalizability of few-shot classifiers for CLIP.

4.4.7 Generalizability at lower shots

In Figure 4.3, we compare the harmonic mean of Base and New accuracies of CLIP-
A-self with that of CLIP-A over number of shots = 1, 5, 10, 16. Our CLIP-A-self
demonstrates performance improvements at lower shots, outperforming CLIP-A on
average by over 1.5%/ for the 1-shot case and over 2.5%/ for the 5-shot case. Our
adapter shows higher improvements over CLIP-A in the higher shot scenario because
of the number of parameters and the inherent difficulty in identifying the VDT
sentences that are discriminative for the current classes in the low shot scenario.
For instance, identifying the class from a single image is often difficult because
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of co-occuring objects, environment, background etc which can be resolved if we
have more exmaple images from the same class. The largest improvements are for
specialized and fine-grained datasets like Stanford-Cars, EuroSat Oxford Flowers,
DTD and CUB. Oxford-pets and Food-101 results do not improve much because
these datasets are relatively easy and already show good performance with default
CLIP.

4.5 Conclusion

In this chapter, we show that using visually descriptive textual (VDT) information
can improve the 0-shot domain transfer performance of CLIP over non-visual seman-
tic information and the default prompts. We leverage the recent advances in LLMs
and their ability to act as approximate world models for factual information retrieval
in a flexible, scalable manner to provide an answer to RQ2 How can LLMs be used to
generate semantic information useful for computer vision tasks in a scalable man-
ner? More specifically, we demonstrate that GPT-4 is an accurate and flexible
source of VDT information by improving the 0-shot domain transfer performances
on a suite of 12 benchmark datasets showcasing its potential to generate scalable
semantic information adaptable to any real-world dataset. Our few-shot adapter
CLIP-A-self learns to pick the best VDT information from the LLM-generated set
and improves the few-shot domain transfer in the Base-to-New setting even when
the quality of the generated text deteriorates with smaller LLMs. This provides a
simple but effective answer to our RQ3 How can we use this semantic information to
improve the 0-shot and few-shot transfer performance of vision language foundation
models? As part of this work, we released all prompts and VDT information for the
12 benchmark datasets to promote further research in the research direction of using
LLMs for learning multi-modal adapters for vision language foundation models.

In Chapter 3 and this Chapter we make use of semantic information to im-
prove the label efficiency and generalizability of vision models. Specifically in
this Chapter, we use an LLM to explain novel concepts in terms of concepts that
CLIP’s text-encoder already understands. This is sub-optimal in terms of concept-
coverage, multi-linguality and long-context primarily due to the CLIP text-encoder’s
sub-par unimodal features. This can be attributed to the contrastive pre-training
on noisy image, caption pairs, where the text data has limited coverage. Simi-
larly, CLIP’s vision encoder lacks the fine-grained understanding to perform well on
image-localization tasks due to the global pooling of local vision features during pre-
training. Another limitation of CLIP is the significant compute/data requirements
for training, as both image, and language encoders are trained from scratch on over
400 million image, caption pairs. These challenges faced by the CLIP model could
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be alleviated if strong unimodal vision and language encoders can be aligned using
simple projection transformations. To develop such a framework, we first study the
semantic similarities of well-trained vision and language representations in the next
chapter. This is grounded in the idea, that since vision and language encoders are
modeling the same physical reality, then the representations from their encoders
should demonstrate high similarity in terms of semantics.
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Chapter 5

Do Vision and Language Encoders
Represent the World Similarly?

In Chapters 3 and 4, we demonstrate how semantic knowledge from language can be
harnessed in a retrieval-augmented manner to enhance the performance and general-
izability of vision models. In this chapter, we dive deeper into a more fundamental
research question: if language models encode semantics that are useful for vision
tasks, should there not be a significant similarity between the representational spaces
of vision and language models? Since both vision and language encoders represent
the same physical world through different modalities, it raises the key question: How
similar are the representations of these two modalities? (RQ4).

We define semantic similarity as the correspondence between semantic concepts
in the embedding spaces of vision and language encoders and analyze the latent
structure of these spaces using image-caption benchmarks and the Centered Kernel
Alignment (CKA) metric. Surprisingly, we find that the representation spaces of
unaligned and aligned encoders are semantically similar.

In the second half of this chapter, we address a related question (RQ5): Is
there a way to connect semantically similar vision and language representations in a
training-free manner? We propose leveraging semantic similarity between encoders
by framing the alignment as a seeded graph-matching problem. To solve this, we
introduce two methods: a Fast Quadratic Assignment Problem optimization and a
novel localized CKA metric-based matching/retrieval approach. We validate these
methods across several downstream tasks, including cross-lingual and cross-domain
caption matching, as well as image classification. The code for this work is available
at github.com/mayug/0-shot-llm-vision. This work was presented as a conference
paper at the Computer Vision and Pattern Recognition (CVPR) conference held in
Seattle, USA in June 2024.

The following section presents an overview of aligned vision language models
like CLIP, advances in vision and language unimodal encoders and our approach
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Figure 5.1: For matching, we calculate the kernels for image and text embeddings
and employ QAP-based seeded matching to maximize CKA for obtaining the optimal
permutation P. For retrieval, we append query embeddings to base embeddings and
retrieve the best caption that maximizes the local CKA for a query image.
to investigating and exploiting the semantic similarity between unaligned encoder
spaces. This is followed by 5.2 detailing a literature review on semantic similarity
methods and other methods that try to connect unaligned latent spaces in a training
free manner. In Section 5.3 we go over the preliminaries of CKA while in Section 5.4
we go over the 2 proposed methods used to acquire an alignment between unaligned
encoder spaces. In Section 5.5 we detail our experiments, evaluation tasks and show
a practical application of our method through multi-lingual image-caption retrieval
task.

5.1 Introduction

The recent success of deep learning on vision-language tasks mainly relies on jointly
trained language and image encoders following the success of CLIP and ALIGN
[68, 132]. The standard procedure for training these models aims at aligning text
and image representation using a contrastive loss that maximizes the similarity be-
tween image-text pairs while pushing negative captions away [58, 120, 21]. This
achieves a statistical similarity across the two latent spaces, which is key to retriev-
ing the closest cross-modal representations using cosine similarity. This property is
not valid for unaligned encoders, hence, extra transformations are needed to bridge
the gap. These transformations can be training a mapping network that captures
the prior distribution over the text and image representations [106, 110, 118]. The
work of [106] has shown that it is possible to train a linear mapping from the out-
put embeddings of vision encoders to the input embeddings of language models and
exhibit impressive performance on image captioning and VQA tasks. This indicates
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that the representations between the unaligned uni-modal vision and language en-
coders are sufficiently high level and differ only by a linear transformation. However,
this linear layer is trained on CC-3M [18] consisting of three million image-caption
pairs.

Is this training step necessary? In an ideal scenario, we anticipate an alignment
between vision and language encoders as they inherently capture representations of
the same physical world. To this end, we employ Centered Kernel Alignment (CKA)
[135, 28, 75], which is known for measuring representation similarity both within and
between networks. As shown in Figure 5.2, we measure the CKA between a variety of
unaligned vision and language encoders [39, 188, 92, 121, 17], on the image-caption
pairs of the COCO [89] dataset and observe that some have comparable scores to
that of aligned encoders like CLIP [132], affirmative of semantic similarities.

We then ask the question: If the unaligned image and text encoders are seman-
tically similar, is there a way to connect them in a zero-shot manner? Do they
build a similar representation graph over the same information coming from the two
modalities? We study these questions, revealing key similarities between unaligned
image and text encoders, and how these similarities can be exploited for downstream
tasks. Furthermore, we devise a caption matching downstream task and show using
two novel methods that latent space communication between unaligned encoders
could be achieved by leveraging the semantic similarities between the cross-modal
spaces. Our contributions are:

• We present a matching method that seeks to find the permutation of the cap-
tions that maximizes the CKA (see Fig. 5.1). Hence, We formulate maximizing
CKA as a quadratic assignment problem and introduce transformations and
normalizations that greatly improve the matching performance.

• We propose a local CKA metric and use it to perform retrieval between two
unaligned embedding spaces, demonstrating superior performance with that
of relative representations [110] on the COCO caption image retrieval.

• The method is benchmarked on COCO, NoCaps [5] cross-domain caption
and image retrieval as well ImageNet-100 [33] classification tasks despite our
method not being optimized to align the representation in any manner demon-
strating zero-shot communication between the encoder’s latent spaces.

• Finally, we show a practical application of our method on cross-lingual image
retrieval by making use of sentence transformers trained in various languages
and a CLIP vision encoder trained only in English.
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5.2 Related Work

Recently, there has been an increasing consensus that good networks, when trained
independently, learn general representations across different architectures and tasks.
On the one hand, the works of [109, 87, 75, 13] show that these networks exhibit rep-
resentation similarity by learning similar latent spaces when trained on similar tasks
and data [174, 10, 183, 27, 83, 107, 7]. Specifically, [75] introduced centered ker-
nel alignment (CKA) as a similarity metric for comparing the inner representations
across networks. The CKA measure mitigates the limitation of canonical corre-
lation analysis (CCA) [134] being invariant to an invertible linear transformation
that often leads to difficulty in measuring meaningful similarities between repre-
sentations. [189] uses CKA for comparing the representations from different layers
of different language models and the effect of downstream task-finetuning on the
representation similarities, while [13] utilizes CKA along with Procrustes similarity
for understanding the ability of variational autoencoders (VAEs) [72] in learning
disentangled representations. In general, these approaches study the representation
similarity in unimodal models, either vision or language. Clearly, however, the use
of CKA has been limited to visualization and analysis purposes, whereas we attempt
at exploiting CKA as an optimization objective.

Recent works [110, 118] employ relative representations to match embeddings
of unaligned encoders using the cosine similarity to a set of anchors. However,
these relative representations are sensitive to the selection of anchors and noise
in the original embeddings. Similarly, approaches [9, 31] analyze networks and
empirically verify the “good networks learn similar representations" hypothesis by
utilizing model stitching [83], which introduces trainable stitching layers to enable
swapping parts of different networks. LiMBeR [106] can be seen as stitching the
output of an image encoder to the input of a language model in the form of soft
prompts [84]. However, these approaches involve training of stitching layers for
evaluating the representation similarity between two models.

In this work, we argue that using an explicit similarity measure as done in [110,
118] is sensitive to the selection of anchors and noise in the original embeddings.
One design choice is an implicit measure that captures the similarity of similarities,
hence, inducing more robustness to the alignment process. Furthermore, we explore
how this similarity can be leveraged for downstream cross-modal tasks in a training-
free manner with the aid of CKA and a set of parallel anchors in the image and text
latent embedding spaces.
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5.3 Preliminaries

Centered Kernel Alignment (CKA) has shown its relevance in understanding and
comparing the information encoded by different layers of a neural network [75].
Formally, CKA relies on two sets of data X ∈ Rp×N and Y ∈ Rq×N through their
corresponding kernels K = k(X⊤,X) ∈ RN×N and L = ℓ(Y⊤,Y) ∈ RN×N where
k, ℓ are some kernel functions applied on the columns of X and Y respectively (e.g.,
linear or RBF kernels). Therefore, the CKA is computed in terms of K and L as:

CKA(K,L) =
HSIC(K,L)√

HSIC(K,K)HSIC(L,L)
, (5.1)

where HSIC(·, ·) is the Hilbert-Schmidt Independence Criterion [57, 97] defined as:

HSIC(K,L) =
1

(N − 1)2
tr (KCLC) , (5.2)

with C = I − 1
N
11⊤ the centring matrix. We refer the reader to [75] for broader

properties and studies of the CKA metric on neural network representations.

5.4 Proposed Method

Consider a set of N image-caption pairs, S = {(xi, ci)}Ni=1, where xi ∈ X and ci ∈ C
represent the i-th image and its corresponding caption, respectively. In this particu-
lar example, we are performing caption-to-image retrieval, but it is applicable for the
reverse as well. Let f : X 7→ Rd1 and g : C 7→ Rd2 denote some vision and language
encoders respectively. The image-caption pairs are mapped into their corresponding
sets of representations Z = [z1, . . . ,zN ] ∈ Rd1×N and H = [h1, . . . ,hN ] ∈ Rd2×N ,
where zi = f(xi) and hi = g(ci).

As shown in Table 5.1, the maximum CKA score is obtained on the ground-
truth ordering of the representations CKAmax = CKA(KZ,KH), where KZ and
KH are the kernels for the image and text representations, defined respectively as
KZ = k(Z⊤,Z) and KH = k(H⊤,H). We find that the CKA is sensitive to the
data ordering. Specifically, we shuffle x% of data to obtain wrong matches while
keeping the remaining 100-x% aligned, measure the CKA on each new data set, and
observe that it monotonically decreases with random shuffling. This motivates our
methodology for finding an optimal permutation of the image data that maximizes
the CKA.

Formally, let σ be some permutation of the set {1, · · · , N} and denote σ(Z) =

[zσ(1), · · · , zσ(N)] ∈ Rd1×N the set of permuted image representations by σ. If σ is not
identity, it disrupts the original ordering of the image representations leading to a
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Table 5.1: CKA reduces with shuffling. We measure the CKA score between
DINOv2 [121] and All-Roberta-large-v1 [92] on the 5k COCO [89] image-caption
representations pairs of the valset. The exact ordering yields the best score, whereas
randomly shuffling the representations reduces the CKA score.

Shuffling (%) 0 20 40 60 80 100

CKA Score 0.72 0.46 0.27 0.13 0.04 0.01

lower CKA score as shown in Table 5.1. Therefore, our goal is to find a permutation
σ∗ that maximizes the CKA. Formally:

σ∗ = argmax
σ

CKA(Kσ(Z),KH). (5.3)

The solution to this problem seeks to realign the permuted set of images in a way
that maximizes the CKA, potentially recovering the ground-truth pairing between
images and their corresponding captions.

To solve the aforementioned optimization problem, we explore two main ap-
proaches (visualized in Fig. 5.1): the Quadratic Assignment Problem (QAP) algo-
rithm and Local CKA-based retrieval and matching. The QAP algorithm provides
a global matching solution, seeking the optimal permutation across the query set
considered. On the other hand, Local CKA-based retrieval and matching focuses
on aligning images and captions using a localized metric, facilitating retrieval on a
more granular level. This approach is more suitable where a single query image is
given for a set of captions or vice versa.

5.4.1 QAP Matching

For some random permutation σ, the optimization problem in Equation 5.3 can be
reformulated as a quadratic optimization problem [181] which reads as:

max
P∈PN

tr
(
P⊤K̄σ(Z)PK̄H

)
, (5.4)

where PN is the set of all permutation matrices of size N and K̄ = HSIC(K,K)−
1
2KC

stands for the centered and re-scaled kernel. In principle, maximizing the above ob-
jective is a relaxation of a graph-matching problem. Moreover, finding a global
maximum of Equation 5.4 is NP-hard due to the combinatorial nature of the prob-
lem and therefore optimizing it can lead to sub-optimal or approximate solutions.

To overcome the NP-hardness of QAP, in practice, we suppose that we have
access to a base set B = {(zb

i ,h
b
i)}Mi=1 of image-caption representations pairs and

solve an equivalent objective to Equation 5.4 only partially on some unmatched
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query set Q = {zq
i }Ni=1 × {hq

i}Ni=1 using a seeded version of the fast QAP algo-
rithm [49]. Formally, let Z = [zb

1, · · · , zb
M , zq

1, · · · , z
q
N ] ∈ Rd1×(M+N) and H =

[hb
1, · · · ,hb

M ,hq
1, · · · ,h

q
N ] ∈ Rd2×(M+N) be the matrix concatenating all base and

query representations of images and captions respectively, and denote by K̄Z, K̄H ∈
R(M+N)×(M+N) the corresponding centered and re-scaled kernels. The partial match-
ing for aligning the query samples is then performed by solving the following:

max
P∈PN

tr
(
(IM ⊕P)⊤K̄Z(IM ⊕P)K̄H

)
, (5.5)

where IM⊕P ∈ R(M+N)×(M+N) stands for the block-diagonal matrix having diagonal
blocks IM and P.

5.4.2 Local CKA based Retrieval and Matching

The concept of a global CKA metric is extended to derive local similarity measures
suitable for retrieval. This process begins with a base set B = {(zb

i ,h
b
i)}Mi=1 consisting

of aligned pairs of images and captions representations. The objective is to facilitate
caption-image retrieval/matching within an unaligned query set Q = {zq

i }Ni=1 ×
{hq

i}Ni=1.
A local CKA score, denoted as localCKA(zq,hq) for a couple (zq,hq) ∈ Q

is calculated by computing a global CKA score for the image-caption pairs in B,
augmented with the query pair (zq,hq). The local CKA is computed as follows:

localCKA(zq,hq) = CKA(K[Z,zq ],K[H,hq ]), (5.6)

where [M,v] denotes the concatenation of the matrix M and the vector v column-
wise and Z = [zb

1, · · · , zb
M ] ∈ Rd1×M and H = [hb

1, · · · ,hb
M ] ∈ Rd2×M . In essence, a

correctly matched image-caption pair in Q would exhibit a higher degree of align-
ment with the base set B in terms of the CKA score, resulting in an elevated
localCKA score. This metric can be used to calculate a score between one source
query and N target queries enabling effective retrieval. Furthermore, this framework
allows for the use of linear sum assignment [78] for matching tasks.

5.4.3 Stretching and Clustering

The choice of base samples and the spread of the representations in each embedding
space affect the performance of the QAP and Local CKA algorithms. To spread the
representations out in each domain for matching, we introduce a stretching matrix
that normalizes the features of each dimension by the variance calculated from the
query and base sets. Given X = [x1, · · · ,xd]

⊤ ∈ Rd×N , the stretched matrix Xs is
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computed as Xs = SX, where the stretching matrix S ∈ Rd×d is a diagonal matrix
with inverse empirical standard deviation of the feature dimension as entries, i.e.,,
S = diag

(
1

std(x1)
, · · · , 1

std(xd)

)
and xi ∈ RN is the ith row of X.

This stretching operation is performed for both the image and text before calcu-
lating the kernels for both QAP and local CKA matching algorithms. For picking
the most effective base samples, we find that the simple k-means clustering on the
image embeddings works best. An ablation on how these affect the QAP and local
CKA matching and retrieval accuracies is provided in Sec 5.7.

5.5 Experiments

We assess the performance of the proposed method using various vision and language
encoders on a set of downstream tasks. We first detail the encoders, datasets,
downstream tasks, and the baselines used.

5.5.1 Vision and Language Encoders

The experimental setup covers vision encoders of different architectures, such as ViTs
[39] and ConvNeXt [93], trained in various ways: supervised, language-supervised,
and self-supervised, across different training data regimes. For the language encoder,
an encoder capable of producing a global embedding for a caption is essential. This
includes encoders of multiple architectures varying in size, languages, and training
data sizes. The Huggingface’s sentence-transformers [139] library is utilized, where
each sentence transformer is first pre-trained on the masked language modeling
task using a large text corpus, followed by a finetuning stage on a sentence pairs
dataset with a contrastive loss. It’s not straightforward to acquire a global sentence
embedding from decoder-only models like GPT models [133, 15], hence we did not
study the semantic alignment of these class of models to vision encoders.

The CKA and Matching Score (MS) of the various combinations of vision and
language encoders are reported in supplementary. The findings indicate that the
All-Roberta-large-v1 [92] demonstrates the best CKA/MS across all vision models,
establishing it as the primary language encoder for subsequent tasks, unless specified
otherwise.

5.5.2 Baselines

Here, we briefly describe three baselines that we compare our methods against for
caption matching/retrieval, image classification, and cross-lingual tasks.
Linear Regression: We propose a baseline that learns a linear transformation from
the image embedding space to the text using M aligned base examples and apply
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the transformation to the query image embeddings. Concretely, given query image
embeddings Zq = [zq

1, · · · , z
q
N ] ∈ Rd1×N and text embeddings Hq = [hq

1, · · · ,h
q
N ] ∈

Rd2×N , and a set of aligned base samples Zb = [zb
1, · · · , zb

N ] ∈ Rd1×M and Hb =

[hb
1, · · · ,hb

N ] ∈ Rd2×M , we first construct a linear transformation between Zb and
Hb by minimizing the MSE loss as W = argminW ∥W⊤Zb−Hb∥2F . Then we use W

to transform the query image embeddings Zq to the text domain as Ĥq = W⊤Zq.
Cosine similarity on Ĥq and Hq can be used to perform caption retrieval.

Relative Representations [110]: enable latent space communication between
unaligned encoders by representing each query point relative to an aligned base
set. Concretely, let ℓ2-normalized embeddings for image and text queries be Zq =

[zq
1, · · · , z

q
N ] ∈ Rd1×N and H = [hq

1, · · · ,h
q
N ] ∈ Rd2×N , respectively. Utilizing a

set of aligned base sample ℓ2-normalized embeddings Zb = [zb
1, · · · , zb

M ] ∈ Rd1×M

and Hb = [hb
1, · · · ,hb

M ] ∈ Rd2×M , we can construct relative image and text query
representations as Zq

rel = (Zb)⊤Zq and Hq
rel = (Hb)⊤Hq. Relative representations

are a single vector of dimension M for each query specifying the cosine similarity
of a query sample with all the base samples. Now we can use the cosine similarity
on the relative representations to perform retrieval. Sec D in appendix provides a
further comparison with our method.

CLIP [132]: We also compare against CLIP which has been contrastively trained to
obtain a joint embedding space- as an upper limit on performance for both retrieval
and matching tasks. We perform retrieval using cosine similarity

For all 3 methods, caption matching can be achieved by constructing a cost ma-
trix using cosine similarities and using linear sum assignment to find the permutation
matrix.

5.5.3 Downstream Tasks

Caption Matching: Given N query images and their corresponding captions, a
query set is constructed by shuffling the captions. The task involves finding the
correct permutation over captions for perfect matching. In Retrieval, the objective
is, given one caption, to retrieve the correct image from the overall set of N images.
The alignment between unaligned vision and text encoders is investigated using our
methods on the COCO and NoCaps validation sets.

The COCO dataset [89] comprises over 120,000 images with multiple captions
per image. It is used for testing unimodal representation quality via a caption-
matching task, utilizing a validation set of 5,000 image-caption pairs. The NoCaps
dataset [5] is designed for testing image captioning models on unseen objects, with
166,100 captions for 15,100 images from OpenImages. Its validation set includes
novel concepts absent from COCO.
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Table 5.2: Caption matching and retrieval task performance comparison in
cross-domain and in-domain settings. Base samples from COCO are utilized
for matching/retrieval tasks on queries from NoCaps (cross-domain) and COCO
(in-domain). CLIP-V denotes the vision encoder of CLIP [132]. We use the Large
version of all vision encoders.

Method Vision Model NoCaps [5] COCO [89]
Matching accuracy Top-5 retrieval Matching accuracy Top-5 retrieval

Cosine Similarity* CLIP [132] 99.5 99.6 97.1 96.1

Linear regression
CLIP-V [132] 29.3 44.7 42.7 59.1
ConvNeXt [188] 19.0 28.5 31.3 46.1
DINOv2 [121] 38.1 50.3 45.1 65.4

Relative CLIP-V [132] 61.3 37.6 61.6 41.3

representations [110] ConvNeXt [188] 25.5 17.8 38.6 34.1
DINOv2 [121] 46.0 46.4 47.7 52.3

Ours: QAP
CLIP-V [132] 67.3 - 72.3 -
ConvNeXt [188] 46.7 - 66.1 -
DINOv2 [121] 57.7 - 66.0 -

Ours: Local CKA
CLIP-V [132] 65.1 60.5 71.9 69.9
ConvNeXt [188] 43.7 44.4 64.8 65.5
DINOv2 [121] 58.7 61.8 64.3 70.5

Cross-lingual Caption Matching/Retrieval: The task mirrors prior matching
and retrieval but uses multilingual captions, say German. Given N images and
shuffled German captions, the objective is to match each image with the correct
caption. In retrieval, the goal is to select the most fitting German caption for a
given query image from the set.

The XTD-10 dataset [4] enhances COCO2014 with 1,000 human-annotated multi-
lingual captions in ten languages for cross-lingual image retrieval and tagging, serv-
ing as a zero-shot model benchmark.

ImageNet-100 Classification. The task setup is similar to the conventional
classification task with small differences to account for the methods used. Given N

query images and their corresponding classes, image representations are obtained by
processing them through a vision encoder. In parallel, textual representations are
generated in a multi-step process. Initially, several text captions are derived from
the class-associated Wordnet synsets’ lemmas, definitions, and hypernyms. These
captions are then passed through the language encoder and averaged to get the
text representations. The classification task is performed by retrieving the closest
text representations to each image representation using our local CKA metric. We
employ the ImageNet-100 dataset. This dataset is a subset of the larger ImageNet
dataset, featuring only 100 classes. It includes 130,000 training images, 50,000
validation images, and 100 classes.
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Table 5.3: Reverse Caption Retrieval Results for COCO and NoCaps. In
this setting, the retrieval objective is, given one image, to retrieve the correct caption
from the overall set of N captions. The matching objective remains quite similar
but instead of shuffling the captions, this time, the images are shuffled.

Method Vision Model NoCaps [5] COCO [89]
Matching accuracy Top-5 retrieval Matching accuracy Top-5 retrieval

Cosine Similarity* CLIP [132] 99.5 99.6 97.1 98.5

Linear regression
CLIP-V [132] 63.6 70.1 72.6 83.9
ConvNeXt [188] 22.8 38.9 43.8 65.7
DINOv2 [121] 46.8 59.9 56.2 75.9

Relative CLIP-V [132] 61.3 3.0 61.6 2.9

representations [110] ConvNeXt [188] 25.5 2.7 38.6 12.9
DINOv2 [121] 45.9 38.1 47.7 43.7

Ours: QAP
CLIP-V [132] 67.3 - 72.8 -
ConvNeXt [188] 45.9 - 65.1 -
DINOv2 [121] 58.5 - 65.9 -

Ours: Local CKA
CLIP-V [132] 65.1 65.9 71.9 80.5
ConvNeXt [188] 44.8 33.0 63.8 74.3
DINOv2 [121] 55.7 64.2 64.3 76.0

5.5.4 Results

Importance of Good Initialization:

For all tasks, we make use of a set of base samples of size S that is kept fixed at
320 samples. The size of the query set is analogously fixed at 500 samples (see
Sec 5.7.2 for more details). These base samples are selected after clustering the
image embeddings and choosing one closest sample to each of the S cluster centers.
By aligning the initial samples with the diverse cluster centers, we ensure sufficient
coverage of the sample space. This enhances the accuracy of the matching process,
as the initial alignment closely mirrors the inherent structure and variability within
the data. In the case of linear regression, uniform sampling is employed to select the
base samples. For relative representations [110], the same clustering methodology
is applied to select base samples, ensuring a fair and consistent comparison between
all methods.

COCO and NoCaps Caption Matching:

We present the results of cross-domain and in-domain caption matching/retrieval,
as detailed in Table 5.2. We tested each baseline against three different vision mod-
els, while employing a consistent language model—specifically, the all-roberta-large-
v1. The vision models utilized are OpenAI’s CLIP ViT-L/14, the ConvNeXT-Base
model (trained on the ImageNet-22k dataset at a resolution of 224x224), and the
ViT-L/14 model trained using the DINOv2 method. It is important to note that
the first row of the results table features vision and language models both being
OpenAI’s CLIP ViT-L/14. To effectively analyze cross-domain capabilities, our
experiment design involved the use of the COCO validation set as the source of
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the base set and the NoCaps validation set for querying. Additionally, in-domain
results are shown, when using COCO validation for both base and queries. We
uniformly sample the query set and average the results over three different seeds.
Although CLIP’s cosine similarity metric emerges as the most robust due to the
training paradigm inherent in CLIP models, our methods demonstrate commend-
able performance without necessitating any training. The DINOv2 model, trained
solely through self-supervision, demonstrates the formation of semantic concepts
independently of language supervision. This is evident in its remarkable top-5 re-
trieval scores of 70.5% and 61.8% on COCO and NoCaps datasets when coupled
with an unaligned language encoder through our Local Kernel CKA method. How-
ever, the best-performing vision encoder is CLIP’s vision encoder which has been
trained using language supervision.

While the performance on the image retrieval task was reported above, here in
Table 5.3, we show the NoCaps and Coco caption retrieval results in the reverse
setting. In this configuration, the retrieving objective shifts to finding the correct
caption from a pool of N captions when given a single image. The matching objective
remains consistent, but, instead of shuffling the captions, the images themselves are
shuffled. While the matching accuracies express minimal changes in this setting, the
retrieval accuracies display notable discrepancies.

A plausible explanation for the reduced retrieval scores associated with the rel-
ative representation method is the heightened semantic variability inherent in the
image domain compared to the caption domain. A considerable number of images
share very similar captions, leading to a compressed semantic space for the captions.
Consequently, caption embeddings become more closer to one another, making the
retrieval a lot harder.

ImageNet-100 Classification:

In Table 5.7, we detail the performance of our methods on the ImageNet-100 clas-
sification task. Mirroring our approach in cross-domain matching and retrieval, we
evaluated three different vision models for each method. Notably, the first row of
the table highlights the performance using CLIP’s embedding cosine similarity. The
results are averaged over three different seeds for sampling the query set. A sig-
nificant observation from this table is the comparatively narrower performance gap
between the CLIP’s cosine similarity and our methods, as well as the baseline lin-
ear regression method, in contrast to the results observed in cross-domain caption
matching/retrieval tasks.

It is interesting that ConvNeXt encoder trained on ImageNet has a classification
top1 accuracy improvement of over 14% compared to CLIP and Dinov2 while on
the caption matching task DinoV2 and CLIP perform much better.
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Table 5.4: Cross-Lingual caption matching and retrieval performance com-
parison. Using QAP and local CKA-based methods we are able to do cross-lingual
caption matching/retrieval using CLIP’s ViT-L vision encoder and a multi-lingual
sentence transformer paraphrase-multilingual-mpnet-base-v2. While CLIP performs
well on the Latin languages, it degrades on non-Latin languages. In comparison, our
QAP and Local-CKA-based methods perform comparably in Latin languages while
outperforming non-Latin languages, highlighting the efficacy of our training-free
transfer approach.

Language Kernel CKA Matching Accuracy Retrieval @ 5
CLIP Ours CLIP Relative[110] Linear Ours (QAP) CLIP Ours (Local)

Latin

de 0.472 0.627 41.8 35.0 34.0 39.6 65.1 56.7
en 0.567 0.646 81.5 52.5 40.9 51.6 92.5 69.0
es 0.471 0.634 50.2 37.8 31.7 41.4 68.5 61.6
fr 0.477 0.624 49.4 37.5 30.7 40.2 68.7 57.6
it 0.472 0.638 41.0 37.2 34.9 38.5 61.3 59.7

Non-Latin

jp 0.337 0.598 13.2 28.3 23.5 30.5 30.0 49.4
ko 0.154 0.620 0.50 30.4 23.5 30.9 3.30 53.4
pl 0.261 0.642 5.40 36.6 30.2 40.2 18.8 59.5
ru 0.077 0.632 0.80 31.9 30.7 35.1 4.10 53.2
tr 0.301 0.624 4.30 35.8 29.6 38.9 15.2 59.3
zh 0.133 0.641 2.70 36.5 31.1 40.3 8.90 57.8

Avg. – – 26.4 36.3 30.9 38.8 39.6 57.9

Cross-lingual Caption Retrieval:

The results of cross-lingual caption matching/retrieval are presented in Table 5.4
for the 10 languages in the XTD-dataset. OpenAI CLIP’s ViT-L vision encoder,
trained on English image-caption pairs, and a multilingual sentence transformer
paraphrase-multilingual-mpnet-base-v2 were utilized for this task. The accuracy
of CLIP’s cosine retrieval method exhibits a significant drop when applied to lan-
guages other than English. E.g., CLIP’s retrieval at 5 experiences a drop of 30
points when switching from English to other Latin-alphabet languages (Spanish,
French, German, and Italian). For non-Latin alphabet languages such as Korean,
Chinese, Turkish, etc., CLIP’s performance decreases substantially, collapsing to
zero, primarily due to most words resulting in unknown tokens. In contrast, the
QAP and local CKA matching methods demonstrate consistent performance across
all languages, including non-Latin languages, attributing to the robustness of a mul-
tilingual sentence transformer trained solely on text. On average, QAP surpasses
CLIP by 12% in the caption matching task and also outperforms other baselines like
relative representations and linear regression methods. For retrieval at 5, the local
CKA-based method exceeds CLIP’s performance by over 17%.

It is possible to use language-specific sentence encoders and we report these
results for a few languages below. This is a practical application of our method as
we can now turn a well-trained English CLIP model’s vision encoder into a CLIP
model for any low-resource language if a text-only Sentence Transformer trained on
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Table 5.5: Cross-Lingual image matching and retrieval performance com-
parison. Here we use multilingual captions to retrieve images from the
COCO validation set. Using QAP and local CKA-based methods we are able to
do cross-lingual image matching/retrieval using CLIP’s ViT-L vision encoder and
a multi-lingual sentence transformer paraphrase-multilingual-mpnet-base-v2. While
CLIP performs well on the Latin languages, it degrades on non-Latin languages. In
comparison, our QAP and Local-CKA-based methods perform comparably in Latin
languages while outperforming non-Latin languages, highlighting the efficacy of our
training-free transfer approach.

Language Kernel CKA Matching Accuracy Retrieval @ 5
CLIP Ours CLIP Relative[110] Linear Ours (QAP) CLIP Ours (Local)

Latin

de 0.472 0.627 43.5 35.0 19.3 39.7 54.9 57.2
en 0.567 0.646 80.9 52.5 25.6 51.3 90.4 66.7
es 0.471 0.634 50.4 37.8 19.7 40.9 63.9 57.9
fr 0.477 0.624 50.8 37.5 18.8 40.3 65.9 56.9
it 0.472 0.638 41.9 37.2 19.7 38.7 52.9 57.0

Non-Latin

jp 0.337 0.598 12.9 28.3 15.2 30.2 17.8 48.6
ko 0.154 0.620 0.9 30.4 15.3 31.3 2.2 48.4
pl 0.261 0.642 8.1 36.6 21.0 40.0 15.7 55.9
ru 0.077 0.632 1.7 31.8 16.3 34.8 3.5 53.9
tr 0.301 0.624 7.8 35.8 18.7 38.9 14.6 53.1
zh 0.133 0.641 2.4 36.5 19.2 39.9 4.8 53.7

Avg. – – 27.4 36.3 18.9 38.7 35.1 55.4

that language is available.

For completeness, we report the results in Table 5.5 for the reverse setting of the
cross-lingual image caption matching/retrieval task mentioned in the main paper.
Given N captions in say, German, and N shuffled images the objective is to match
each German caption with the correct image. In retrieval, the goal is to select the
most fitting image from the retrieval set given a German caption. We notice that the
matching accuracies remain the same as the direction doesn’t affect the matching.
However, in the case of reverse retrieval, we see that CLIP’s retrieval@5 drops by
over 4.5% on average when compared to our local CKA based retrieval of 2.1%.

In Table 5.6 we report the results for when we use language-specific BERT Sen-
tence encoders for the cross-lingual caption matching/ retrieval task for 5 languages.
For all these cases, the vision encoder is kept fixed as OpenAI’s CLIP-VIT-L-14
trained on English image, caption pairs. We notice that the semantic alignment
with the vision encoder in terms of CKA as well as matching/retrieval performance
drops with language-specific encoders when compared to using a multi-lingual model
like multilingual-mpnet-base-v2. We believe this could be due to the multi-lingual
model being trained on a lot more data in comparison to the language-specific ones
thus resulting in more meaningful embedding spaces.
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Table 5.6: Language-specific encoders for cross-lingual caption match-
ing/retrieval for 5 languages. Language-specific encoders have less semantic
similarity with the vision encoder in terms of CKA as well as poorer matching/accu-
racy performances when compared to multi-lingual models like multilingual-mpnet-
base-v2 which is reported in Table 4.
Language Language model CKA Linear Relative QAP Retrieval@5

es hiiamsid\sentence_similarity_spanish_es 0.568 15.9 25.1 28.6 50.0
fr dangvantuan\sentence-camembert-large 0.569 22.5 31.5 35.0 53.1
it nickprock\sentence-bert-base-italian-uncased 0.543 16.0 22.0 26.4 47.8
jp colorfulscoop\sbert-base-ja 0.457 9.2 12.1 14.5 33.7
tr emrecan\bert-base-turkish-cased-mean-nli-stsb-tr 0.564 23.1 34.7 38.3 54.3

Table 5.7: ImageNet-100 classification performance comparison. We observe
a narrow performance gap between the CLIP model and our methods. CLIP-V
denotes the vision encoder of CLIP.

Method Vision Model Top 1 Top 5
Cosine Similarity* CLIP 86.1 99.2

Linear Regression
CLIP-V 76.1 93.0
ConvNeXt 84.5 95.4
DINOv2 73.5 92.1

Relative CLIP-V 8.90 30.3

representations [110] ConvNeXt 7.20 15.7
DINOv2 49.7 75.5

Local CKA
CLIP-V 68.7 91.2
ConvNeXt 83.3 95.8
DINOv2 67.7 88.3

5.5.5 Matching complexity

In Table 5.8, we go over the time complexity and runtimes of QAP matching and
local CKA based retrieval in comparison to the other baselines for matching when
number of base samples and query samples are 320, 500 respectively. For all time
complexities, we assume number of base samples m to be of the order of the num-
ber of query samples n. QAP uses the seeded version of the fast QAP algorithm
from the SciPy library, which has a worst time complexity of O(n3) [49], while local
CKA retrieval requires constructing a graph over all the query image and text pairs,
O(n2), using local CKA, which is also O(n2) resulting in O(n4). Relative involves
the calculation of the relative representations for every query image and text pair,
resulting in a time complexity of O(n2), but it’s fast due to highly optimized algo-
rithms for matrix multiplications in PyTorch [127]. Linear has a time complexity of

Table 5.8: Run times for different methods

Method QAP Local CKA Relative Linear
Run times 40 seconds 5 mins 1 second 1 second
Complexity O(n3) O(n4) O(n2) O(n× d)
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Figure 5.2: Kernel CKA and QAP Matching accuracy are correlated with
the training set size and quality of the training set. Here the language
encoder is kept constant to the best BERT-sentence encoder (i.e.All-Roberta-large-
v1). There is a clear correlation between CKA and QAP Matching accuracy across
all architectures, training paradigm and data regimes.

O(nd), where n is the number of samples and d is the number of dimensions. It is to
be noted that QAP runs on the CPU, and a CUDA-optimized version could bring
the runtimes further down from 40 seconds. An efficient implementation of Local
Kernel CKA is also possible, where the CKA of base samples is precalculated, and
the graph is constructed in an additive manner, which would bring down the time
complexity to O(n3). For both relative and linear matching, we make use of SciPy’s
modified Jonker-Volgenant algorithm [30] for linear sum assignment, which has the
worst time complexity of O(n3).

5.6 Analysis

5.6.1 Representational Similarity between Vision and Lan-

guage Encoders

This section focuses on how training paradigms, data regimes, and encoder size/ar-
chitecture influence a vision encoder’s ability to represent the world similarly to a
language encoder. This is assessed by comparing the semantic alignment of their
representation spaces using CKA as well as QAP matching accuracy. Figure 5.2
compares the kernel CKA and caption matching accuracy of different vision en-
coders with a fixed text-encoder (i.e.,, All-Roberta-large-v1), against the training
datasets on which the vision encoder was trained for all pairs in the COCO captions
validation set. The findings are summarized below:
Scale and quality of dataset results in encoders with high semantic align-
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ment with the language space: It is observed that SSL methods like DINOv2
can learn semantic concepts in a relative manner even without language supervision
during training. The CKA and QAP matching accuracy for DINOv2 embeddings
are comparable to CLIP models, despite lacking language supervision and having
significantly less data (LVD-142’s 142M vs Open-AI-CLIP’s 400M). A general trend
emerges where more training data leads to semantically richer visual embeddings,
evident when comparing CKA and QAP Accuracies from ImageNet1K to DFN-5B
datasets. Notably, training on a curated dataset proves more effective than on an
uncurated dataset of the same size, especially for smaller models. This is illustrated
by the higher CKA and QAP accuracy of ViT-Large trained on the curated DFN-
2B dataset compared to ViT-Large/Giant, and ConvNext-xxLarge trained on Laion
2B. Additionally, SSL methods show less semantic consistency when trained on Im-
ageNet1K, as indicated by the clear difference in QAP accuracies between DINO
trained on ImageNet1K and DINOv2 trained on LVD-142M.
Vision Encoders Trained with Language Supervision Exhibit Greater Se-
mantic Alignment with Language Encoders: In line with the findings of
Merullo et al.[106], it is observed in our experiments that vision encoders trained
with more language supervision on datasets of comparable size exhibit a higher
degree of semantic alignment with language encoders compared to self-supervised
methods. For example, ViT-Large trained on CLIP-400M with language supervision
demonstrates superior caption-matching capabilities compared to DINOv2’s ViT-
Large trained on LVD-142M. Similarly, we verify that class label supervision, like
that from ImageNet, leads to more semantically aligned image encoders when com-
pared to self-supervision when similarly sized models are compared on ImageNet-1k.
For example, all supervised encoders trained on ImageNet-1k have higher CKA as
well as QAP matching accuracy than all the self-supervised models.

5.6.2 Layerwise CKA Analysis

Figure 5.3, Table 5.9, and Table 5.10 show the progression of CKA and QAP match-
ing scores across layers for both text and vision models. We explore two configu-
rations: one involves comparing layers of All-Roberta-large-V1 and DINOv2 VIT-
L/14, while the other examines layers of CLIP’s vision and text hidden states. For
CLIP, the layer proj points to the final image and text embeddings that were passed
through the final projection layers. In the first configuration, CKA and QAP scores
gradually improve where the image model layer has a far greater effect on the simi-
larity than the text model layer. On the other hand, the second configuration reveals
that the QAP matching score in CLIP manifests prominently in the absolute last
layers of both the vision/text encoders.
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(a) (b)

Figure 5.3: Layer-wise CKA heatmap illustration. The heatmaps depict the
CKA scores obtained by varying the layers from which the text and visual embed-
dings are taken. On the left: CKA scores for All-Roberta-large-v1 and DINOv2
unaligned combination. On the right: CKA scores for CLIP text and vision en-
coders. In both cases, we observe that the CKA scores are low for earlier layer
embeddings of the vision model and they improve when the embeddings later layers
are considered. This illustrates that both aligned and unaligned text-vision encoders
behave similarly in terms of the cross-modal similarity with respect to CKA.

As shown in Table 5.9, the CLIP model obtains a significant jump in matching
score after the projection head, highlighting the central role of this layer in aligning
text and image modalities within a unified representation space. Here, the QAP
matching accuracy does not follow a linear increase over the layers for CLIP, but
rather suddenly jumps from 0.29 to 0.79 from the last layer to the projection head.
This likely suggests that most of the CLIP performance comes from the projection
heads ensuring a high statistical similarity. In contrast, Table 5.10 shows that
DINOv2 and All-Roberta-large-v1 demonstrate a consistent improvement in the
matching accuracy across successive layers, suggesting an inherent alignment process
within their architectures in a hierarchical way. Here, the QAP matching accuracy
linearly increases for the DINOv2 and All-Roberta-large-v1 combination when we
fix the last layer of All-Roberta-large-v1 and vary the layers of DINOv2. Inversely,
when we fix the last layer of DINOv2 and vary the layers of the text encoder, the
QAP starts high at 0.44 and reaches 0.68 at the top layer, thus, we hypothesize that
the text encoder representations do not change as much as the image representations.
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Table 5.9: QAP accuracy for different layers of vision and text encoder of CLIP
model.

Vision

6th 11th 16th 21st 26th proj

Text

6th 0.02 0.022 0.022 0.098 0.126 0.118
11th 0.028 0.038 0.016 0.248 0.278 0.278
14th 0.026 0.03 0.036 0.238 0.282 0.296
proj 0.038 0.026 0.034 0.622 0.716 0.792

Table 5.10: QAP accuracy for different layers of DINOv2 and All-Roberta-
large-v1 models.

Vision

6th 11th 16th 21st 26th

Text

6th 0.008 0.020 0.150 0.314 0.448
11th 0.010 0.022 0.146 0.360 0.498
16th 0.008 0.016 0.194 0.334 0.500
21st 0.002 0.004 0.148 0.420 0.538
26th 0.008 0.016 0.198 0.450 0.672

5.6.3 Mathematical Relationship between Local CKA-based

Retrieval and Relative Representations

In this section, we provide derivations that show that the relative representations
method [110] can be seen as a particular case of our proposed localCKA method.
Denote the set of query and base representations samples respectively as QA =[
qA
1 , . . . , q

A
N

]
∈ RdA×N and BA =

[
bA1 , . . . , b

A
M

]
∈ RdA×M , where A ∈ {I, C} for im-

ages and captions, the retrieval matrix for the relative representations (RR) method
is therefore given by:

RRR = Q⊤
I BIB

⊤
CQC ∈ RN×N .

From which, for instance, the i-th image query is mapped to its corresponding
caption via:

argmax
j

RRR
ij = argmax

j
(qI

i )
⊤BIB

⊤
Cq

C
j . (5.7)

Whereas, our proposed localCKA method constructs the retrieval matrix ROurs hav-
ing entries ROurs

ij = localCKA
(
qI
i , q

C
j

)
with:

localCKA
(
qI
i , q

C
j

)
= CKA

(
K[BI ,q

I
i ]
,K[BC ,qC

j ]

)
. (5.8)
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Table 5.11: Impact of adding noise to the embeddings. Performance com-
parison, in terms of matching accuracy, between relative representations [110] and
our global CKA-based QAP approach is shown for the image-caption matching task
with 320 base samples and 500 query samples on COCO validation set. Gaussian
noise with std-dev (σ) being a multiple of the embeddings std-dev is added to both
image and textual embeddings. Noise level of 0 (σ = 0) denotes the performance for
the original embeddings. The relative performance drop for a noise level from its
reference (σ = 0) is shown in parenthesis. In comparison to relative representations,
our QAP approach performance drops at a slower rate as σ increases, illustrating
better noise robustness for our approach.

Method Noise Level (σ)
0.0 0.1 0.2 0.3 0.4 0.5

Relative representations [110] 47.3 45.3 (↓4.4) 44.2 (↓6.5) 41.3 (↓12.7) 39.0 (↓17.6) 35.6 (↓24.8)
Ours (QAP) 53.9 53.7 (↓0.3) 51.8 (↓3.9) 48.7 (↓9.5) 46.9 (↓13.0) 43.3 (↓19.6)

In particular, taking the particular case of the linear kernel and defining the CKA
score as the trace of the product of two kernels, i.e., CKA(K,L) = tr (KL). We
first have, for A ∈ {I, C}:

K[BA,qA
i ] = [BA, q

A
i ]

⊤[BA, q
A
i ] =

[
B⊤

ABA B⊤
Aq

A
i(

B⊤
Aq

A
i

)⊤ ∥qA
i ∥2

]
.

Hence, we have:

tr
(
K[BI ,q

I
i ]
K[BC ,qC

j ]

)
= tr

(
B⊤

I BIB
⊤
CBC

)
+ 2

(
qI
i

)⊤
BIB

⊤
Cq

C
j︸ ︷︷ ︸

relative representations term

+∥qI
i ∥2∥qC

j ∥2.

Therefore, in this particular case, there is equivalence between our method and the
relative representations method, since ROurs

ij = RRR
ij + c where c is a constant scalar

if the representations are normalized. As such, the relative representations method
falls within our proposed localCKA method if one considers the linear kernel and
takes the trace instead of the HSIC metric. Therefore, our proposed method is more
general since it relies on general kernel functions and the HSIC metric, which might
explain its performance.

Impact of noise addition: Table 5.11 shows the performance comparison be-
tween relative representations [110] and our global CKA-based QAP approach for
the image-caption matching task with 320 base samples and 500 query samples on
COCO validation set. For this experiment, 10 trials were conducted with different
seeds and clustering of base samples was employed. Gaussian noise with std-dev
(σ) being a multiple of the embeddings std-dev is added to both image and textual
embeddings. The performance of original embeddings is also shown for reference
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(noise level of 0, i.e.,, σ = 0). The relative performance drop for a noise level from
its reference (σ = 0) is shown in parenthesis. Compared to relative representations,
our QAP approach performance drops at a slower rate as σ increases. E.g.,, for
σ = 0.2, relative representations matching accuracy drops 6.5% from its maximum
of 47.3, while ours is more robust and drops only 3.9% from its maximum of 53.9
when σ = 0. These results show that our QAP approach is more robust to noise
addition, in comparison to relative representations.

5.6.4 Mispredictions Visualization

In Table 5.12, we present instances of retrieval mispredictions where the original
image fails to rank within the top five closest images to the given caption, as deter-
mined by local Kernel CKA method. Building upon the experimental methodology
outlined in the main paper, we selected 320 base samples and conducted local Kernel
CKA retrieval using an additional 500 query samples. We used All-Roberta-large-
v1 for text embeddings and DINOv2 ViT-L/14 for image embeddings. The results
distinctly illustrate that despite the failure to retrieve the exact original image, the
alternative images identified in the top five still exhibit a considerable degree of
semantic similarity to the provided caption. This underscores the robustness of the
local Kernel CKA retrieval approach, revealing its capability to identify images that,
while not the precise match, maintain semantic coherence with the specified caption.

5.7 Ablations

5.7.1 Ablation study on CKA, Stretching and Clustering

This section rationalizes our method choices through ablation studies on clustering,
stretching, and the global CKA metric. We demonstrate the impact of these com-
ponents on the performance of our methods, primarily through Table 5.13, which
delineates the effectiveness of the QAP and the local CKA metric under various
configurations. It shows the performance metrics in scenarios where each main com-
ponent is either integrated or omitted. Notably, in instances where the CKA metric
is not used, we opt for normalized correlation matrices for each graph. The empiri-
cal results presented are derived from the caption matching/retrieval task, utilizing
both base and query sets extracted from the COCO validation set of size 320 and
500 respectively.
Choice of the metric: CKA is more beneficial than using just the scaled cor-
relation matrix to represent the semantic relationships in an embedding space as
matching accuracy increases from 10.1% to 48.8%. The choice of a robust metric is
core to aligning vision and language latent spaces.
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Original Image Caption Top-3 Retrieved Images

Two desktop
computers sit-
ting on top of a
desk.

A mother and
baby elephant
walking in green
grass in front of
a bond.

a man is riding a
surfboard at the
beach

The Big Ben
clock tower tow-
ering over the
city of London.

A computer
mouse is beside
a notebook com-
puter.

Table 5.12: Local Kernel CKA Retrieval Mispredictions. In accordance with
the experimental protocol detailed in the main paper, we selected 320 base samples
and conducted local Kernel CKA retrieval using an additional 500 query samples.
Presented above are five example prediction retrievals for instances where the orig-
inal image failed to secure a position within the top-5 retrievals. We observe that
although the original image was not in the retrieved top-5, the retrieved images
(top-3 shown here) closely resemble the corresponding caption, thereby highlighting
the efficacy of our approach.
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Table 5.13: Impact of clustering and stretching. The matching and retrieval
performance is the best when both clustering and stretching are employed. Hence,
justifying this choice.

Clustering Stretching CKA QAP Local CKA Local CKA
Matching Matching Retrieval @ 5

✗ ✗ ✗ 10.1 16.2 1.0
✗ ✗ ✓ 48.8 48.5 60.2
✗ ✓ ✓ 57.3 56.7 73.0
✓ ✗ ✓ 56.2 55.1 66.4
✓ ✓ ✓ 65.5 63.3 77.2

Impact of Stretching: It is clear that stretching facilitates better alignment of
embeddings in our methods as stretching spreads the representations out in each
modality without sacrificing the relative positions of the different embeddings within
each embedding space. This is reflected in the increase of QAP accuracy from 48.8%
to 57.3%.
Clustering vs. Uniform Sampling: The choice of the base set is important in
QAP matching and local CKA retrieval, as it measures any query pair alignment
with the base set. A diverse base set is essential to capture a broad semantic range,
and clustering within one of the embedding spaces aids in achieving this diversity.
The third and fifth rows of the table demonstrate that clustering enhances the QAP
performance from 57.3% to 65.5%. Consequently, these results highlight that all the
components together significantly enhance the efficacy of our proposed approach.

5.7.2 Varying the Number of Samples

In Figure 5.4a, we show QAP and local CKA matching accuracies and retrieval
scores for different number of base samples M , keeping the number of query samples
N constant at 500. It can be observed that as M increases, accuracy/retrieval
scores improve, demonstrating the importance of seed initialization for matching
algorithms. Figure 5.4b shows the accuracy/retrieval scores as N the number of
query samples changes keeping the number of base samples constant at M=320. We
see that QAP matching accuracy as local CKA-based retrieval scores decrease with
increase in N , but we still get 70% matching accuracy when M

N
= 1.

5.7.3 Vision and Text Encoders

CKA is measured on combinations of a wide variety of vision and text encoders
to examine the impact of: model sizes, dataset regimes, and training paradigms
on vision-language alignment. This analysis also identifies the optimal pair of un-
aligned vision and text encoder for caption-matching tasks. Huggingface’s trans-
formers library is utilized for vision models, while the sentence transformers library
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(a) Accuracy and Retrieval Scores of
QAP Matching and Local CKA-based re-
trieval as the number of base samples is var-
ied, keeping the number of query samples
fixed at 500.

(b) Accuracy and Retrieval Scores of
QAP Matching and Local CKA-based re-
trieval as the number of query samples is
varied, keeping the number of base samples
fixed at 320.

Figure 5.4: Comparison of Accuracy and Retrieval Scores for QAP Matching and
Local CKA-based retrieval by varying base samples (left) and query samples (right).

is employed for text encoders. Table 5.14 details the vision models, their training
data, paradigms, and model types and sizes. Similarly, Table 5.15 presents informa-
tion on various text encoders. The study covers three training paradigms for vision
models: supervised, self-supervised, and language-supervised, with training dataset
sizes ranging from 1 million to 400 million images. Text encoders predominantly
use sentence transformers, trained for semantic search using a contrastive sentence
pairs loss, with dataset sizes varying from 500k to 2B.

Kernel CKA of various model combinations is presented in Table 5.19. The top-
performing text encoder trained exclusively on text information is identified as All-
Roberta-large-v1 paired with DINOv2, achieving a CKA of 0.706. Consequently, All-
Roberta-large-v1 is selected as the text encoder for all tasks and experiments in this
chapter, except for cross-lingual experiments. For these, paraphrase-multilingual-
mpnet-base-v2 emerges as the most effective text encoder.

Figure 5.5 illustrates the relationship between CKA and text model size across
different vision encoder types, training paradigms, and sizes. It is observed that
text model size has a limited impact on achieving high CKA with the vision model.
Well-trained vision models on large datasets consistently show high kernel CKA
with text encoders, regardless of text model size. For instance, language-supervised
models (green) and DINOv2 models, which are trained on datasets with hundreds
of millions of instances (such as LVD-142’s 142 million images and CLIP-400M’s
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Table 5.14: Image Encoders Summary. List of hugging face vision encoder names
and information regarding their train data, paradigm, dataset size, model type, and
model sizes for the comparison in Figure 5.5 and Table 5.19.
Model Name Training Data Training Paradigm Model Type Training Data Size Model Size

facebook\dino-vits8 ImageNet-1k DinoV1 vit-small 1.2 22
openai\clip-vit-large-patch14-336 CLIP-400M Language Supervised vit-large 400 307
facebook\dinov2-base LVD-142M DinoV2 vit-base 142 86
facebook\dinov2-small LVD-142M DinoV2 vit-small 142 22
facebook\dinov2-large LVD-142M DinoV2 vit-large 142 307
facebook\dinov2-giant LVD-142M DinoV2 vit-giant 142 1000
openai\clip-vit-base-patch16 CLIP-400M Language Supervised vit-base 400 86
facebook\dino-vitb8 ImageNet-1k DinoV1 vit-base 1.2 86
timm\convnext_base.fb_in1k ImageNet-1k Supervised convnext-base 1.2 89
timm\convnext_tiny.fb_in1k ImageNet-1k Supervised convnext-tiny 1.2 29
facebook\convnext-base-224-22k ImageNet-21k Supervised convnext-base 14.1 89
timm\convnext_base.fb_in22k ImageNet-21k Supervised convnext-base 14.1 89
timm\vit_base_patch16_224.augreg_in21k ImageNet-21k Supervised vit-base 14.1 86
timm\vit_small_patch16_224.augreg_in1k ImageNet-1k Supervised vit-small 1.2 22

400 million image-caption pairs), demonstrate high CKA with language encoders of
various sizes.

5.7.4 Other text encoders

Evaluating on COCO with M=320 and N=500, Table 5.16 shows that DINOv2-large
achieves high QAP accuracy and retrieval performance when combined with differ-
ent text encoders. This underscores the potential of pairing well-trained sentence
and vision encoders for achieving high semantic similarity between image and text
embeddings

5.7.5 Simple projection baseline

We trained a 2-layer MLP on frozen DINOv2-large encoder till convergence using
CLIP loss and MSE loss. For fair comparison with our setting, we use 320 training
and 500 query image-text samples. Results in Table 5.17 are averaged over 3 seeds.
Notably, QAP matching and local-CKA retrieval excel over projection learning,
which demands hyperparameter tuning. In contrast, QAP and local-CKA provide
a novel, training-free mechanism to evaluate encoder representational similarity,
demonstrating effective latent space communication.

5.7.6 Effect of unimodal tasks on alignment

Table 5.18 shows using ViT, DETR, DPT, and SegFormer vision encoders for local-
CKA and QAP matching on COCO captions (M=320, N=500). ViT is trained
on ImageNet-1k (classification), DETR on COCO 2017 (detection), DPT on 1.4M
depth images (depth estimation), and SegFormer is fine-tuned on ADE20k (semantic
segmentation). Results indicate that classification models exhibit higher semantic
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Table 5.15: Text Encoders Summary. List of huggingface text encoder names
and information regarding their train data, paradigm, dataset size, and model sizes
for the comparison in Figure 5.5 and Table 5.19
Model Name Model Size Train Data Training Paradigm Training Data Size

all-mpnet-base-v1 109 multiple datasets contr. sent. 1.12B sent. pairs
gtr-t5-base 110 multiple datasets contr. sent. 2B sent. pairs
paraphrase-MiniLM-L12-v2 33 multiple datasets contr. sent. 10M sent. pairs
gtr-t5-large 335 multiple datasets contr. sent. 2B sent. pairs
all-mpnet-base-v2 109 multiple datasets contr. sent. 1.12B sent. pairs
average_word_embeddings_komninos 66 Wiki2015 skipgram 2 billion words
average_word_embeddings_glove.6B.300d 120 Wiki2014, GigaWord 5 glove 6 billion tokens
all-MiniLM-L12-v1 33 multiple datasets contr. sent. 1B sent. pairs
openai_clip-vit-large-patch14 123 CLIP-400M contr. img-text 400M image-text pairs
all-MiniLM-L12-v2 33 multiple datasets contr. sent. 1B sent. pairs
all-MiniLM-L6-v2 22 multiple datasets contr. sent. 1B sent. pairs
sentence-t5-base 110 multiple datasets contr. sent. 2B sent. pairs
msmarco-distilbert-dot-v5 66 MSMarco contr. sent. 500k sent. pairs
paraphrase-MiniLM-L3-v2 17 multiple datasets contr. sent. 10M sent. pairs
paraphrase-albert-small-v2 11 multiple datasets contr. sent. 10M sent. pairs
all-MiniLM-L6-v1 22 multiple datasets contr. sent. 1B sent. pairs
all-distilroberta-v1 82 OpenWebTextCorpus contr. sent. 1B sent. pairs
sentence-t5-large 335 multiple datasets contr. sent. 2B sent. pairs
All-Roberta-large-v1 355 multiple datasets contr. sent. 1B sent. pairs
msmarco-bert-base-dot-v5 109 MSMarco contr. sent. 500k sent. pairs
sentence-t5-xxl 4870 multiple datasets contr. sent. 2B sent. pairs
paraphrase-TinyBERT-L6-v2 66 multiple datasets contr. sent. 10M sent. pairs
sentence-t5-xl 1240 multiple datasets contr. sent. 2B sent. pairs
gtr-t5-xxl 4870 multiple datasets contr. sent. 2B sent. pairs
paraphrase-distilroberta-base-v2 82 multiple datasets contr. sent. 10M sent. pairs
gtr-t5-xl 1240 multiple datasets contr. sent. 2B sent. pairs

Table 5.16: Comparison of CKA, QAP acc. and local CKA retrieval for different
text encoders with DINOv2-large image encoder.

Text Encoder Kernel CKA QAP Acc. Ret @ 5
all-roberta-large-v1 0.690 64.93 77.27
paraphrase-distilroberta-base-v2 0.689 65.07 76.33
paraphrase-mpnet-base-v2 0.695 68.20 81.07
sentence-t5-large 0.660 57.87 69.13
sentence-t5-xxl 0.677 63.40 73.00

similarity to all-roberta-large text encoder in QAP accuracy and local-CKA scores
than pixel-level tasks such as object detection, segmentation, and depth estimation.

Table 5.17: QAP acc. and Top-5 re-
trieval scores on COCO.

Method QAP acc Ret @ 5
Proj. + MSE 59.8 73.0
Proj. + CLIP 55.4 68.1
QAP 65.9 -
Local CKA 64.3 76.0

Table 5.18: Unimodal tasks’ effect on
image-text alignment.

Vision model QAP acc Ret @ 5
ViT 35.3 56.1
DETR 26.5 39.8
DPT 22.7 34.1
Segformer 16.8 33.4

5.8 Conclusion

In this chapter, we show that the representations of well-trained vision and language
encoders are semantically similar as measured by the CKA metric and QAP per-
formance on a caption matching task, providing an answer to the question RQ4
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Figure 5.5: CKA vs. text model size for vision encoders of different training
paradigms, model types, and model sizes. We see that text model size is not the
most important for high semantic similarity with vision models.

How semantically similar are the representations of vision and text encoders given
that they represent the same physical world?. Specifically, we find that well-trained
vision encoders exhibit surprisingly high semantic similarity with language encoders,
and this semantic similarity is comparable to that between jointly aligned encoders
like CLIP. Inspired by this, we draw parallels between CKA and the QAP match-
ing objective and use seeded graph matching to align vision and language encoders
by maximizing CKA in a training-free manner. We also devise a local CKA-based
metric to enable retrieval between unaligned vision and language encoders demon-
strating better performance than other training-free baselines on cross-domain and
cross-lingual caption matching/retrieval tasks, essentially facilitating zero-shot la-
tent space communication between unaligned encoders. This work takes an initial
step toward leveraging the semantic similarity of unaligned vision encoders to con-
nect them in a label-efficient, training-free manner, offering evidence for our RQ5:
Is there a way to connect semantically similar vision and language representations in
a training-free manner?. However, as discussed in Section 5.5.5, the proposed meth-
ods rely on test-time search and graph matching algorithms with computational
complexities of O(n3) and O(n4), relative to the number of test samples. This scal-
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Table 5.19: CKA for combinations of different vision and text encoders.
V, V_tr, V_tr_size, V_mod_size stand for Vision model name, Vision train set,
Vision train set size, and Vision model size respectively. T_mod_size stands for
text model size. OpenAI’s CLIP text encoder shows highest CKA with facebook
dinoV2base closely followed by All-Roberta-large-v1. We make use of All-Roberta-
large-v1 as the language encoder for all donwstream tasks and analysis in main
text because All-Roberta-large-v1 has been trained using only text data and can be
considered a purely textual encoder.
V T CKA V_tr V_tr_p V_tr_size V_mod_size T_mod_size

facebook_dinov2-base openai_clip-vit-large-patch14 0.719 LVD-142M DinoV2 142 86 123
facebook_dinov2-base All-Roberta-large-v1 0.706 LVD-142M DinoV2 142 86 355
timm_vit_base_patch16_224.augreg_in21k openai_clip-vit-large-patch14 0.698 ImageNet-21k Supervised 14.1 86 123
facebook_dinov2-large sentence-t5-xxl 0.684 LVD-142M DinoV2 142 307 4870
openai_clip-vit-large-patch14-336 All-Roberta-large-v1 0.677 CLIP-400M Lang. Supervised 400 307 355
facebook_dinov2-large sentence-t5-large 0.668 LVD-142M DinoV2 142 307 335
facebook_dinov2-small sentence-t5-xl 0.661 LVD-142M DinoV2 142 22 1240
facebook_dinov2-small all-mpnet-base-v2 0.655 LVD-142M DinoV2 142 22 109
facebook_dinov2-small all-MiniLM-L6-v1 0.644 LVD-142M DinoV2 142 22 22
facebook_convnext-base-224-22k gtr-t5-xxl 0.626 ImageNet-21k Supervised 14.1 89 4870
timm_vit_small_patch16_224.augreg_in1k gtr-t5-xl 0.602 ImageNet-1k Supervised 1.2 22 1240
timm_convnext_base.fb_in22k all-MiniLM-L6-v2 0.590 ImageNet-21k Supervised 14.1 89 22
timm_convnext_tiny.fb_in1k gtr-t5-xl 0.540 ImageNet-1k Supervised 1.2 29 1240
timm_convnext_base.fb_in1k msmarco-bert-base-dot-v5 0.512 ImageNet-1k Supervised 1.2 89 109
facebook_dino-vitb8 msmarco-distilbert-dot-v5 0.445 ImageNet-1k DinoV1 1.2 86 66
facebook_dino-vits8 all-mpnet-base-v2 0.423 ImageNet-1k DinoV1 1.2 22 109
facebook_dino-vits8 paraphrase-TinyBERT-L6-v2 0.398 ImageNet-1k DinoV1 1.2 22 66

ing makes them impractical for tasks where aligned vision-language encoders like
CLIP excel, such as image-caption retrieval, where n can reach thousands or even
millions. One approach to align unaligned unimodal encoders for practical tasks is
to learn a transformation between their representation spaces. As noted in Section
5.6, certain unimodal encoder pairs exhibit high semantic similarity, prompting us
to explore whether this similarity can be leveraged for label- and compute-efficient
alignment. In the next chapter, we investigate the transformations required to align
such semantically similar unimodal encoders and propose a novel framework for
efficient and flexible multimodal alignment of these encoders.

109



Chapter 6

From Unimodal to Multimodal:
Scaling up Projectors to Align
Modalities

In Chapter 5, we show that vision encoders, when trained on sufficiently large
datasets, produce representations highly similar to those of language encoders, re-
gardless of the training paradigm. We also demonstrate that these representation
spaces can be aligned using graph-matching techniques at test time without any
training. However, the scalability of these methods is constrained by their compu-
tational complexity, which increases significantly with the size of the retrieval set,
limiting practical applicability.

A more practical solution is a CLIP-like dual encoder model, which creates a joint
embedding space for vision and language, allowing retrieval by computing cosine sim-
ilarities between the query and the elements of the retrieval set. Such a framework
can make use of powerful vision and language unimodal encoders which have been
underutilized in multimodal research so far. This approach addresses several limita-
tions of the CLIP model, such as restricted flexibility, limited generalizability to new
tasks, and high computational and data requirements. Learning a transformation
between frozen embedding spaces demands significantly less compute and data com-
pared to training both encoders from scratch. Moreover, the lower computational
needs and availability of strong unimodal vision and language encoders allow flexi-
ble multimodal model training for new tasks. For example, a multilingual language
encoder can be employed for multilingual classification or retrieval tasks. In this
chapter, we investigate the feasibility of this through RQ6 Can semantically sim-
ilar unimodal representations be bridged using simple projection transformations?.
We explore this question using toy experiments and small-scale transfer tests, cor-
relating the CKA between encoder pairs with measures of ease of alignment. Our

110



Aligning Vision and Language: Harnessing Language Semantics for Efficient Vision
Models

findings indicate that unimodal encoders with high semantic similarity, as measured
by CKA, can be aligned using simple projection transformations. However, these
transformations still fall short on certain tasks, such as zero-shot domain transfer to
classification datasets, due to limited concept coverage in the pre-training datasets
used in our small-scale experiments. This leads us to our final research question,
RQ7: How can we scale up the training of simple projection transformations to align
unimodal encoders and achieve efficient, flexible, high-performing CLIP models? To
address this, we focus on scaling projector training by enhancing the concept cov-
erage and quality of training datasets through a concept-balanced data curation
approach.

Specifically, we propose a novel framework that aligns vision and language modal-
ities using only projection layers on pretrained, frozen unimodal encoders. This in-
volves three main steps: selecting semantically similar encoders, curating a concept-
rich dataset of image-caption pairs, and training simple MLP projectors. We evalu-
ate the quality of our alignment on 12 zero-shot classification datasets and 2 image-
text retrieval datasets. Our best model, utilizing DINOv2 and All-Roberta-Large
text encoder, achieves 76% accuracy on ImageNet with a 20-fold reduction in data
and a 65-fold reduction in compute requirements compared to multi-modal align-
ment where models are trained from scratch. The proposed framework enhances
the accessibility of multimodal model development, enables flexible adaptation to
diverse scenarios, and provides an efficient approach to building multimodal models
by leveraging advances in existing unimodal vision and language models. Code and
the collected datasets were released publicly to foster open source and accessible
development of multi-modal models. The work in this chapter is under review as
a conference paper at the Computer Vision and Pattern Recognition Conference
(CVPR) 2025.

The following section presents an overview of aligned encoders like CLIP and
strong unimodal encoders as well as an introduction and motivation for our frame-
work. This is followed by 6.2 detailing a literature review on efficient multi-modal
pretraining, representational similarity, and automatic data curation methods. In
Section 6.3, we introduce motivating visualizations and toy examples for the first
part of our framework which makes use of semantic similarity methods to pick the
most semantically similar unimodal encoder pairs for alignment. In Section 6.4 we
go over the details of the different parts of our framework including our concept
balanced data curation method for scaling up projector training. In Section 6.5 we
ablate the different components of our framework while in Section 6.6 we perform
evaluations on several benchmarks to assess the quality of the alignment function
that we learn including 0-shot domain transfer to classification and retrieval tasks.
To asses the flexibility of our framework and the quality of unimodal features in the
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joint embedding space, we swap different vision and language encoders and evaluate
on localization, multi-lingual and long context retrieval tasks.

6.1 Introduction

Contrastive multimodal vision-language models have recently demonstrated impres-
sive zero-shot capabilities [132, 68, 206]. These advancements facilitate the use of
language as an API for vision tasks, treating captions as adaptive classes to support
a wide range of applications. However, current models face significant challenges:
the typical objective function, InfoNCE, is designed to maximize mutual informa-
tion between the global summary vector of an image and its text representation.
This global approach, which relies on pooling functions within the CLIP vision
encoder, struggles to deliver the pixel-level granularity required for tasks like seg-
mentation [12]. In contrast, recent advances in uni-modal vision encoders, such as
the DINOv2 [121], have demonstrated strong performance in both global and local
vision tasks. The CLIP text encoder is limited by its English-only tokenizer and a
fixed token length of 77, restricting it’s long-context and multilingual retrieval ca-
pabilities. Meanwhile unimodal language encoders [140], excel in multilingual, and
long-context abilities, as evidenced by improved performance on MTEB benchmarks
[111]. Despite these advances in unimodal models, the current strategy for aligning
vision and language models usually involves full retraining of vision and language
encoders, which is both computationally expensive and inflexible.

This paper proposes a framework for vision-language alignment that efficiently
leverages advanced uni-modal vision and language encoders, creating adaptable mul-
timodal models by training only projectors between their frozen embedding spaces.
Current efforts to create more efficient CLIP models often compromise on either
performance or still require significant resources. For example, LiT [207] achieves
comparable results to CLIP but relies on massive compute resources, while smaller-
scale models like LiLT [71] may lack sufficient concepts in their training datasets,
limiting their zero-shot domain transfer accuracy. Moreover, recent research sug-
gests that LORA fine-tuning of weights of large models using small target datasets
improves performance on the target domain at the cost of generalization performance
[158].

To address these challenges, our approach builds on recent findings suggesting
semantic similarities between well-trained unimodal vision and language embedding
spaces [100, 66]. We hypothesize that these similarities enable effective alignment
through simple projection transformations, and verify through a toy example in
Section 6.3.2 and extensive ablation studies in Section 6.5.1. Inspired by this, our
framework includes three key steps: identifying semantically similar vision-language
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encoder pairs, curating concept-dense datasets, and training lightweight projectors
for efficient alignment.

This approach has three practical benefits compared to CLIP-like training:

Strong Unimodal Features lead to Strong Multi-Modal Models Features
from uni-modal vision and text encoders are more general than multi-modal trained
encoders. For example, it’s been shown that vision-only trained encoders perform
better on vision-centric tasks when compared to multi-modal vision encoders like
CLIP-vision [170]. Hence by keeping these uni-modal encoders frozen and training
only projectors for alignment, we aim to keep these strong uni-modal features intact,
resulting in better multi-modal representations(See Sec. 6.6.2). Flexible adapta-
tion to diverse scenarios: By utilizing the frozen unimodal encoders ability to
handle a specific type of data we can efficiently train multimodal models that also
can handle this specialized data without the need to retrain the whole network from
scratch. For example, multilingual or long context vision-language models can be
achieved by aligning DINOv2 with a multilingual (Section 6.6.3) or long-context lan-
guage text encoder(Section 6.6.4). Accessible development and Model Reuse:
Relying on already established encoders, projection heads with a dense dataset re-
quire significantly less computational resources compared to full model training. In
purely practical sense, this approach not only decreases the environmental impact
of developing multimodal models but also makes their creation more accessible to
the broader research community (Section 6.6.5).

Finally, we evaluate our approach on zero-shot transfer to 12 different classi-
fication datasets and 2 image-text retrieval datasets. Our best projector between
unimodal models, utilizing DINOv2 and All-Roberta-Large-v1, achieves 76% accu-
racy on ImageNet, surpassing CLIP’s performance while using approximately 20
times less data and 65 times less compute for alignment. We also demonstrate
our framework’s versatility across tasks like zero-shot domain transfer, multilingual
classification, zero-shot semantic segmentation, and image-paragraph retrieval.

Our main contributions lie not in a specific model, but in demonstrating a new
framework for vision-language alignment. In summary, we demonstrate that CLIP-
like performance can be achieved by training only projection layers, using a curated,
concept-rich dataset to enable efficient projector training with significantly less data
and compute.
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6.2 Related Works

6.2.1 Multimodal Pretraining:

The CLIP models from OpenAI [132] and ALIGN [68] pioneered using web-scale
image-caption data to align image and text modalities via an InfoNCE [120] loss,
optimizing mutual information between embeddings. LAION [153, 152] replicated
this approach in the open domain, open-sourcing pre-training datasets. While these
models excel in zero-shot tasks, they demand substantial computational resources,
around 20k GPU hours. Taking advantage of the recent improvements in the repre-
sentation quality of unimodal encoders such as DINOv2 [121] (vision) and Sentence
Transformer [139] (language) models, [207] reduce the training cost by locking the
image encoder and training only the text encoder to achieve competitive perfor-
mance. Similarly, [71] further aligned frozen uni-modal encoders using projection
layers, BitFit [205], and trainable adapters, but their approach is sub-optimal com-
pared to CLIP, likely due to smaller datasets used and random encoder pair selection.
In contrast, we strive to identify the best encoder pairs for alignment first and then
scale up projector-only training to improve the multimodal alignment.

6.2.2 Representational Similarity:

Recent studies show that the semantic similarity between vision and language model
embeddings is high for several model pairs. [100] reports that this similarity, mea-
sured by Centered Kernel Alignment [75], increases with more training data for
vision models. Similarly, [66] finds that better-performing language models have
higher semantic similarity to the DINOv2 [121] vision model. These similarities have
been leveraged for 0-shot and multi-lingual retrieval tasks using strong uni-modal
encoders without additional training [100, 110], though scalability is an issue. Ad-
ditionally, [106] demonstrates that a simple linear mapping allows a frozen language
model to interpret visual input, provided the visual encoder aligns with language
concepts (e.g., CLIP). These findings suggest that a simple projection transforma-
tion separates the embedding spaces of well-trained vision and language models,
motivating our work on developing CLIP models using projection layers between
semantically similar encoder pairs.

6.2.3 Automatic Data Curation:

Our dataset curation pipeline draws on various approaches in Vision-Language
dataset construction [132, 52, 196]. [132] used image metadata to gather high-quality
image-caption pairs, while [153] replicated the CLIP dataset by filtering with pre-
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trained vision encoders. Recent methods like [52] employ CLIP-based filtering and
ad hoc filtering techniques, and [196] mimics CLIP’s data collection via metadata
retrieval. Similarly, [121] uses a pretrained vision encoder to curate web images
most similar to images in curated datasets. Our approach is similar, constructing
concept image prototypes from few-shot labeled examples and retrieving relevant
web images from the LAION-400M pool using CLIP caption embeddings, avoiding
the computational cost of generating vision embeddings for the entire dataset.

6.3 Selecting which encoders to align

Previous studies [66, 100] have shown that well-trained vision and language encoders
exhibit high semantic similarity, as measured by Centered Kernel Alignment (CKA)
[75] (see Section 6.3.1 for CKA details). A layerwise analysis in [100] reveals that
most of this similarity is concentrated in the final projection layer. Additionally,
model stitching methods [83, 9, 106] demonstrate that different network regions
can be stitched together using linear layers. Inspired by this, in Section 6.3.2, we
investigate whether semantically similar encoder embedding spaces can be aligned
through a simple projection transformation, using toy examples in the first instance
to validate the underlying concept.
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Figure 6.1: CLIP Loss minima are negatively correlated to CKA. We plot
CKA vs CLIP Loss for instances of A and B that are generated using random non-
linear transformations of latent vector Z denoting a representation of the real world.

6.3.1 CKA Preliminary

Centered Kernel Alignment (CKA) has shown its relevance in understanding
and comparing the information encoded by different layers of a neural network.
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CKA can be defined as follows: Given two sets of vectors X and Y , CKA measures
the similarity of these vectors in their respective high-dimensional feature spaces.
The kernel matrices K and L are derived from the data sets X and Y , respectively,
and represent the inner products between the vectors in these spaces. The entries
of K and L are:

Kij = k(xi,xj), Lij = l(yi,yj)

where k and l are kernel functions applied to the vectors xi,xj ∈ X and yi,yj ∈ Y ,
respectively. Common choices for these kernel functions include linear kernels, where
k(xi,xj) = x⊤

i xj, or Gaussian kernels, where k(xi,xj) = exp(−γ∥xi−xj∥2) for some
γ > 0.

The CKA coefficient, CKA(K,L), is defined as:

CKA(K,L) =
HSIC(K,L)√

HSIC(K,K) · HSIC(L,L)

where HSIC stands for Hilbert-Schmidt Independence Criterion [57, 97], which mea-
sures the dependence between the sets of vectors. This measure is invariant to
orthogonal transformations and isotropic scaling of the data, making it robust for
comparing different models.

6.3.2 CKA vs Ease of Alignment

# Init Z with random values scaled to [-1, 1]
Z = 2 * rand(n, d) - 1

# Define non-linear transforms T1 and T2
T1, T2 = NLTransform(d, d), NLTransform(d, d)

# Sample random weights w1 and w2
w1, w2 = rand(1), rand(1)

# Compute A and B using transforms
A = T1(Z) + w1 * rand(n, d)
B = T2(Z) + w2 * rand(n, d)

Figure 6.2: Code for initializing A and B

Centered Kernel Alignment
(CKA) [75] measures the simi-
larity of induced graphs of con-
cepts in each encoder space and
can act as a guide for selecting
encoder pairs that are amenable
to alignment. Here we aim to
understand the relationship be-
tween CKA and the level of
difficulty of aligning embedding
spaces using toy examples. We
define the ease of alignment as the minima of the training loss after convergence.
We examine how CKA correlates with the minimum CLIP loss when transform-
ing one vector set to match another using a Linear layer. Since CLIP loss lacks a
closed-form solution, we applied SGD for 500 iterations per instance, recording the
final loss value as the minimum. We fixed the temperature at 0.07 and the learning
rate at 0.01, choosing 500 iterations because the loss value showed minimal change
beyond this point.
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In our experiment, we generated 103 instances of two vector sets, A and B, each
containing 32 vectors of 16 dimensions. Following the approach in [100, 66], we mod-
eled the world using a latent distribution Z, with Image and Text representations
(A and B) as random independent non-linear transformations from Z with additive
noise. For each sampled pair of A and B matrices, we calculated the CKA and the
minimum CLIP loss. The non-linear transform was defined as a randomly initial-
ized 2-layer MLP with ReLU non-linearity and hidden dimensions significantly larger
than the input dimensions, ensuring it could universally approximate the non-linear
transformation [63]. Figure 6.2 was used to generate each instance.

Figure 6.1 illustrates the results of this experiment, showing a clear negative cor-
relation between CKA and minima of the CLIP loss. As CKA increases, indicating
greater similarity between the similarity structures of A and B, the minima of CLIP
loss consistently decreases. Despite arising from a simplified experiment, this strong
inverse relationship provides empirical support for the use of CKA as a predictor of
alignment potential between different embedding spaces.

6.3.3 Ease of Alignment with real embeddings
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CKA vs. Ease of Alignment with Different Vision and Text Encoders

Vision Encoders
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Text Encoders
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Figure 6.3: CLIP Loss minima vs CKA for different encoder pairs on a toy
image, caption pair dataset. We plot the CLIP loss after 500 iterations vs CKA
for different image, text encoders and find that a negative correlation exists between
CKA and ease of alignment.

We go a step further and investigate whether a similar inverse relationship exists
between the minima of CLIP Loss and CKA when the embeddings are from real
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data and real encoders. We consider five different sentence encoders and nine differ-
ent vision encoders and sample 5000 different image,caption pairs from the COCO
validation set and pass them through all possible encoder combinations to produce
45 different sets of A and B. We then calculate CKA and compute the minima of
CLIP Loss after 500 iterations for these A, B and plot them in Figure 6.3 with CKA
on the x axis and minima of CLIP loss on the y axis in a log scale. We see that even
for real-world embeddings of images and captions there is a strong inverse relation-
ship between CKA and the minima of the CLIP loss providing further evidence that
encoders with high CKA could have similar similarity structures making them easy
to align using simple projections.

6.3.4 CKA and Graph structure Visualizations
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Figure 6.4: TSNE visualizations of encoder outputs for six COCO detection classes.
Left: DINOv2 (vision), Right: All-Roberta-Large-v1 (text).

To visually demonstrate how CKA represents similarities in graph structures
across different encoder spaces, we conducted an experiment using the MSCOCO
validation set. We examined encoder outputs for DINOv2 and All-Roberta-Large-
v1, before and after projection, focusing on relationships between formed clusters
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in both domains. For each cluster, we identify COCO detection class and COCO
image-caption pairs where the image contained only the respective class among its
detection annotations. We then extracted encoder outputs for these samples from
both vision and text encoders, before and after applying our projection layers, and
applied the TSNE algorithm to visualize their structure in a lower-dimensional space.
For each visualization, we pick 6 classes to highlight the shape similarities between
graphs of encoder spaces.

Figure 6.4 shows the resulting TSNE visualizations for the six selected classes
across four conditions: vision pre-projection, vision post-projection, text pre-projection,
and text post-projection. The visualizations reveal striking similarities in cluster
shapes and relative positions across the different encoder spaces, particularly before
projection. This visual similarity aligns with our quantitative CKA results, pro-
viding an intuitive illustration of how CKA captures structural similarities between
different embedding spaces.

6.4 Framework

Our framework consists of three main components: (1) Encoder Pair Selection, (2)
Dataset Curation, and (3) Lightweight Projector Training.

6.4.1 Encoder Pair Selection

Inspired by Section 6.3 we use CKA for selecting the most semantically similar en-
coder pairs for multimodal alignment. We opted for a linear kernel in the CKA
computation after observing that the trends in results were largely consistent be-
tween linear and RBF kernels, while the linear kernel offers superior computational
efficiency. We measure the CKA between encoder spaces by constructing sets of
vision embeddings and text embeddings on the COCO validation set of 5000 image,
caption pairs. The COCO validation set is chosen as the reference set for its high
semantic alignment between the image content and the caption description. We ab-
late the use of CKA for encoder pair selection in 6.5.1 and find a positive correlation
between CKA and transfer performance to downstream datasets.

6.4.2 Dataset Curation

By only training the projection layers (11M parameters) to align embedding spaces,
our approach requires significantly less data compared to training a CLIP model from
scratch. However, to ensure high-quality alignment and effective transfer to diverse
downstream tasks, it is essential to use a small but well-curated dataset that has
the following features. 1. high concept coverage which aids in covering all regions of
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Figure 6.5: Overview of our concept-balanced dataset curation process.
Images for each concept are acquired from curated datasets and mapped to CLIP
embeddings and averaged to construct Image Prototypes for each concept. Captions
of the uncurated dataset are mapped to CLIP’s joint embedding space and 2000
samples are picked per concept on the basis of the closest caption embeddings to
each concept image prototype.

the uni-modal embedding spaces 2. high semantic alignment between image-caption
pairs which aids in learning an effective mapping between vision and the embedding
spaces. With these requirements in mind, our dataset curation process is structured
into two key steps:

Concept Coverage Collection: To ensure high concept coverage, we collect
∼ 3000 unique concepts from class names of ImageNet, and several other curated
datasets (see A.0.2). Concept image prototypes are then constructed by averaging
few-shot image embeddings for each concept using CLIP VIT-Large’s vision en-
coder. To create a class-balanced dataset, we first collect image-caption pairs from
LAION400M, a large, uncurated source dataset. We then embed all captions using
CLIP ViT-Large’s text encoder and compute the caption-image prototype similar-
ity for each concept. To ensure diversity, we retrieve 2,000 samples per concept,
starting with the less common concepts. As a proxy to establish the commonality
of a concept in the pool, we use the average cosine similarity of the top 25,000
captions closest to each concept prototype. This process results in LAION-CLASS-
Collected, a high-quality dataset of 6M samples with broad concept coverage. The
detailed algorithm is illustrated in Fig 6.5.

Our primary goal is to compile a concept-rich dataset that enables quick learning
and validates the efficacy of projectors for modality alignment, rather than devel-
oping a specific curation method. This paper demonstrates the potential of such
multimodal models, emphasizing their practicality and efficiency when supported
by a dataset with ample concept coverage and robust semantic alignment. The
development of an exhaustive dataset that spans all domains of unimodal spaces,
ensuring optimal semantic alignment between images and captions, is reserved for
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future work.
Retrieval Datasets: The LAION-CLASS-Collected dataset offers high concept

diversity, but LAION itself is uncurated, with many captions poorly aligned with
their images [45, 116, 20]. While concept coverage is crucial for a dense coverage
of the unimodal embedding space, image quality, text diversity, and image-caption
alignment are key for effective zero-shot image-text retrieval. In contrast, datasets
like CC3M [155], CC12M [18], and SBU [122] feature higher-quality images and
better image-caption alignment than LAION. By combining these, we create a 20M
MIX-CLASS-Collected dataset that balances concept coverage with image-text sim-
ilarity, resulting in both dense coverage of the uni-modal embedding spaces as well as
high semantic alignment between cross-modal embeddings. We examine the impact
of each data source on task performances in Sec 6.5.3.

Data Curation Implementation Details

We streamline our class collection process by precomputing CLIP text embeddings
for LAION-400M and CLIP image prototype embeddings for various concepts, al-
lowing us to run different collection methods without needing to recompute embed-
dings. The embedding process takes just 12 hours on two nodes with 4 A6000 GPUs
each. Class-level collection is performed using GPU-accelerated PyTorch code on
a single GPU, completing in under an hour. While image-to-image-prototype col-
lection, as in [121], could yield higher-quality results, it demands significantly more
GPU resources due to the need to create CLIP embeddings for all LAION-400M
images. We find that caption-image-concept similarity performs well for image clas-
sification accuracy. To support efficient multi-modal model training, we release the
LAION-CLASS-Collected parquets for research use.

6.4.3 Projector Architecture

We train lightweight projectors using contrastive loss between adapted image and
text embeddings while keeping the unimodal encoders frozen. Figure 6.6 shows
our projector architecture/configuration. We use a lightweight Token Projector
[112] with linear and non-linear branches in a residual configuration for both local
tokens and the CLS token of each encoder. The projector’s weights are shared for
local tokens and separate for the CLS token to enable adaptation of both spatial
and global information of the vision encoder while limiting the parameter count.
Adapted local tokens are averaged and added to the adapted CLS token to form a
global embedding, capturing both global and local encoder information. For text
encoders, Token Projectors are applied to the tokens, followed by a 2-layer MLP as
a global Text Projector, as the text embeddings need further adaptation to become
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Figure 6.6: Lightweight Projector Architecture. We train only Projection
Layers to align modalities. Separate projectors are applied on both the local tokens
and the CLS token for each encoder and then combined in a residual manner.

more aligned with the vision embeddings. All projector choices are thoroughly
ablated in Section 6.5.2. Training information and hyperparameters are detailed
below.

Projector training details

We use the standard CLIP loss with a learnable temperature parameter to train
the projectors while keeping the vision and text encoders frozen. For our largest
experiments on the 20M MIX-CLASS-Collected dataset, we use an effective batch
size of 16k and train for 30 epochs. Training is done with a cosine learning rate
scheduler, ramping up to 1e-3 in the first epoch. The training process takes 50
hours on a node with 8 A100 GPUs.

6.5 Ablation Experiments

We present a set of ablations to validate different components of our pipeline empir-
ically: CKA for encoder selection 6.5.1, the projector architecture and configuration
6.5.2, the alignment datasets, and the impact of class-collected data 6.5.3. We eval-
uate on downstream tasks like 0-shot domain transfer to Imagenet classification and
COCO / Flickr30k image-text retrieval scores.
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Figure 6.7: Retrieval performance vs. CKA for different encoder pairs.
Text/Image retrieval accuracies on Flickr30k are compared to CKA, calculated on
the COCO val set. Models trained on COCO train set. A clear correlation exists
between CKA and alignment quality (Pearson correlation = 0.92, p = 2.1e-7), as
reflected in retrieval accuracies.
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Figure 6.8: Unimodal performance does not track alignment performance.
Text/Image retrieval accuracies on Flickr30k are compared different text encoder
tasks performance. Downstream retrieval performance is more closely correlated
with CKA than unimodal text encoder downstream task performances on sentence
embedding and semantic search tasks. Models trained on COCO train set.

6.5.1 Effectiveness of CKA for encoder pair selection

We train our projector configurations on various combinations of unimodal en-
coders using the COCO dataset and evaluate image/text retrieval accuracies on the
Flickr30k test set, plotting these against CKA scores in Figure 6.7. The CKA, cal-
culated on the COCO image-caption pairs, shows a strong correlation with retrieval
accuracy, indicating that higher semantic similarity, as measured by CKA, predicts
better alignment in terms of 0-shot transfer to image/text retrieval on the Flickr
dataset. Our findings suggest that CKA can effectively predict which encoder pairs
will align well with projector training. The DINOv2-Large and CLIP-ViT-Large-
text combination achieves the highest retrieval score, but certain unimodal pairs,
like DINOv2-Large and All-Roberta-Large-v1 (CKA = 0.69), perform nearly as well.
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This indicates that these unimodal encoders are highly effective for vision-language
alignment, leading us to choose the DINOv2-Large and All-Roberta-Large-v1 pair
for larger-scale experiments.

Unimodal Performance Does Not Reflect Alignment Quality: A naive
approach to choosing the best encoder pair is to chose the unimodal encoders with
highest performance in their respective modalities, but it’s not straightforward which
benchmarks can be more predictive of ease of alignment. To demonstrate this, we
consider the same ablation as above, but with DINOv2 and 14 different text encoders
from the SentenceTransformers [139] library. We consider 2 types of text model
benchmarks. 1. Sentence Embedding task or Semantic Textual Similarity (STS)
is the task of evaluating how similar two texts are in terms of meaning. These
models take a source sentence and a list of sentences and return a list of similarity
scores. The task is evaluated using Spearman’s Rank Correlation. We average
over 14 datasets reported in [139, 140]. 2. Semantic Search (SS) is the task of
retrieving relevant documents or passages based on the semantic content of a query.
Rather than relying solely on keyword matching, semantic search models generate
embeddings for both the query and the documents, allowing for retrieval based on
contextual and conceptual similarity and is evaluated using Normalized Discounted
Cumulative Gain (nDCG), which measure the relevance of retrieved documents in
ranked lists. We average over 6 datasets reported in [139, 140].

In Fig 6.8, we see that there is a clear correlation (pearson corr.=0.81, p=4e-
4) between downstream Flickr30k performance and CKA on the COCO val set,
suggesting that CKA is a better predictor of ease of alignment. The average uni-
modal performance (pearson corr.=0.47, p=0.08), as well as the semantic search
(SS) performance (pearson corr.=0.13, p=0.65), are not predictive of the ease of
alignment. Meanwhile, Sentence Task Similarity (STS) tasks are more predictive
of downstream alignment (pearson corr.=0.72, p=0.003) but still worse than CKA
and it’s not intuitive which unimodal performance is to be considered.

6.5.2 Impact of Projector Architectures

We ablate our projector combinations (6.1) for the DINOv2 and All-Roberta-Large-
v1 encoders by training the projectors to convergence on the LAION-Class-Collected
dataset and evaluating the performance on ImageNet 0-shot domain transfer. An
MLP applied solely to the local vision tokens achieved 68.81% accuracy, while a
Token projection [112] performed slightly better. Therefore, we used the Token
projector for all tokens, both visual and textual. Adding projectors to the text side,
targeting both text tokens and a global projector on the averaged local tokens (rows
3, 4, and 5), resulted in performance improvements. These projectors help transform
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Table 6.1: Projector Ablations. We ablate projector combinations for DINOv2
and All-Roberta-Large-v1 encoders, trained on the LAION-Class-Collected dataset
and evaluated on ImageNet 0-shot transfer. A Token projector slightly improved
over an MLP on vision tokens, while adding text and global projectors boosted
performance. The best result (76.12%) was achieved using both CLS and patch
projectors, leveraging DINOv2’s dual objectives for effective feature learning.

V Proj. V Proj. T Proj. T Proj. INet
Local CLS Local Global 0-shot

mlp identity identity identity 68.81
token identity identity identity 68.84
token identity identity mlp 70.90
token identity patch identity 71.85
token identity token mlp 72.15
identity token token mlp 75.53
token token token mlp 76.12

the unimodal text encoder’s language-only representations to be more similar to the
visual representations. Introducing projectors to the CLS token (row 6) of the visual
encoder led to a significant performance increase from 72.15% to 75.13%. Using both
CLS and patch projectors in tandem yielded the best performance at 76.12%. This
improvement is attributed to DINOv2’s dual training objectives: the image-level
DINO [17] objective on the CLS token and the patch-level iBOT [214] objective on
the patch tokens learning effective global and local features.

6.5.3 Impact of Class-Collected Data / Retrieval Data

In Table 6.2, we ablate the different components of our alignment data. Specifically,
we compare the high concept coverage LAION-CLASS-Collected dataset with the
high semantic alignment retrieval datasets: CC3M, CC12M, and SBU. Our exper-
iments show that aligning DINOv2 and All-Roberta-Large-v1 on the high concept
coverage dataset results in a high ImageNet zero-shot domain transfer accuracy of
76.1 %, though the retrieval accuracies are lower, at 52.7%/42.2% due to the noisy
semantic alignment in LAION dataset. In contrast, training with the higher image-
caption quality retrieval datasets results in high image and text retrieval scores on
the Flickr30k val set (85.3% and 72.4%, respectively). However, the limited concept
coverage of these datasets leads to a lower ImageNet accuracy of 54.1%. Combining
both types of datasets yields both high ImageNet accuracy and high image/text
retrieval accuracies verifying that both dense coverage of unimodal spaces as well as
high cross-modal semantic similarity is required to train effective projectors. To en-
sure that the extra data is adequately utilized, we train for an additional 15 epochs
resulting in our best-performing model, achieving an ImageNet accuracy of 76.30%
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and Flickr retrieval scores of 87.54%/74.17% (last row).

Table 6.2: Ablation of Alignment Training Data.We compare the LAION-
CLASS-Collected dataset (high concept coverage) with CC3M, CC12M, and SBU
(higher image-caption quality). LAION achieves strong ImageNet accuracy (76.1%)
but lower retrieval scores, while the retrieval datasets yield better retrieval per-
formance but lower ImageNet accuracy (54.1%). Combining both datasets with
extended training achieves the best results: 76.30% ImageNet accuracy and
87.54%/74.17% image/text retrieval scores

Data Source N ImageNet I2T T2I

LAION-CLASS-Collected 6M 76.12 52.70 42.48
CC3M, CC12M, SBU 14M 54.17 85.30 72.44
Both 20M 75.04 81.32 71.38
Both longer training 20M 76.30 87.54 74.17

6.6 Results

We evaluate the alignment between vision and text encoders across commonly used
VLM benchmarks, including zero-shot domain transfer, image retrieval 6.6.1, local-
ization 6.6.2, multilingual classification/retrieval 6.6.3, and dense caption image-text
retrieval 6.6.4. Our goal here is to evaluate the effectiveness of the learned alignment,
showcase the flexibility of the framework as well as show that strong task-specific
capabilities of uni-modal embeddings are retained in the joint embedding space.
We demonstrate that aligning unimodal vision-language encoders can match or ex-
ceed the performance of large CLIP models, despite using smaller datasets and less
compute. Additionally, our alignment framework is flexible, enabling the use of spe-
cialized encoders for specific tasks, such as aligning multilingual text encoders for
multilingual or low-resource image classification/retrieval, or long-context text en-
coders for dense image/caption retrieval. Furthermore, aligning DINOv2 with a text
encoder improves image localization beyond CLIP’s vision encoder due to DINOv2’s
superior localization features.

Baselines: We primarily compare our models against CLIP models trained on
the OpenAI 400M WIT dataset [132] and the LAION-400M dataset [152]. Notably,
our models are trained on a smaller but higher-quality, concept-coverage balanced
dataset of 20M-MIX-CLASS-Collected. For multilingual experiments, we also com-
pare against open-clip models trained on the LAION5B dataset[152], which includes
image-caption pairs in over 100 languages, as well as multilingual CLIP model [19]
that use translated text pairs to align text encoders to CLIP’s text encoder space.
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Model N ImageNet ImageNetv2 Caltech Pets Cars Flowers Food Aircrafts SUN CUB UCF101

LAION-CLIP VIT-L 400M 72.7 65.4 92.5 91.5 89.6 73.0 90.0 24.6 70.9 71.4 71.6
OpenAI-CLIP VIT-L 400M 75.3 69.8 92.6 93.5 77.3 78.7 92.9 36.1 67.7 61.4 75.0
LiT L16L 112M 75.7 66.6 89.1 83.3 24.3 76.3 81.1 15.2 62.5 58.7 60.0
LilTDA-base 0.5M 15.9 12.9 37.6 7.2 1.6 1.1 13.3 1.7 25.6 2.3 19.1
LilTLwA-base 0.5M 14.4 12.1 42.3 4.8 1.3 2.1 12.3 1.6 26.5 1.4 26.6
DINOv2-MpNet (Ours) 20M 74.8 68.0 91.8 91.7 71.0 75.8 87.5 23.0 71.9 63.2 71.0
DINOv2-ARL(Ours) 20M 76.3 69.2 92.8 92.1 73.9 78.4 89.1 28.1 72.6 66.1 73.2

Table 6.3: 0-shot domain transfer to classification datasets. We compare the
performance of our DINOv2-ARL projector model, trained on a 20M dataset, against
CLIP models from OpenAI and LAION across various datasets. Despite the smaller
training size, our model achieves a 76.3% accuracy on ImageNet, outperforming
comparably sized CLIP models.

6.6.1 0-shot classification and Retrieval

In this section we aim to evaluate the effectiveness of simple projection transfor-
mations in learning an alignment between semantically similar embedding spaces.
Tables 6.3 and 6.4 report our model’s performance on zero-shot domain transfer to
image classification datasets and image-text retrieval on the Flickr30k and COCO
datasets, respectively. Detailed descriptions of the evaluation datasets can be found
in the A.0.1, highlighting dataset domains, sizes, and prompt descriptions. We see
that despite being trained on a 20M dataset our DINOv2-ARL projector model
achieves an ImageNet accuracy of 76.3 % which is 1 % and 3.6 % better than com-
parably sized CLIP models from OpenAI [133] and LAION [153] respectively. Our
DINOv2-ARL model demonstrates competitive performance across various datasets
compared to LAION and OpenAI CLIP models . The relative performance of these
models varies depending on the specific dataset. For example, on the Stanford Cars
dataset, LAION-400m [153] CLIP outperforms OpenAI CLIP by a significant mar-
gin of over 12%. Conversely, for the Aircrafts dataset, both OpenAI CLIP and our
DINOv2-ARL model show superior performance compared to LAION-400m CLIP.
We believe this to be due to the differences in concept coverage for these particular
datasets between the LAION400m, OpenAI WIT, and our MIX-CLASS-Collected
datasets.

In text retrieval, our model outperforms or matches the next best CLIP model,
LAION400M-CLIP VIT-L, with scores of 87.5% vs 87.6% on Flickr and 59.7% vs
60.1% on COCO. For image retrieval, our models show a significant advantage,
achieving scores of 74.1% vs 70.2% on Flickr and 45.1% vs 43.0% on COCO. This
improvement is likely due to the superior quality of the unimodal features pro-
duced by the DINOv2 and All-Roberta-Large-v1 encoders, compared to those of
the multi-modal vision and text embeddings in the CLIP models. These results
demonstrate that simple projector transformations between uni-modal encoders can
achieve competitive performance similar to models trained from scratch, provid-
ing further evidence that simple projection transformations separate semantically
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similar embedding spaces.

Comparison to LiLT

We also report the zero-shot domain classification and retrieval performance of LiLT
models [71] and LiT [207] which are the closest parameter-efficient alignment meth-
ods to that of our work. The vision encoder in LiLT is initialized with the DeiT
base model [172], and the text encoder is from SimCSE [54]. The LilTDA-base
model is trained by duplicating and appending the last transformer layer, while
only unlocking the last encoder and projector layers. The LilTLwA-base model in-
troduces trainable layerwise adapters for both the vision and text encoders. LiLT
public checkpoints are trained on 500k image-caption pairs from the COCO dataset.
However, LiLT’s performance lags far behind CLIP models and our DINOv2-ARL
projector model, primarily due to suboptimal encoder pairs and limited concept
coverage in the COCO training set for alignment.

Model Flickr COCO
I2T T2I I2T T2I

LAION-CLIP VIT-L 87.6 70.2 59.7 43.0
OpenAI-CLIP VIT-L 85.2 64.9 56.3 36.5
LiT L16L 73.0 53.4 48.5 31.2
LilTDA-base 47.6 34.46 41.4 29.1
LilTLwA-base 56.8 41.7 47.0 33.7
DINOv2-MpNet (Ours) 84.6 71.2 58.0 42.6
DINOv2-ARL (Ours) 87.5 74.1 60.1 45.1

Table 6.4: Image, Text Retrieval on COCO/Flickr30k. Our model shows
comparable text retrieval scores and significantly better image retrieval results.

6.6.2 0-shot Localization

One key advantage of leveraging frozen unimodal vision and text encoders is the
enhancement provided by unimodal features. Specifically, the DINOv2 vision en-
coder’s robust localization capabilities enhance the joint embedding space of the
DINOv2-ARL model when trained solely with projectors. We assess this through
zero-shot segmentation performance, similar to the [12, 112], as shown in Table
6.5. Our approach involves computing cosine similarities between each patch and
all the ground truth classes and subsequently upscaling to the target size. Each
patch is then classified into a corresponding class. Consistent with previous studies,
the intersection over union (IoU) is computed solely for the foreground classes. In
the zero-shot segmentation process of CLIP models, we employ a technique similar
to [213] to alleviate the opposite visualization problem in CLIP models [86]. The
patch embeddings from the penultimate layer are passed through the value layer and
output MLP of the final self-attention block, followed by projection into the joint
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embedding space using the vision projector. Meanwhile, our DINOv2-ARL model
considers patch embeddings projected into the joint embedding space by the patch
projector and augments them with the projected CLS token in a residual manner.

Our DINOv2-ARL model demonstrates superior performance compared to jointly
trained dual encoder models like OpenAI’s CLIP, achieving over 8% improvement
on Pascal VOC and over 10% on Pascal Context. Notably, models utilizing a fine-
grained alignment loss like SPARC [12] show improvements over CLIP. However,
our DINOv2-ARL model outperforms SPARC by 4% on VOC and 3% on Con-
text datasets. This underscores that the strong localization abilities of DINOv2
patch embeddings are retained even without training with a fine-grained alignment
loss. We hypothesize that the localization performance could also benefit from a
more precise localization alignment. Exploring fine-grained losses like SPARC with
projector-only models presents an exciting direction for enhancing localization ca-
pabilities in VLMs. Additionally, the lower data demands of projector training may
allow for the effective use of high-quality, smaller-scale grounding datasets to achieve
precise alignment between word tokens and image patches in a supervised manner.

Model Pascal Pascal
VOC Context

OpenAI-CLIP-VIT-L* 23.46 14.25
SPARC 27.36 21.65
DINOv2-ARL 31.37 24.61

Table 6.5: 0-shot semantic segmentation mean IOU. The table shows signif-
icant improvements by DINOv2-ARL, even without fine-grained alignment loss. *
uses MaskCLIP trick.

6.6.3 Multi-Lingual Results

model EN DE ES FR IT JP KO PL RU TR ZH average

nllb-clip-base@v1 47.2 43.3 44.1 45.0 44.7 37.9 39.4 45.5 40.6 41.2 41.1 42.3
M-CLIP/XLM-Roberta-Large-Vit-B-32 48.5 46.9 46.4 46.1 45.8 35.0 36.9 48.0 43.2 45.7 45.4 43.9
M-CLIP/XLM-Roberta-Large-Vit-L-14 56.3 52.2 52.7 51.8 53.6 41.5 42.5 54.1 48.4 52.7 53.5 50.3
xlm-roberta-base-ViT-B-32@laion5b 63.2 54.5 54.6 55.7 55.7 47.1 43.8 55.5 50.3 48.2 50.8 51.6
nllb-clip-large@v1 59.9 56.5 56.7 56.0 55.5 49.3 51.7 57.4 50.4 56.0 52.3 54.2
M-CLIP/XLM-Roberta-Large-Vit-B-16Plus 63.2 61.4 59.8 59.3 61.0 48.3 49.8 64.0 54.8 59.6 58.8 57.7

ViT-L-14@laion400m_e31 64.5 26.7 31.4 38.3 26.6 1.4 0.4 4.8 1.7 4.1 1.0 13.6
openai/clip-vit-large-patch14 59.4 19.9 26.6 28.5 19.2 4.1 0.3 3.9 1.3 2.6 0.7 10.7
DINOv2-MpNet (Ours) 70.7 60.6 59.0 60.6 60.7 45.6 49.8 58.3 52.7 55.8 57.9 56.1

Table 6.6: Multilingual image-caption retrieval performance on XTD dataset.
DINOv2-MpNet outperforms many baselines despite English-only training. Upper:
multilingual-trained models; Lower: English-only trained models.

Similar to the previous section, here we assess whether multi-lingual capabilities
of a language encoder is retained when aligned to a vision encoder using projec-
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model EN AR ES FR DE JP ZH RU average

nllb-clip-base@v1 25.4 20.4 23.9 23.9 23.3 21.7 20.3 23.0 22.4
nllb-clip-large@v1 39.1 30.1 36.5 36.0 36.2 32.0 29.0 33.9 33.4
M-CLIP/XLM-Roberta-Large-Vit-B-32 46.2 33.4 43.7 43.3 43.3 31.6 29.1 38.8 37.6
M-CLIP/XLM-Roberta-Large-Vit-B-16Plus 48.0 35.1 46.6 45.4 46.1 32.9 31.3 40.3 39.7
xlm-roberta-base-ViT-B-32@laion5b 63.0 29.0 53.4 53.8 55.8 37.3 26.8 40.3 42.3
M-CLIP/XLM-Roberta-Large-Vit-L-14 54.7 40.0 51.9 51.6 51.9 37.2 35.2 47.4 45.0

ViT-L-14@laion400m_e32 72.3 6.4 44.7 49.9 48.2 2.7 2.3 4.5 22.7
openai/clip-vit-large-patch14 75.6 6.7 46.2 49.6 46.7 6.6 2.2 3.5 23.1
DINOv2-MpNet (Ours) 73.4 38.0 56.8 58.3 61.6 43.2 33.3 49.3 48.6

Table 6.7: Multi-lingual classification. Classification performance comparison of
DINOv2-MpNet and various CLIP models and multilingual baselines on multilingual
ImageNet. Our DINOv2-MpNet model trained only on English data outperforms
even models trained on multi-lingual data. The upper half of the table lists models
trained on multiple languages, while the lower half lists models trained only on
English data. The models are evaluated on translations of the labels and the prompts
made using nllb-200-distilled-600M translation model. [29]

tors. We demonstrate this by aligning DINOv2-Large with paraphrase-multilingual-
MpNetv2 (referred to as MpNet), chosen for its high CKA compatibility, using only
English image-caption pairs and evaluating model performance on multi-lingual im-
age retrieval on the XTD dataset [4] and classification on the ImageNet dataset. For
multi-lingual classification, we translate our VDT prompts [102] to the languages
being considered using the nllb-700M model [29] and then use the same prompts for
all the models being considered.

For both multi-lingual classification and retrieval tasks, our comparisons are
structured into two categories as delineated in Table 6.7 and Table 6.6. The lower
sections of each of these tables list models trained exclusively with English cap-
tions, more specifically the CLIP-VIT-L models from OpenAI and LAION trained
on 400 million image caption pairs of WIT dataset [132] and LAION400M [153]
dataset respectively. The upper sections of these tables feature models trained with
translated/multi-lingual captions, including those employing contrastive training
with multi-lingual image-caption pairs such as CLIP-models based on the LAION5B
[152] multi-lingual dataset, which contains image-caption pairs in over 100 languages.
We also compare against, M-CLIP [19] models that are trained using English and
translated captions to align a multi-lingual text encoder with CLIP’s original text en-
coder through contrastive learning, thereby enhancing performance on multi-lingual
tasks. Additionally we also compare against the NLLB-CLIP [180] models devel-
oped through LiT [207] techniques, coupling a frozen CLIP visual encoder with
an unfrozen multi-lingual text encoder using translated captions from the smaller
LAION-COCO dataset. We compare against only model sizes of up to ViT-Large
for fair comparison.

Retrieval results: Our model DINOv2-MpNet trained only on English im-
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age,caption pairs outperforms all other CLIP models trained only on English image
caption pairs, by a large margin of over 43 % on average retrieval performance over
10 languages. We also outperform the next best performing English CLIP model
trained on LAION400m English caption retrieval by over 6 percent. On Latin script
languages the CLIP models have decent performance while it falls significantly for
non Latin languages like JP, KO, PL, RU, TR, and ZH. This is mainly because
these models were trained using an English only tokenizer which results in unknown
token for most characters of these languages. However our DINOv2-MpNet pro-
jector model maintains competitive performance on all languages both Latin script
and non Latin script even when compared against models specifically trained us-
ing multi-lingual data (Upper half of the table). Amongst the multi-lingual trained
CLIP models we perform better than laion5b trained xlm-roberta-base-VitB32 by
4.5 percent. It is to be noted here that we only use 20 million Image caption pairs
for alignment while LAION5B has over 5B image-caption pairs/ It is to be noted
that our DINOv2-Mpnet is also competitive with M-CLIP model XLM-Roberta-
Large-Vit-B-16Plus(56.1 vs 57.7) which has been trained using translated English
sentences of over 175 million data points to over 100 languages, and 3M translated
image, caption pairs from CC3m.

Classification results: We see a similar trend when we compare our DINOv2-
MpNet projector model against CLIP baselines(lower section), and multi-lingual
baselines (upper section) on multi-lingual imagenet classification in Table. Our
model showcases competitive performance to that of OpenAI-clip model while beat-
ing LAION400m trained ViT-Large on english Imagenet, while performing signifi-
cantly better on all other languages considered (over 24 percent better on 8 language
average). When compared with models trained with multi-lingual data, our model
outperforms both nllb-clip models as well as M-CLIP models, beating the next best
performing model M-CLIP/XLM-Roberta-Large-Vit-L-14 by over 3 percent despite
not training using any multi-lingual text data. We believe that training using trans-
lated image-caption pairs of our dataset would further improve the performance of
our method, and we leave this as a future work. The main advantage of train-
ing using our methods is that we can get highly porformant CLIP-like models using
much lesser amount of image-caption pairs, (more than 20x lesser) resulting in quick
adaptation to low resource languages given that a multi-lingual text encoder exists
for that language.

In summary, DINOv2-MpNet’s robust multilingual performance, achieved with-
out any multilingual training data, demonstrates that MpNet’s capabilities are pre-
served in the joint embedding space through effective projector training of unimodal
models.
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Figure 6.9: Retrieval performance comparison between DINOv2-ARL encoder pair
and OpenAI CLIP as the maximum token length increases. The vertical green line
indicates the standard CLIP token limit of 77.

6.6.4 Densely Captioned Images (DCI) Dataset and Long-

Text Retrieval

We assess whether the ARL model maintains its long-context capabilities in the joint
embedding space by conducting image and long caption retrieval on the Densely
Captioned Images (DCI) dataset [177], which features caption pairs averaging over
1,000 words. Unlike DCI’s benchmarks that use summarized captions (see 6.6.4),
we focus on full image-text and text-image retrieval tasks without summarization
or subcropping, enabling a comprehensive evaluation of our framework’s long-text
retrieval capabilities.

To demonstrate the retention of long-context ability, we conducted an experiment
varying the maximum token length allowed by the tokenizer. As shown in Figure 6.9,
our DINOv2-ARL encoder pair achieves comparable performance to OpenAI CLIP
at the standard limit of 77 tokens. However, our approach’s strength becomes
evident as we extend beyond this limit, with consistent improvement in retrieval
accuracy up to approximately 200-300 tokens. Given that DINOv2-ARL was trained
with short-context image-caption pairs, these results underscore the model’s ability
to retain long-context capabilities in the aligned joint embedding space.

sDCI benchmark results

We also evaluate our method on the original benchmark suite of Densely Captioned
Images (DCI) dataset [177] in this section. To accommodate current models’ token
limits, the authors also provide sDCI, a summarized version with CLIP-compatible
77-token captions generated by LLMs.

sDCI introduces several benchmarks:

• All SCM (Subcrop-Caption Matching): Matches captions to corresponding
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Model All SCM All Neg All Pick5-SCM All Pick5-Neg Base Neg All Hard-Negs
CLIP Baseline 40.06% 60.79% 11.21% 24.06% 67.56% 41.34%
DINOv2-ARL (Ours) 29.33% 64.36% 9.35% 21.39% 81.94% 61.10%

Table 6.8: Performance comparison on DCI dataset benchmarks

image subcrops.

• All Neg: Distinguishes between positive captions and LLM-generated nega-
tives.

• All Pick5-SCM: Similar to All SCM, but uses multiple captions per subcrop.

• All Pick5-Neg: Distinguishes between multiple positive captions and a nega-
tive.

• Base Neg: Focuses on caption-negative distinction for full images only.

• All Hard-Negs: Uses the most challenging LLM-generated negatives.

We tested our DINOv2-ARL model on the sDCI dataset benchmarks. Table 6.8
presents our results alongside the CLip baseline. Our method demonstrates compet-
itive performance compared to the CLIP baseline across several DCI benchmarks.

In the Subcrop-Caption Matching tasks (All SCM and All Pick5-SCM), our
model performs slightly below the CLIP baseline. This suggests that there is room
for improvement in our approach when it comes to distinguishing between the dif-
ferent parts that compose an image.

However, our model shows notable improvements in the negative detection tasks.
We outperform CLIP on All Neg (64.36% vs. 60.79%), Base Neg (81.94% vs.
67.56%), and All Hard-Negs (61.10% vs. 41.34%). These results demonstrate the
potential of our method in aligning vision and language models for a fine-grained
understanding of image content, especially in scenarios requiring robust discrimina-
tion between relevant and irrelevant captions. Future work could focus on improving
the model’s performance on sub-crop caption matching tasks while maintaining its
strong capabilities in negative detection.

6.6.5 Alignment Compute

We report the Alignment Training compute requirements for different models in
6.9. We see that aligning pre-trained vision, language encoders to get a competitive
CLIP like model requires only 50 hours of training with 8 A100 GPUS which is
almost a 65 fold reduction in the amount of training compute. This makes the
development of multi-modal models accessible to the wider research community
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Model Data SS Trainable / Total Compute IN 0-shot
OpenAI CLIP 400M 12.8B 427M / 427M 21,845 72.7%
LAION400M CLIP 400M 12.8B 427M / 427M 25,400 75.3%
DINOv2-ARL 20M 0.6B 11.5M / 670M 400 76.3%

Table 6.9: Compute requirements, Dataset size, and Number of trainable
parameters are orders of magnitude lower when using projectors to align
semantically similar encoders. By using projectors to align semantically similar
encoders, compute requirements drop 65-fold, dataset size shrinks by 20 times, and
only 1% of total parameters are trainable while outperforming other CLIP models.
Compute measured in GPU hours on an A100 (80 GB) GPU.

as well as reducing the environmental impact of training highly performant multi-
modal models by reusing strong publicly available uni-modal models. Since we only
need to train 11.5M of the total 670M parameters (about 1 %) we can train with a
much smaller and denser dataset reducing the data requirements to 20M which is
20 fold decrease in dataset requirement compared to CLIP models from LAION and
OpenAI making our framework useful for training performant multi-modal models
in various domains like mutli-modal systems for low-resource languages, 3D model
search systems, fMRI to Image model mapping systems and many more. Despite
the reduced compute and data requirements for alignment our model outperforms
both CLIP models compared on domain transfer to Imagenet as well as image, text
retrieval.

6.6.6 Multi-lingual 0-shot Semantic Segmentation

The lower compute and paired data requirements of the framework lead to applica-
tion flexibility simply by swapping the unimodal encoders. (see Sec. 6.2-6.4 in the
main paper). An additional advantage of this flexibility is showcased in Fig. 6.10
and Tab. 6.10, where we use our aligned DINOv2-MpNet to perform multi-lingual
semantic segmentation. Our segmentation scores stay consistent with different lan-
guages while CLIP often fails on non-english languages.

Language CLIP DINOv2-MpNet
EN 23.46 29.07
ES 18.86 28.69
ZH 8.46 28.06
FR 15.12 28.48
DE 21.30 27.91
RU 5.72 26.85

Table 6.10: Comparison of CLIP and DINOv2-MpNet performance across languages.
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Figure 6.10: Compared to CLIP, our approach of aligning DINOv2-MpNet achieves
improved segmentation maps focusing on the relevant objects in the multilingual
setting.

0 20 40 60 80 100 120 140 160
Number of Training Samples (Millions)

50

55

60

65

70

75

80

85

R@
1

Flickr R@1 vs Number of Training Samples
Flickr Text R@1
Flickr Image R@1
MIX-CLASS-Collected Flickr Text R@1
MIX-CLASS-Collected Flickr Image R@1

0 20 40 60 80 100 120 140 160
Number of Training Samples (Millions)

25

30

35

40

45

50

55

60

R@
1

COCO R@1 vs Number of Training Samples
COCO Text R@1
COCO Image R@1
MIX-CLASS-Collected COCO Text R@1
MIX-CLASS-Collected COCO Image R@1

0 20 40 60 80 100 120 140 160
Number of Training Samples (Millions)

55

60

65

70

75

R@
1

ImageNet R@1 vs Number of Training Samples
ImageNet R@1
MIX-CLASS-Collected ImageNet R@1

Figure 6.11: Performance scales with higher amounts of randomly sampled
LAION data The performance scales with higher amounts of randomly sample data
from LAION400M, but very slowly, highlighting the need for a densely covered and
high quality dataset when training projectors only to align modalities.
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6.6.7 Dataset Scale Ablation

Figure 6.11 illustrates that while performance scales with an increasing number of
randomly sampled data points from the LAION400M dataset, the rate of improve-
ment diminishes, highlighting the critical need for densely covered and high-quality
datasets when training projectors to align modalities. Additionally, the compara-
tive performance of MIX-CLASS-Collected data reveals that datasets curated with
more focused criteria can lead to better performance gains than simply increasing
the volume of data. This underscores the importance of prioritizing dataset quality
over quantity, especially given the observed diminishing returns when using larger
data sizes for projector-based alignment.

6.7 Conclusion

In this chapter, we show that semantically similar unimodal representations are
separated by simple projection transformations through toy experiments and small-
scale alignment transfer experiments. Section 6.3 provides preliminary evidence
that representation spaces with higher CKA are easier to align, while Section 6.5.1
demonstrates that this correlation holds in small-scale alignment experiments, where
models are trained on one dataset (COCO) and tested for retrieval on another
(Flickr30k). These results address our research question RQ6: Can semantically
similar unimodal representations be bridged using simple projection transformations?
However, we found that these learnt representations underperform when transferred
to zero-shot classification tasks, mainly due to limited concept coverage in the
alignment dataset. To improve the generalizability of the learnt projections, the
alignment dataset must comprehensively cover the domain of the unimodal encoder
spaces. Therefore, we incorporated a concept-balanced data curation strategy in
our framework (Section 6.4) to ensure diverse concept coverage.

Our evaluations on zero-shot domain transfer and retrieval (Section 6.6.1) us-
ing projectors trained on the curated dataset show that the learnt transformations
effectively preserve the unimodal features of the constituent encoders in the joint
embedding space. This results in a dual-encoder CLIP model that is both compute-
and data-efficient, while also being flexible and generalizable across diverse sce-
narios, effectively addressing our final research question RQ7: How can we scale up
training of simple projection transformations to align unimodal encoders and achieve
efficient, flexible CLIP models?

The retention of strong unimodal features in our joint embedding space allows us
to seamlessly swap the language encoders with multilingual or long-context encoders,
thereby demonstrating flexibility and generalizability to tasks such as multilingual
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classification/retrieval (Section 6.6.3) and long-context retrieval (Section 6.6.4). In
the final section, we show that aligning strong unimodal encoders requires orders of
magnitude less compute and data compared to training models from scratch, thereby
democratizing multimodal alignment and making it more environmentally friendly.
In summary, we address the challenges of the CLIP model identified in Chapter 4
by studying representational similarities of vision and language encoders (Chapter
5) and developing an efficient alignment framework in this chapter

There is significant scope for future work in this line of research such as ex-
ploring fine-grained alignment techniques, optimizing projection architectures, and
expanding to other modalities beyond vision and language. The reduced dataset
requirements on alignment data makes our framework useful for training perfor-
mant multimodal models in various domains where strong unimodal encoders exist
like multimodal systems for low-resource languages, 3D model search systems, fMRI
to Image model mapping systems and many more. By democratizing multimodal
AI research, our framework has the potential to accelerate innovation and reshape
approaches to multimodal AI development.
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Chapter 7

Conclusion and Future Work

In this final chapter, we consolidate the key findings of our research, emphasizing
our contributions and their significance. We revisit the hypotheses and research
questions from Chapter 1, evaluating how effectively they have been addressed. This
summary provides important insights, discusses practical implications, and proposes
future research directions. Our goal is to offer a clear and concise conclusion that
underscores the value of this work.

7.1 Hypotheses and Answers to the Research Ques-

tions

This section revisits the hypotheses introduced in Chapter 1, examining them in re-
lation to the research findings presented in the subsequent chapters. Each research
question linked to these hypotheses is explored to clarify the specific contributions
of this thesis.

Hypothesis 1 (H1): Semantic information about the world is suited
for improving generalizability and sample efficiency of vision models, be-
cause they are a more robust representation of the world that can guide
learning of visual representations when the visual data is limited.

(RQ1) : How can we incorporate semantic information to improve the per-
formance of few-shot learning? More specifically, can we use base to novel concept
relationships from domain expert annotated semantic information to facilitate learn-
ing novel concepts with few examples?
In Chapter 3, we propose a simple semantic querying method that uses semantically
similar base dataset instances to refine novel support instances, producing robust
prototypes for few-shot learning. We demonstrate that incorporating semantic infor-
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mation into computer vision models enables efficient learning of new concepts using
visual features from similar base concepts. Specifically, we design a cross-attention
mechanism that attends to semantically similar base features to construct improved
prototypes for novel concepts. Our method enhances few-shot learning performance
across three benchmark datasets (see Section 3.4, Tables 3.1, 3.2, 3.4), validating
our hypothesis that domain expert-annotated semantic information provides a ro-
bust representation of the world, and base to novel concept relationships from these
sources can be leveraged to improve the generalizability and sample efficiency in
computer vision models (answering RQ1).

Hypothesis 2 (H2): LLMs have a good world model and text gener-
ated by LLMs can be a good proxy for extracting semantic information
about the world that can be used to guide the generalizability and sample
efficiency of CLIP models.

RQ2 How can LLMs be used to generate semantic information useful for com-
puter vision models in a scalable manner?

In Chapter 4 we show that text information that describes the classes visually or
visually descriptive text (VDT) (in contrast to non VDT) is effective in improving
the 0-shot domain transfer performance of CLIP [132] to fine-grained datasets like
CUB [184] (See Table 4.1) that were not prevalent in their pre-training. VDT
sentences effectively map the novel concepts into concepts that the CLIP’s text
encoder already understands. We design a 2-step prompting strategy to extract
VDT sentences from LLMs like GPT4, and GPT3.5 in a scalable manner and show
its effectiveness by improving the 0-shot domain transfer of CLIP on an eclectic suite
of 12 datasets (See Table 4.3) effectively addressing RQ2.
.

RQ3 How can LLM generated semantic information be used to improve 0-shot
and few-shot domain transfer performance of vision language foundation models like
CLIP?

In Chapter 4, we utilize generated semantic information to enhance the zero-
shot and few-shot domain transfer performance of vision-language models (VLMs).
We use scalable VDT generated by LLMs like GPT-3.5 and GPT-4 to construct
more informative class prototypes for zero-shot classification, achieving significantly
better performance than CLIP on 12 datasets. Additionally, we design an attention-
based VDT adapter to select the most relevant visually descriptive information for
each class using the few labeled examples available in the few-shot setting. This
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approach outperforms both prompt tuning and state-of-the-art adaptation methods
such as CoOp [216], CoCoOp [215], and CLIP-Adapter [53], effectively addressing
RQ3 (see Table 4.5). We also study the impact of different LLMs on the quality
of generated VDT and find that smaller LLMs are prone to hallucinations, which
degrades zero-shot transfer performance. However, our attention-based adapter ef-
fectively extracts useful information even from these less reliable sources (see Table
4.7).

Hypothesis 3 (H3): Given that vision and language are trying to model
the same physical reality, the representations from vision and language
encoders should demonstrate high similarity in terms of semantics.

RQ4 How similar are vision and language representations given that their en-
coders are trying to model the same physical reality?

In Chapter 5, we design experiments and metrics to measure the semantic similar-
ity between unimodal representations of vision and language encoders. We show that
well-trained vision and language encoders exhibit highly similar semantic structures,
as measured by CKA. Moreover, we demonstrate that the similarity between vision
encoder representations and those of a language encoder scales with the quantity and
quality of training data, regardless of the training paradigm (e.g., self-supervised,
supervised, language-supervised) used (see Figure 5.2). These findings validate our
hypothesis that vision and language encoders have high semantic similarity because
they model the same physical reality. Additionally, we find that certain unimodal
vision and language encoder pairs achieve semantic similarity levels comparable to
jointly trained vision-language models like CLIP, providing an answer to RQ4.

RQ5 Is there a way to connect semantically similar vision and language repre-
sentations in a training-free manner?

Based on the understanding that well trained vision and language encoders have
very similar representation structures, in the latter half of Chapter 5, we propose
two novel methods to align uni-modal encoders in a training free manner by framing
alignment as a graph matching problem. We show that with as few as 320 image,
caption pairs, it’s possible to perform retrieval and classification between two un-
aligned unimodal encoders that exhibit high semantic similarity (See Tables 5.2, 5.3,
5.4, 5.5) providing an answer to RQ5.

Hypothesis 4 (H4): Given that well-trained vision and language en-
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coders have semantically similar representation spaces, simple projection
transformations might be sufficient to bridge them.

RQ6 Can semantically similar unimodal representations be bridged using simple
projection transformations?

In Chapter 6, we demonstrate that semantically similar unimodal representa-
tions can be bridged by simple projection transformations, as shown through toy
experiments (Section 6.3.2) and small-scale alignment transfer experiments (Sec-
tion 6.5.1). Section 6.3 provides preliminary evidence that representation spaces
with higher CKA are easier to align, indicating that the achievable CLIP loss mini-
mum depends on the initial semantic similarity between image and language encoder
spaces. Additionally, Section 6.5.1 confirms this correlation in small-scale alignment
transfer experiments, where models are aligned on one dataset (COCO) and tested
for retrieval on another (Flickr30k). These findings demonstrate that semantically
similar unimodal encoders can be effectively bridged using simple projection trans-
formations, answering RQ6.

RQ7 How can we scale up the training of simple projection transformations to
align unimodal encoders and achieve performant, flexible and compute/data efficient
CLIP models?

In our small-scale transfer experiments, we found that the learnt representations
underperform in zero-shot classification tasks, primarily due to limited concept cov-
erage in the alignment dataset. To improve the generalizability of the learnt projec-
tions, the alignment dataset must comprehensively cover the domain of the unimodal
encoder spaces. Therefore, we incorporated a concept-balanced data curation strat-
egy in our framework (Section 6.4) to ensure diverse concept coverage. Our evalu-
ations on zero-shot domain transfer and retrieval (Section 6.6.1), using projectors
trained on the curated dataset, show that the learnt transformations effectively pre-
serve the unimodal features of the constituent encoders in the joint embedding space.
This results in a dual-encoder CLIP model that is both compute- and data-efficient,
while also being flexible and generalizable across diverse scenarios. Building upon
these observations, we designed a framework to develop a multimodal dual-encoder
model from two strong unimodal encoders by only training lightweight projection
transformations. CLIP models trained using our proposed framework outperform
CLIP baselines on both image-text retrieval and zero-shot classification tasks, using
20 times less data and 40 times less compute. Additionally, due to its low compute
and data requirements, and the retention of strong unimodal features in the joint-
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embedding space, our framework is highly flexible as we use it to train performant
CLIP models for multi-lingual image classification/retrieval (Tables 6.7 6.6), 0-shot
image localization (Table 6.5) and long context image-text retrieval (Figure 6.9).
These experimental results validate that we can scale up projector training between
unimodal encoders to achieve performant, flexible and compute/data efficient CLIP
models addressing RQ7.

7.2 Research Contributions

The contributions of this research are collected and summarized in the following list:

• Chapter 3: Semantics from language for One Shot Learning

1. An approach leveraging semantic information from domain experts, se-
mantic graphs (e.g., WordNet), and language models to enhance few-shot
learning by improving support instance representations.

2. A novel method BaseTransformers that uses part-based composition and
aggregation that matches semantically meaningful parts between novel
instances and well-supported base dataset samples, enabling the con-
struction of robust prototypes for novel categories.

3. State-of-the-art performance achieved on three benchmark few-shot datasets,
with experimental results demonstrating the effectiveness of BaseTrans-
formers across different backbone architectures in the inductive one-shot
setting.

• Chapter 4: Language semantics for 0-shot and few-shot adaptation of founda-
tional VLMs

1. A demonstration that including visually descriptive textual (VDT) infor-
mation in prompts improves CLIP’s 0-shot domain transfer performance,
particularly in fine-grained classification tasks.

2. A scalable approach using GPT-4 to generate VDT sentences, resulting in
consistent 0-shot performance improvements over CLIP’s default prompt
across multiple datasets, without requiring domain-specific annotations.

3. A simple adapter network that leverages VDT information to enhance
few-shot transfer performance, achieving better results than methods like
CLIP-Adapter [53] and CoCoOp [215] in the Base-to-New setting.

4. Public release of the generated VDT information for 12 datasets, sup-
porting further research in prompt engineering and adapter design for
low-shot domain adaptation in vision-language models.
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• Chapter 5: Semantic Representational Similarity between Vision and Lan-
guage Encoders and 0-shot alignment of Unimodal Vision and Language En-
coders

1. An analysis of semantic similarity between well-trained vision and lan-
guage encoders, demonstrating that even without explicit alignment, these
models capture semantically comparable representations of the physical
world, as evidenced by high Centered Kernel Alignment (CKA) scores
between unaligned encoders.

2. A matching method that maximizes semantic similarity between vision
and language encoders by finding the optimal permutation of captions
to maximize CKA. This is achieved through a novel formulation of CKA
maximization as a quadratic assignment problem, with enhanced trans-
formations and normalizations for improved matching performance.

3. A local CKA metric for retrieval tasks, enabling zero-shot retrieval be-
tween two unaligned embedding spaces, demonstrating superior perfor-
mance on COCO caption-image retrieval compared to existing relative
representation methods.

4. Comprehensive benchmarking on COCO, NoCaps, and ImageNet-100
datasets for cross-domain caption-image retrieval and classification tasks,
validating the effectiveness of our zero-shot approach for communication
between latent spaces without explicit alignment.

5. A practical application of cross-lingual image retrieval, using sentence
transformers trained in multiple languages and a CLIP vision encoder
trained exclusively in English, showcasing the adaptability of our method
across languages and domains.

• Chapter 6: Efficient Alignment of Unimodal Encoders

1. An analysis of semantic similarity and alignment potential, showing that
high Centered Kernel Alignment (CKA) scores between vision and lan-
guage encoders indicate greater ease of alignment. Our experiments re-
veal a strong inverse relationship between CKA and the minimum CLIP
loss, suggesting that encoders with higher CKA values have more com-
patible embedding structures and can be aligned more effectively using
simple projections.

2. A framework for creating CLIP-like models by training only lightweight
projection layers on top of semantically similar uni-modal vision and lan-
guage encoders, achieving comparable performance to CLIP models from
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OpenAI and LAION with 20 times reduction in data and 65 times reduc-
tion in compute requirements.

3. A novel approach to dataset curation, collecting a dense and concept-rich
set of image-caption pairs from uncurated sources, supporting effective
projection training and accessible multi-modal model development. This
curated dataset is made publicly available to facilitate further research.

4. Diverse application of the framework across several tasks showcasing
flexibility and, demonstrating strong performance in zero-shot domain
transfer, multilingual classification, zero-shot semantic segmentation, and
image-paragraph retrieval, showcasing the flexibility of our framework

5. An accessible and environmentally friendly method for multi-modal model
creation, reducing the computational burden by focusing on lightweight
projector training, thus making high-performance vision-language align-
ment more accessible to a broader research community.

7.3 Recommendations for Future Research

There are a number of opportunities for future research related to the ideas explored
in this thesis, and these are outlined in the following.

• Semantic Querying for 0-shot and few-shot Domain Transfer

– In BaseTransformers (Chapter 3) we make use of semantically similar
data from the base dataset to improve few-shot learning of new concepts.
With CLIP, there has been a paradigm shift in few-shot and 0-shot ap-
proaches, but a similar idea of using semantically relevant images and
text from the Pre-Training dataset could potentially help CLIP’s fine-
grained classification performance. This information could be queried
from the pre-training data and combined into the prompt structure and
query/support images of the few-shot dataset to improve the domain
transfer to fine-grained datasets where CLIP underperforms, anologous
to the Retrieval augmented generation approaches common in LLMs for
performance on tasks distant from their pre-training data.

– In VDT-Adapter (Chapter 4), we show that CLIP models can be trans-
ferred to fine-grained datasets by making use of semantics from large-
language models. The LLM generated visually descriptive text is selected
and aggregated using an attention mechanism that is learned on the few-
shot support set during training. However, the performance on several
fine-grained datasets like CUB, and FGVC Aircrafts is still subpar at 74
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% and 35 % respectively. This could be because of a lack of fine-grained
alignment between the VDT sentences and parts of the image. Intro-
ducing an adapter that learns fine-grained alignment between different
regions of the image and the different sentences, by making use of su-
pervisory signals from an open-world detector has the potential to make
CLIP models more adaptable to fine-grained datasets in a few-shot man-
ner. This would also lead to more interpretability as the weights of the
adapter could be probed to see which parts of the image are important
for making the classification.

• Analysis of Representational Similarity to other modalities, decoders.

– In Chapter 5, we show that well-trained unimodal vision and language
encoders have high semantic similarity in their representations despite
being not trained together. We believe this to be because the vision and
language modalities are essentially trying to model the same physical
world and their performance can be a noisy measure of how close they
are to this latent space. However, it’s not apparent if this is also valid
for encoders of other modalities like audio and 3d data. Studying rep-
resentational similarity between other modalities would provide further
evidence for or against the platonic representation hypothesis [66] as well
as result in insights that could lead to the design of efficient architectures
for connecting them in a label / compute efficient manner. This would
have high impact in modalities where paired data is hard to come by, For
example, simulation, real-world paired images for robotics.

– In Chapter 5, we limit our analysis to language encoders, as extracting a
good representation from a language decoder remains challenging. Con-
current work [66] conducts similar semantic analysis on language decoders
by aggregating semantic similarity scores across layers and selecting the
maximum, akin to BrainScore [149, 150]. However, obtaining a reliable
representation of text from a language decoder is still an open research
problem. Investigating this through the lens of semantic similarity with
strong vision encoders could provide insights into which transformer lay-
ers and attention heads in a language decoder contain the most informa-
tion and help develop techniques to derive a global representation from
LLMs. This is significant, as the largest language models today are de-
coders, which are orders of magnitude larger and more information-rich
than encoder models specialized for sentence embeddings. Developing
a robust global representation from LLMs could enhance generalization
capabilities and promote model reuse.
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– Investigating semantic similarity metrics between a unimodal encoder
and a unimodal decoder across different modalities is an under-explored
area with the potential to provide valuable insights for designing effective
projectors and connection modules for integrating multiple modalities
into LLM decoders. This could be especially beneficial in scenarios with
limited paired data, such as 3D point cloud and text data.

• Parameter and Data Efficient Multi-Modal Alignment

– In Chapter 6, we present an effective framework for aligning unimodal
encoders efficiently, though our exploration is limited to a small set of vi-
sion and language encoders. Since then, considerable advancements have
been made in language encoders, with larger models achieving higher
performance on MTEB tasks [111]. It would be valuable to investigate
whether these improvements facilitate easier alignment. Additionally, ap-
plying our framework to modality pairs with limited paired data, such
as point cloud and text, could be an interesting direction for multimodal
alignment. Another potential avenue is aligning vision encoders special-
ized for semantic segmentation with language models to develop robust
open-world segmentation systems.

– In Chapter 6, we show that DINOv2 and ARL models demonstrate su-
perior spatial localization capabilities with the standard CLIP loss, due
to the inherent localization strength of DINOv2 features. Recent CLIP-
based studies have investigated enhancing spatial localization using fine-
grained losses [12]. By integrating our framework with a fine-grained
image-to-text token alignment loss, we can further improve fine-grained
localization, enhancing CLIP models’ performance on compositionality
[204] and image-text localization benchmarks [69].

– Combining the strengths of DINOv2 and CLIP into a single model could
significantly benefit VLLMs by creating a unified vision encoder capa-
ble of handling all VLM tasks. DINOv2 excels at general visual tasks,
while CLIP is particularly effective for OCR, enabling better text ex-
traction from images. Recent research has explored multi-encoder ap-
proaches [170, 171], but a unified model that leverages both capabili-
ties could streamline VLLM development, improving multimodal under-
standing and performance on benchmarks that require both vision and
language comprehension.
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7.4 Closing Remarks

In this thesis, we sought to address key challenges in visionmodels by leveraging se-
mantic information and studying the representational relationships between vision
and language encoders. Our findings demonstrate that incorporating semantics,
whether sourced from domain experts or generated by large language models, sig-
nificantly enhances the generalization and efficiency of vision models, particularly
in low-data and open-world scenarios.

We also showed that well-trained unimodal encoders for vision and language
exhibit high semantic similarity, paving the way for efficient alignment through
lightweight projection transformations. This work contributes to making the de-
velopment of multimodal models more accessible and environmentally friendly by
reducing compute and data requirements while enhancing model flexibility and per-
formance.

Our exploration of representational similarity and effective alignment has opened
new directions for creating more robust, scalable, and adaptable models capable of
understanding and processing the complexities of our richly multimodal world. By
systematically addressing compute, data efficiency, flexibility, and generalization,
this thesis takes significant strides toward developing vision-language systems that
more closely resemble human multimodal perception, contributing to the broader
pursuit of human-like artificial intelligence.

We hope that these insights inspire further advancements in the development
of more efficient, flexible, and powerful vision-language models, ultimately bridging
the gap between human-like perception and artificial intelligence.
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Table A.1: Comparing our VDT with that of descriptors from [104] for 2 random
classes of datasets DTD and Eurosat

Ours DCLIP[104]

Stratified (DTD)

’The surface feels moderately
smooth, with slight roughness
due to the layered structure.’

’a series of layers’

’There is no distinct pattern, but
the layers create a natural, linear
visual effect.’

’each layer is of a different mate-
rial’

’The structure is characterized by
multiple layers stacked upon each
other.’

’the layers are parallel to each
other’

’The texture has a two-
dimensional feel, with the
layers adding a sense of depth.’

’the layers may be of different
thicknesses’

’The density varies, with some
layers appearing closely packed
while others are more sparse.’

’the layers may be of different col-
ors’

’The regularity of the texture is
defined by the consistent layer-
ing.’

’the layers may have different tex-
tures’

’The texture is opaque, with no
transparency between the layers.’
’There are no significant surface
defects, but minor irregularities
may occur between layers.’

Continued on next page
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Table A.1 – continued from previous page
Ours DCLIP[104]

Lined (DTD)

’The texture feels moderately
smooth to the touch, not too
rough nor too sleek.’

’a series of parallel lines’

’It exhibits a lined pattern, remi-
niscent of ruled notebook paper.’

’can be straight or curved’

’The structure of the texture is
stratified, with lines arranged one
after the other.’

’may be of different colors’

’The texture has a two-
dimensional quality, with no
noticeable depth or relief.’

’may be of different widths’

’The lines are densely packed,
leaving little space between
them.’

’may be of different thicknesses’

’The texture displays a high de-
gree of regularity, with the lines
evenly spaced and parallel.’
’The texture is opaque, with no
transparency or translucency.’
’There are no noticeable surface
defects, the lines are clean and
uninterrupted.’

Industrial (Eurosat)

’Industrial buildings have texture
that is smooth, regular.’

’evidence of human activity’

’Industrial buildings have shape
that is rectangular, irregular.’
’Industrial buildings have size
(relative) that is large.’
’Industrial buildings have pattern
that is regular, dense.’
’Industrial buildings have spec-
tral reflectance that is high in vis-
ible spectrum.’
’Industrial buildings have a
shadow that is present (due to
high-rise buildings).’

Continued on next page
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Table A.1 – continued from previous page
Ours DCLIP[104]
’Industrial buildings have adja-
cent land features that is commer-
cial, residential, roads.’
’Industrial buildings have change
over time that is stable.’
’Industrial buildings have density
that is high.’
’Industrial buildings have proxim-
ity to water bodies that is vari-
able.’
’Industrial buildings have road
accessibility that is high.’

Forest (Eurosat)

’Forest has texture that is rough.’ ’a large area of trees’
’Forest has shape that is irregu-
lar.’

’green leaves’

’Forest has size (relative) that is
large.’
’Forest has pattern that is no pat-
tern.’
’Forest has spectral reflectance
that is high in near-infrared.’
’Forest has shadow that is present
(due to trees).’
’Forest has adjacent land features
that is land, mountains, rivers.’
’Forest has change over time that
is mostly stable.’
’Forest has density that is high.’
’Forest has proximity to water
bodies that is variable.’
’Forest has road accessibility that
is low.’

150



Aligning Vision and Language: Harnessing Language Semantics for Efficient Vision
Models

A.0.1 0-Shot Classification and Retrieval Evaluation Datasets

To evaluate the performance of our DINOv2-ARL projector model and compare
it with baseline CLIP models, we utilized a diverse set of datasets for zero-shot
classification and retrieval tasks. These datasets span various domains and challenge
the models’ ability to generalize across different visual concepts.

For zero-shot classification, we employed the following datasets:

• ImageNet [33]: A large-scale dataset with 1000 object categories, widely used
as a benchmark for image classification tasks. It contains over 1.2 million
training images and 50,000 validation images, with each image labeled with
one of 1000 object classes.

• ImageNetV2 [138]: A newer version of ImageNet designed to test the robust-
ness of models trained on the original ImageNet. It features 10,000 new test
images collected using the same procedure as the original, but addressing cer-
tain biases in the original dataset.

• Caltech101 [47]: A dataset containing pictures of objects belonging to 101
categories, plus a background category. It includes about 40 to 800 images per
category, with most categories having about 50 images. The dataset is known
for its high intra-class variability.

• Oxford-IIIT Pet [126]: A 37-category pet dataset with roughly 200 images for
each class, featuring different breeds of cats and dogs. It includes pixel-level
trimap segmentations and breed-level labels for each image.

• Stanford Cars [76]: A dataset of 196 car classes, totaling 16,185 images.
Classes are at the level of Make, Model, Year (e.g., 2012 Tesla Model S).
It includes 8,144 training images and 8,041 testing images, with bounding box
annotations.

• Oxford Flowers102 [117]: A 102 category dataset consisting of 102 flower cate-
gories common to the UK. It contains 40 to 258 images per class and provides
segmentation data for each image. The dataset is particularly challenging due
to the fine-grained nature of the categories.

• Food101 [14]: A large dataset of 101 food categories, with 101,000 images.
It features 1000 images per food class, with 250 test images and 750 training
images per class. The training images are not manually cleaned, adding a level
of noise to the dataset.
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• FGVC Aircraft [98]: A fine-grained visual classification dataset with 10,200
images of aircraft, spanning 100 aircraft models. Each model is associated with
a specific variant, manufacturer, family, and collection. The dataset includes
6,667 training images and 3,333 test images.

• SUN397 [143]: A scene recognition dataset with 397 categories and 108,754
images, covering a large variety of environmental scenes under various light-
ing conditions. It provides at least 100 images per class and has been used
extensively for scene recognition tasks.

• Caltech-UCSD Birds-200-2011 (CUB) [184]: A dataset for fine-grained image
classification with 200 bird species, containing 11,788 images. Each image has
detailed annotations including 15 part locations, 312 binary attributes, and 1
bounding box. It’s widely used for fine-grained visual categorization research.

• UCF101 [163]: An action recognition dataset with 101 action categories, con-
sisting of realistic action videos collected from YouTube. It contains 13,320
videos from 101 action categories, with videos exhibiting large variations in
camera motion, object appearance and pose, illumination conditions, and
more.

For zero-shot image-text retrieval, we used:

• Flickr30k [129]: A dataset containing 31,783 images collected from Flickr, each
paired with 5 crowd-sourced captions. It focuses on describing the objects and
actions in everyday scenes. The dataset is split into 29,783 training images,
1000 validation images, and 1000 test images.

• COCO [89]: A large-scale dataset for object detection, segmentation, and
captioning, which we use for its image-caption pairs in the retrieval task. It
features over 330,000 images, each with 5 captions. The dataset includes 80
object categories and instance segmentation masks, making it versatile for
various computer vision tasks.

These datasets comprehensively evaluate a model’s ability to perform zero-shot
classification across various domains and its capacity for cross-modal retrieval. By
using this diverse set of benchmarks, we can assess the generalization capabilities of
our approach compared to existing CLIP models. We use Visually Descriptive Class-
Wise prompts from [102] to enable the unimodal-text encoder in our DINOv2-ARL
projector model to better identify the zero-shot classes of the downstream datasets.
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A.0.2 Concept Coverage Collection datasets

We use a few shot examples from 14 curated computer vision datasets to construct
our Concept Image prototypes to curate the images from our uncurated data pool.
The 14 curated datasets are described as follows.

• BirdSnap [11]: A fine-grained dataset consisting of 49,829 images of 500 North
American bird species. The images are annotated with species labels, and the
dataset is primarily used for species classification and fine-grained recognition
tasks.

• Caltech101 [47]: A dataset containing pictures of objects belonging to 101
categories, plus a background category. It includes about 40 to 800 images per
category, with most categories having about 50 images. The dataset is known
for its high intra-class variability.

• EuroSAT [62]: A satellite image dataset with 10 categories related to land
use classification (e.g., forests, rivers, residential areas). It contains 27,000
labeled images, with 2700 images per class, widely used in remote sensing and
geospatial tasks.

• FGVC Aircraft [98]: A fine-grained classification dataset with 10,000 images of
100 aircraft model variants from 70 manufacturers. It is used for distinguishing
between visually similar objects in fine-grained recognition tasks.

• Flowers102 [117]: A dataset containing 102 flower categories, commonly used
for fine-grained classification tasks. It has a total of 8,189 images, with 40 to
258 images per category, and is organized into a training, validation, and test
set.

• Food101 [14]: A dataset containing 101,000 images of 101 food categories.
Each category has 750 training images and 250 test images, commonly used
for food classification and recognition tasks.

• GTSRB [164]: The German Traffic Sign Recognition Benchmark dataset, con-
taining over 50,000 images of 43 different traffic sign classes. It is designed for
multi-class classification tasks in the context of traffic sign recognition.

• ImageNet [33]: A large-scale dataset with 1,000 object categories, widely used
as a benchmark for image classification tasks. It contains over 1.2 million
training images and 50,000 validation images, with each image labeled with
one of 1,000 object classes.
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• Oxford Pets [126]: A dataset of 7,349 images, containing 37 categories of
pets (both cats and dogs). Each image is annotated with species and breed
information, commonly used for image classification and segmentation tasks.

• RESISC45 [24]: A dataset of remote sensing images used for scene classifi-
cation, containing 31,500 images across 45 scene classes. Each class has 700
images with variations in resolution, scale, and orientation.

• Stanford Cars [76]: A dataset with 16,185 images of 196 car models, anno-
tated by make, model, and year. The dataset is designed for fine-grained
classification and recognition tasks of vehicles.

• Pascal VOC 2007 [44]: A dataset for object detection, segmentation, and
classification, containing 9,963 images of 20 object categories. It is widely
used for benchmarking models in computer vision tasks.

• SUN397 [143]: A large-scale scene understanding dataset with 397 categories
and 108,754 images. It covers a wide range of environments, from natural to
man-made scenes, commonly used for scene classification tasks.

• UCF101 [163]: A video dataset consisting of 13,320 videos across 101 human
action categories. It is widely used for action recognition tasks in video analysis
and computer vision research.
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