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While scaling—both in terms of model size and dataset volume—has driven many of the recent break-

throughs in AI, this increasingly larger-scale development trajectory faces emergent challenges not seen

in traditional small-scale supervised learning setting. On model side, the exponential growth in parameter

counts has rendered these highly capable but massive models prohibitively expensive to deploy or adapt for

many practical applications. On the data side, although training on massive datasets improves performance on

standard benchmarks, scaling alone does not guarantee the emergence of desirable model behaviors beyond

traditional metrics. This thesis develops techniques to address core challenges along both the model and

data axes of modern AI development. Specifically, it proposes strategies for the efficient deployment and

adaptation of Transformer-based large language models, and introduces principled methods for curating

reliable and effective data to evaluate and improve modern vision-language models beyond standard accuracy

metrics. Collectively, these contributions aim to make large-scale AI systems more effective and accessible

across diverse real-world scenarios.
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Chapter 1

Introduction

Today’s rapid evolution of AI is largely driven by the scaling of two pivotal factors: model and data [Mahajan

et al., 2018; Shoeybi et al., 2019; Raffel et al., 2020; Brown et al., 2020; Radford et al., 2021a; Chowdhery

et al., 2022; Chung et al., 2022; OpenAI, 2022]. In particular, recent studies have pointed out that scaling

both (a) the size of Transformer models [Vaswani et al., 2017] and (b) data volume, typically by crawling

web contents, in tandem leads to predictable improvement in AI model performances [Kaplan et al., 2020;

Hoffmann et al., 2022; Ghorbani et al., 2021]. This is evidenced by the unprecedented capabilities emerging

from modern AI models across domains [Bubeck et al., 2023; Anil et al., 2023; Li et al., 2023c; Alayrac et al.,

2022]. Nonetheless, the scaling development trajectory poses two predominant challenges in practice.

Model deployment challenge. As seen in language models that grow exponentially in size, consisting of

hundreds of billions of parameters or more [Brown et al., 2020; Chowdhery et al., 2022], the computational

requirements to serve the models become far beyond affordable for most applications. To make the matter

worse, it is even more resource demanding if one were to further finetune these large pretrained models for

improvements on downstream applications. This accentuates efficient ways in deploying and adapting large

models for a broad range of practical scenarios with varying levels of available resources.

Data curation challenge. Using vision-language models as an example [Radford et al., 2021b], state-of-

the-art models trained on billions of images have substantially improved general recognition capabilities, as

measured by standard benchmarks such as ImageNet accuracy [Schuhmann et al., 2022b]. However, when

deployed in real-world settings, these models often lack fine-grained or compositional visual understand-

23



ing [Ma et al., 2022; Yuksekgonul et al., 2023]. For instance, given an image of a horse eating grass, they

may fail to distinguish the correct caption from an incorrect one such as “grass eating horse”, which shares

similar visual elements but differs in composition and meaning. As a result, beyond standard metrics, it

becomes increasingly important to design benchmarks that can reliably characterize the desired behaviors of

such models. Furthermore, it is essential to curate and scale training data in a way that effectively induces

these capabilities.

Given these two major challenges, this thesis seeks to develop effective techniques for both model

deployment and data curation for modern large-scale models, ultimately extending the reach of modern AI

to a wide range of applications. First, on the model side, this thesis focuses on the use cases of modern

large language models (LLMs) and introduce strategies to improve the efficiency and effectiveness of their

deployment and adaptation (Section 1.1). Second, on the data side, this thesis focuses on vision-language

models (VLMs) to examine how to curate benchmarks that more reliably evaluate their emergent capabilities

beyond standard recognition accuracy, and how to further improve these models through the design of more

effective training data (Section 1.2). Collectively, the core thesis is supported by four in-depth studies

that address challenges spanning both the model and data aspects in today’s large-scale AI development,

encompassing modalities across natural language processing and computer vision, as overviewed below.

1.1 Effective model deployment and adaptation with large language models

1.1.1 Compute-efficient model deployment

Deploying large models is challenging for practical applications due to computation limitations, most notably

with today’s large language models (LLM) reaching over 100B parameters [Chowdhery et al., 2022; Brown

et al., 2020]. Thus, practitioners instead train small, deployable models through standard approaches such as

finetuning or distillation. However, standard approaches require large amounts of training data to achieve

comparable performance to the large models. In Chapter 2, we tackle this trade-off between model size

and number of training data by proposing Distilling step-by-step [Hsieh et al., 2023b], a mechanism that

trains smaller models that outperform larger ones, and achieves so by leveraging less training data needed by

existing approaches. The core idea is to extract rationales from a large teacher model as additional supervision
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for training small models within a multi-task framework. Distilling step-by-step enables a 700× smaller

model trained with only 80% of data on a natural language inference benchmark to outperform a few-shot

prompted 540B LLM.

1.1.2 Cost-effective model adaptation

While large pretrained models display strong general capabilities, there often is a need to adapt these general-

purpose models to downstream tasks for further performance improvements, especially when the tasks

require specific knowledge or skills. However, the sheer size of these models makes further finetuning

computationally inhibiting [Lester et al., 2021]. As a result, retrieval-augmented generation has become one

popular and efficient way in equipping pretrained language models with external knowledge that makes the

models adapt easily to new tasks without expensive finetuning. In Chapter 3, we devise a novel technique

that significantly enhances LLMs’ capability in understanding and making use of long input contexts, which

is core to the success of retrieval-augmented generation [Hsieh et al., 2024a].

1.2 Effective data curation for measuring and improving compositionality in

vision-language models

1.2.1 Reliable data curation for vision-language model evaluation

Compositionality, that “the meaning of the whole is a function of the meanings of its parts”, is held to

be a key characteristic of human intelligence, enabling people to reason, communicate, and plan. For AI

models, compositional understanding allows for more effective combination of known concepts and improved

generalization to novel situations, and it has long been pursued by researchers. Given its importance,

there has been a recent surge of new evaluation benchmarks proposed to evaluate vision-language models’

compositionality. In Chapter 4, however, we reveal that most existing compositionality benchmarks contain

significant dataset biases rendering them unreliable in correctly assessing models’ compositionality. To

remedy this, we introduce a new benchmark through meticulously designed data curation pipeline for vision-

language compositionality evaluation, and provide comprehensive evaluation and insights on this important

direction [Hsieh et al., 2024b].
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1.2.2 Effective data curation for improving vision-language models

Visual understanding is inherently contextual—what we focus on in an image depends on the task at hand. For

instance, given an image of a person holding a bouquet of flowers, we may focus on either the person such as

their clothing, or the type of flowers, depending on the context of interest. Yet, most existing image encoding

paradigms represent an image as a fixed, generic feature vector, overlooking the potential needs of prioritizing

varying visual information for different downstream use cases. In Chapter 5, we introduce a conditional

visual encoding method that produces different representations for the same image based on the context of

interest, expressed flexibly through natural language [Hsieh et al., 2025]. Importantly, we achieve this by

strategically leveraging vision instruction tuning data to contrastively finetune a pretrained vision encoder

to take natural language instructions as additional inputs for producing conditional image representations.

Extensive experiments validate that conditional image representations from our method better pronounce the

visual features of interest compared to generic features produced by standard vision encoders like CLIP. We

show effectiveness of the method on a range of downstream tasks including image-image retrieval, image

classification, and image-text retrieval, with significant gain on the challenging compositional understanding

and fine-grained visual understanding benchmarks.
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Chapter 2

Efficient Language Model Deployment:

Training Smaller Models with Less Data

2.1 Introduction

Despite the impressive few-shot ability offered by large language models (LLMs) [Brown et al., 2020;

Chowdhery et al., 2022; Thoppilan et al., 2022; Hoffmann et al., 2022; Smith et al., 2022b; Zhang et al., 2022],

these models are challenging to deploy in real world applications due to their sheer size. Serving a single 175

billion LLM requires at least 350GB GPU memory using specialized infrastructure [Zheng et al., 2022]. To

make matters worse, today’s state-of-the-art LLMs are composed of over 500B parameters [Chowdhery et al.,

2022], requiring significantly more memory and compute. Such computational requirements are far beyond

affordable for most product teams, especially for applications that require low latency performance.

To circumvent these deployment challenges of large models, practitioners often choose to deploy smaller

specialized models instead. These smaller models are trained using one of two common paradigms: finetuning

or distillation. Finetuning updates a pretrained smaller model (e.g. BERT [Devlin et al., 2018] or T5 [Raffel

et al., 2020]) using downstream human annotated data [Howard and Ruder, 2018]. Distillation trains the

same smaller models with labels generated by a larger LLM [Tang et al., 2019; Wang et al., 2021; Smith

et al., 2022a; Arora et al., 2022]. Unfortunately, these paradigms reduce model size at a cost: to achieve

comparable performance to LLMs, finetuning requires expensive human labels, and distillation requires large
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amounts of unlabeled data which can be hard to obtain [Tang et al., 2019; Liang et al., 2020].

In this chapter, we introduce Distilling step-by-step, a new simple mechanism for training smaller models

with less training data. Our mechanism reduces the amount of training data required for both finetuning

and distillation of LLMs into smaller model sizes. Core to our mechanism is changing our perspective from

viewing LLMs as a source of noisy labels to viewing them as agents that can reason: LLMs can produce

natural language rationales justifying their predicted labels [Wei et al., 2022; Kojima et al., 2022]. For

example, when asked “Jesse’s room is 11 feet long and 15 feet wide. If she already has 16 square feet of

carpet. How much more carpet does she need to cover the whole floor?”, an LLM can be prompted by chain-

of-thought (CoT) technique [Wei et al., 2022] to provide intermediate rationales “Area = length × width.

Jesse’s room has 11× 15 square feet.” that better connects the input to the final answer “(11× 15)− 16”.

These rationales can contain relevant task knowledge, such as “Area = length × width”, that may originally

require many data for small task-specific models to learn. We thus utilize these extracted rationales as

additional, richer information to train small models through a multi-task training setup, with both label

prediction and rationale prediction tasks [Raffel et al., 2020; Narang et al., 2020].

Distilling step-by-step allows us to learn task-specific smaller models that outperform LLMs using

over 500× less model parameters, and it does so with far fewer training examples compared to traditional

finetuning or distillation (Figure 2.1). Our results show three promising empirical conclusions across 4

NLP benchmarks. First, compared to both finetuning and distillation, our resulting models achieve better

performance with over 50% less training examples on average across datasets (and up to over 85% reduction).

Second, our models outperform LLMs with much smaller model sizes (up to 2000× smaller), drastically

reducing the computation cost required for model deployment. Third, we simultaneously reduce the model

size as well as the amount of data required to outperform LLMs. We surpass the performance of 540B

parameter LLMs using a 770M T5 model; this smaller model only uses 80% of a labeled dataset that would

otherwise be required if using an existing finetuning method. When only unlabeled data is present, our small

models still perform on par or better than LLMs. We outperform 540B PaLM’s performance with only a 11B

T5 model. We further show that when a smaller model performs worse than an LLM, Distilling step-by-step

can more efficiently leverage additional unlabeled data to match the LLM performance compared to the

standard distillation approach.
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Figure 2.1: While large language models (LLMs) offer strong zero/few-shot performance, they are challeng-
ing to serve in practice. Traditional ways of training small task-specific models, on the other hand, requires
large amount of training data. We propose Distilling step-by-step, a new paradigm that extracts rationales
from LLMs as informative task knowledge into training small models, which reduces both the deployed
model size as well as the data required for training.

2.2 Related work

Our method distills task-specific knowledge of LLMs into smaller specialist models by leveraging the

emergent reasoning capabilities of today’s LLMs. We draw on knowledge distillation research and methods

that learn from both human-generated rationales and LLM-generated rationales.

Knowledge distillation from large models. Knowledge distillation has been successfully used to transfer

knowledge from larger, more competent teacher models into smaller student models affordable for practical

applications [Buciluǎ et al., 2006; Hinton et al., 2015; Beyer et al., 2022; West et al., 2021; Fu et al., 2023]. It

supports learning from limited labeled data, since the larger teacher model is often used to generate a training

dataset with noisy pseudo labels [Chen et al., 2020; Iliopoulos et al., 2022; Wang et al., 2021; Smith et al.,

2022a; Arora et al., 2022; Agrawal et al., 2022]. The one limitation that knowledge distillation often faces is

its reliance on large amounts of unlabelled data required to create a useful noisy training dataset. Although

prior work has explored using data augmentation techniques to reduce this hunger for data [Tang et al., 2019;

Liang et al., 2020; Srinivas and Fleuret, 2018; Milli et al., 2019], we propose an alternative approach: we

reduce the need for large unlabeled data by distilling not just labels but also the teacher’s rationales.
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Learning with human rationales. While utilizing LLM-generated rationales is a new exciting area of

investigation, using human-generated rationales has a rich history [Hase and Bansal, 2021]. For instance,

human rationales can be used to regularize model behavior [Ross et al., 2017]; it can be used as additional

inputs to guide a model’s predictions [Rajani et al., 2019]; it can be used to improve overall model perfor-

mance [Zaidan et al., 2007; Zhang et al., 2016; Camburu et al., 2018; Hancock et al., 2019; Pruthi et al., 2022];

and human rationales can be used as gold standard labels to make models more interpretable by generating

similar rationales [Wiegreffe et al., 2021; Narang et al., 2020; Eisenstein et al., 2022]. Unfortunately, human

rationales are expensive.

Learning with LLM generated rationales. Today’s LLMs are capable of explaining their predictions by

generating high-quality reasoning steps [Wei et al., 2022; Kojima et al., 2022]. These reasoning steps have

been used to augment input prompts to LLMs, improving their few-shot or zero-shot performance [Wei et al.,

2022; Kojima et al., 2022; Wang et al., 2022d]; reasoning steps have also been used as additional finetuning

data “self-improve” LLMs [Zelikman et al., 2022; Huang et al., 2022]. Unfortunately, regardless of how

LLMs are improved, their large size limits their utility in most test-time applications.

By contrast, we leverage generated rationales as informative supervision to train smaller task-specific mod-

els, i.e. models that can be deployed without incurring large computation or memory costs. Several concurrent

works have also proposed a similar idea to ours – that of using extracted rationales as supervision [Wang et al.,

2022b; Ho et al., 2022; Magister et al., 2022; Li et al., 2023e]. Amongst them, PINTO [Wang et al., 2022b]

relies on an LLM to generate rationales at test-time, and thus does not fully solve deployment challenges.

Compared with Ho et al. [2022] and Magister et al. [2022], we go beyond their experiments to provide a

granular study by varying training dataset size, exploring downstream model sizes, and demonstrating the

effectiveness of our method on fully unlabeled datasets.

2.3 Distilling step-by-step

We propose a new paradigm, Distilling step-by-step, that leverages the ability of LLMs to reason about their

predictions to train smaller models in a data-efficient way. Our overall framework is illustrated in Figure 2.2.

Our paradigm has two simple steps: First, given an LLM and an unlabeled dataset, we prompt the LLM to
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Figure 2.2: Overview on Distilling step-by-step. We first utilize CoT prompting to extract rationales from
an LLM (Section 2.3.1). We then use the generated rationales to train small task-specific models within a
multi-task learning framework where we prepend task prefixes to the input examples and train the model to
output differently based on the given task prefix (Section 2.3.2).

generate output labels along with rationales to justify the labels. Rationales are natural language explanations

that provide support for the model’s predicted label (see Figure 2.2). Second, we leverage these rationales in

addition to the task labels to train smaller downstream models. Intuitively, rationales provide richer, more

detailed information about why an input is mapped to a specific output label, and often contain relevant task

knowledge that may be hard to infer solely from the original inputs.

2.3.1 Extracting rationales from LLMs

Recent studies observe one intriguing emerging property of LLMs: their ability to generate rationales that

support their predictions [Wei et al., 2022; Kojima et al., 2022]. While the studies have largely focused on

how to elicit such reasoning capability from LLMs [Nye et al., 2021; Wei et al., 2022; Kojima et al., 2022],

we use them in training smaller downstream models.

Specifically, we utilize Chain-of-Thought (CoT) prompting [Wei et al., 2022] to elicit and extract

rationales from LLMs. As illustrated in Figure 2.3, given an unlabeled dataset xi ∈ D, we first curate a

prompt template p that articulates how the task should be solved. Each prompt is a triplet (xp, rp, yp), where

xp is an example input, yp is its corresponding label and rp is a user-provided rationale that explains why xp

can be categorized as yp. We append each input xi to p and use it as an input to prompt the LLM to generate
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Figure 2.3: We use few-shot CoT prompting that contains both an example rationale (highlighted in green)
and a label (highlighted in blue) to elicit rationales from an LLM on new input examples.

rationales and labels for each xi ∈ D. With the demonstrations seen in p, the LLM is able to mimic the triplet

demonstration to generate the rationale r̂i and output ŷi for xi.

2.3.2 Training smaller models with rationales

We first describe the current framework for learning task-specific models. With this framework in place,

we extend it to incorporate rationales into the training process. Formally, we denote a dataset as D =

{(xi, yi)}Ni=1 where each xi represents an input and yi is the corresponding desired output label. While our

framework supports inputs and outputs of any modality, our experiments limits x and y to be natural language.

This text-to-text framework [Raffel et al., 2020] encompasses a variety of NLP tasks: classification, natural

language inference, question answering and more.

Standard finetuning and task distillation. The most common practice to train a task-specific model is

to finetune a pretrained model with supervised data [Howard and Ruder, 2018]. In the absence of human-

annotated labels, task-specific distillation [Hinton et al., 2015; Tang et al., 2019] uses LLM teachers to

generates pseudo noisy training labels, ŷi in place of yi [Wang et al., 2021; Smith et al., 2022a; Arora et al.,

2022].
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For both scenarios, the smaller model f is trained to minimize the label prediction loss:

Llabel =
1

N

N∑
i=1

ℓ(f(xi), ŷi), (2.1)

where ℓ is the cross-entropy loss between the predicted and target tokens. Note that for ease of exposition,

we overload ŷi in Eq. 2.1 to be either human-annotated labels yi for the standard finetuning case, or LLM-

predicted labels ŷi for the model distillation case.

Multi-task learning with rationales. To create a more explicit connection between xi’s to ŷi’s, we use

extracted rationales r̂i as additional supervision. There are several ways to incorporate rationales into the

downstream model’s training process. One straightforward approach is feed r̂i as an additional input—as

proposed by other concurrent research [Rajani et al., 2019; Wang et al., 2022b]. In other words, the

f(xi, r̂i) → ŷi is trained with both text and rationale [x, r] as inputs:

L =
1

N

N∑
i=1

ℓ(f(xi, r̂i), ŷi). (2.2)

Unfortunately, this design requires an LLM to first generate a rationale before the f can make a prediction.

The LLM is still necessary during deployment, limited its deployability.

In Distilling step-by-step, instead of using rationales as additional model inputs, we frame learning with

rationales as a multi-task problem. Specifically, we train the model f(xi) → (ŷi, r̂i) to not only predict the

task labels but also generate the corresponding rationales given the text inputs:

L = Llabel + λLrationale, (2.3)

where Llabel is the label prediction loss in Eq. 2.1 and Lrationale is the rationale generation loss:

Lrationale =
1

N

N∑
i=1

ℓ(f(xi), r̂i). (2.4)

The rationale generation loss enables the model to learn to generate the intermediate reasoning steps for the

prediction, and could therefore guide the model in better predicting the resultant label. This is our proposed
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Distilling step-by-step. Compared with Eq. 2.2, the rationale r̂i is not required in the test time, which removes

the need for an LLM at test-time.

We prepend “task prefixes” ([label], [rationale]) to the input examples and train the smaller

model to output ŷi when [label] is provided and to produce r̂i with [rationale] [Raffel et al., 2020].

2.4 Experiments

We empirically validate the effectiveness of Distilling step-by-step. First, we show that when compared to

standard finetuning and task distillation approaches, Distilling step-by-step achieves better performance with

much fewer number of training examples, substantially improving the data efficiency to learn small task-

specific models (Sec. 2.4.1). Second, we show that Distilling step-by-step surpasses the performance of LLMs

with much smaller model size, drastically lowering the deployment cost compared to LLMs (Sec. 2.4.2).

Third, we investigate the minimum resources required, w.r.t. both number of training examples and model

size, for Distilling step-by-step to outperform LLMs. We show that Distilling step-by-step outperforms LLMs

by using less data and smaller model, simultaneously improving both data- and deployability-efficiency

(Sec. 2.4.3). Finally, we perform ablation studies to understand the influence of different components and

design choices in the Distilling step-by-step framework (Sec. 2.4.4).

Setup. In the experiments, we consider the 540B PaLM model [Chowdhery et al., 2022] as the LLM. For

task-specific downstream models, we use T5 models [Raffel et al., 2020] where we initialize the models

with pretrained weights obtained from publicly available sources1. For CoT prompting, we follow Wei et al.

[2022] when available, and curate our own examples for new datasets. We include more implementation

details in Appendix A.

Datasets. We conduct the experiments on 4 popular benchmark datasets across 3 different NLP tasks:

e-SNLI [Camburu et al., 2018] and ANLI [Nie et al., 2020] for natural language inference; CQA [Talmor et al.,

2019; Rajani et al., 2019] for commonsense question answering; SVAMP [Patel et al., 2021] for arithmetic

math word problems. We include more dataset details in Appendix A.1.2.

1https://huggingface.co/
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Figure 2.4: We compare Distilling step-by-step and Standard finetuning using 220M T5 models on varying
sizes of human-labeled datasets. On all datasets, Distilling step-by-step is able to outperform Standard
finetuning, trained on the full dataset, by using much less training examples (e.g., 12.5% of the full e-SNLI
dataset).

Figure 2.5: Similar to the plots above, we compare Distilling step-by-step and Standard task distillation
using 220M T5 models on varying sizes of unlabeled datasets. Distilling step-by-step is able to outperform
Standard task distillation by using only a small subset of the full unlabeled dataset (e.g., 12.5% on ANLI
dataset).

2.4.1 Reducing training data

We compare Distilling step-by-step to two most common methods in learning task-specific models: (1) STAN-

DARD FINETUNING when human-labeled examples are available, and (2) STANDARD TASK DISTILLATION

when only unlabeled examples are available. Specifically, standard finetuning refers to the prevailing pretrain-

then-finetune paradigm that finetunes a model with ground-truth labels via standard label supervision [Howard

and Ruder, 2018]. On the other hand, when only unlabeled examples are available, standard task distillation

learns the task-specific model by treating a teacher LLM’s predicted labels as ground-truths [Hinton et al.,

2015; Chen et al., 2020; Wang et al., 2021; Smith et al., 2022a; Arora et al., 2022].

In the following set of experiments, we fix the task-specific models to be 220M T5-Base models, and
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compare the task performances achieved by different methods under varying number of available training

examples.

Distilling step-by-step outperforms standard finetuning with much less labeled examples. When

finetuned with human-labeled examples, Figure 2.4 shows that Distilling step-by-step consistently achieves

better performance than standard finetuning across varying numbers of labeled examples used. Furthermore,

we see that Distilling step-by-step can achieve the same performance as standard finetuning with much less

labeled examples. In particular, by using only 12.5% of the full e-SNLI dataset, Distilling step-by-step can

outperform standard finetuning trained with 100% of the full dataset. Similarly, we achieve 75%, 25%, and

20% reduction in training examples required to outperform standard finetuning on ANLI, CQA, and SVAMP

respectively.

Distilling step-by-step outperforms standard distillation with much less unlabeled examples. When

only unlabeled data is available, we compare Distilling step-by-step to standard task distillation. In Figure 2.5,

we observe an overall similar trend to the finetuning setup. Specifically, we see that Distilling step-by-step

outperforms standard task distillation on all 4 datasets under different numbers of unlabeled data used. We as

well see that Distilling step-by-step requires much less unlabeled data to outperform standard task distillation.

For instance, we need only 12.5% of the full unlabeled dataset to outperform the performance achieved by

standard task distillation using 100% of the training examples on e-SNLI dataset.

2.4.2 Reducing model size

In the following set of experiments, we hold the training set size fixed (using 100% of the datasets), and

compare varying sizes of small T5 models trained with Distilling step-by-step and standard approaches

to LLMs. Specifically, we consider 3 different sizes of T5 models, i.e., 220M T5-Base, 770M T5-Large,

and 11B T5-XXL. For LLMs, we include two baseline methods: (1) FEW-SHOT COT [Wei et al., 2022],

and (2) PINTO TUNING [Wang et al., 2022b]. Few-shot CoT directly utilizes CoT demonstrations to

prompt the 540B PaLM to generate intermediate steps before predicting the final labels without any further

finetuning of the LLM. PINTO tuning refers to our extension of Wang et al. [2022b] to handle tasks beyond

question-answering, which are not studied by Wang et al. [2022b]. Here, we finetune a 220M T5-Base model
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Figure 2.6: We perform Distilling step-by-step and Standard finetuning, using the full human-labeled datasets,
on varying sizes of T5 models and compare their performance to LLM baselines, i.e., Few-shot CoT and
PINTO Tuning. Distilling step-by-step is able to outperform LLM baselines by using much smaller models,
e.g., over 700× smaller model on ANLI. Standard finetuning fails to match LLM’s performance using the
same model size.

Figure 2.7: Using unlabeled datasets, we perform Distilling step-by-step and Standard task distillation on
varying sizes of T5 models and compare them to Few-shot CoT. Distilling step-by-step outperforms Few-shot
CoT by using 2000× smaller models on e-SNLI and 45× smaller models on ANLI and CQA. On SVAMP,
by adding unlabeled examples from ASDiv, we close the gap to Few-shot CoT whereas Standard distillation
still struggles to catch up.

on top of the outputs generated from the PaLM model, which can be viewed as a finetuning method for LLMs

with additional parameters [Zhang et al., 2020; Lester et al., 2021].

We present the experimental results under the two broad scenarios of having access to labeled datasets or

unlabeled datasets in Figure 2.6 and Figure 2.7, respectively. We plot each method by their deployed model

sizes for prediction (x-axis), and their corresponding task performances (y-axis).
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Distilling step-by-step improves over standard baselines across varying model sizes used. In Figure 2.6

and Figure 2.7 respectively, we see that Distilling step-by-step consistently improves over standard finetuning

and standard distillation across all sizes of T5 models. The improvements are most pronounced on ANLI,

where Distilling step-by-step outperforms standard finetuning and distillation by an average of 8% and 13%

on task accuracy respectively.

Distilling step-by-step outperforms LLMs by using much smaller task-specific models. In Figure 2.6

when human-labeled datasets are available, Distilling step-by-step can always outperform Few-shot CoT and

PINTO tuning on all 4 datasets considered, by using much smaller T5 models. For instance, we can achieve

better performances than 540B PaLM model’s Few-shot CoT with 220M (over 2000× smaller) T5 model on

e-SNLI, 770M (over 700× smaller) T5 models on ANLI and SVAMP, and 11B (over 45× smaller) T5 model

on CQA. These results hold true even by further finetuning the 540B PaLM model on available labeled data

with PINTO tuning2.

In Figure 2.7, by only utilizing unlabeled examples, Distilling step-by-step also outperforms the teacher

LLM on 3 out of 4 datasets. Specifically, Distilling step-by-step surpasses the 540B PaLM model’s Few-shot

CoT performance by using 11B T5 with less than 3% of PaLM’s size. On SVAMP where the distilled model

underperforms, we hypothesize that the performance gap is due to the relatively small number of data points

in the dataset (i.e., 800). In reaction, we propose to augment the dataset with additional unlabeled examples

to close the performance gap as shown in next.

Unlabeled data augmentation further improves Distilling step-by-step. We augment the SVAMP

training set with unlabeled examples from the ASDiv dataset [Miao et al., 2020]. ASDiv dataset contains

a total of 2, 305 examples, where each example is a math word problem similar to the ones in SVAMP. In

Figure 2.7 on SVAMP, we show the performances of Distilling step-by-step and standard task distillation

using 11B T5 model after augmenting the training set with ASDiv. We see the data augmentation much

improves the performance for both Distilling step-by-step and standard task distillation. However, even with

the added unlabeled examples, standard task distillation still underperforms Few-shot CoT. On the other hand,

2We note that PETuning methods may outperform PINTO tuning. However, they require massive resource in both training and
deployment, which is not our focus in this chapter.
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Distilling step-by-step is able to much more efficiently exploit the value of the added examples to achieve the

same performance level of Few-shot CoT, again, using a T5 model of size less than 3% of the 540B PaLM.

2.4.3 Outperforming LLMs using minimum model size and least training data

Here, using the LLM’s performance as an anchor point, we explore the most efficient resource requirements in

terms of both number of training examples and deployed model size, that Distilling step-by-step and standard

finetuning/distillation need to outperform the LLM. We present the results, again under human-labeled setting

and unlabeled setting, in Figure 2.8 and Figure 2.9 respectively. We visualize the results by plotting different

resultant models by (1) the number of training examples used (x-axis), (2) the final task performance achieved

(y-axis), and (3) the size of the model (visualized by the size of the shaded area).

Distilling step-by-step outperforms LLMs with much smaller models by using less data. On all datasets

in Figure 2.8, we see that Distilling step-by-step outperforms PaLM’s Few-shot CoT with much smaller T5

models using only a subset of the available training examples. Specifically, on e-SNLI, Distilling step-by-step

can achieve better performance than Few-shot CoT with a model over 2000× smaller (220M T5) and only

0.1% of the full dataset. In Figure 2.9 where only unlabeled datasets are available, we observe the same trend

that Distilling step-by-step can, at most time, outperform Few-shot CoT with smaller model as well as less

data. For instance, on ANLI, Distilling step-by-step outperforms the LLM with a 45× smaller model and

50% of the full unlabeled set.

Standard finetuning and distillation require more data and larger model. Finally, in Figure 2.8 and

Figure 2.9, we see that standard finetuning and distillation often need either more data or larger models to

match LLM’s performance. For instance, on e-SNLI in Figure 2.8, we observe that Distilling step-by-step

outperform the LLM using only 0.1% of the dataset while standard finetuning requires more data to match

the performance. Furthermore, on ANLI in Figure 2.8, we observe that Distilling step-by-step can outperform

PaLM using 770M model with only 80% of the training set while standard finetuning struggles to match the

LLM even using the full dataset and thus requires larger model to close the performance gap.
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Figure 2.8: We show the minimum size of T5 models and the least amount of human-labeled examples
required for Distilling step-by-step to outperform LLM’s Few-shot CoT by a coarse-grained search. Distilling
step-by-step is able to outperform Few-shot CoT using not only much smaller models, but it also achieves
so with much less training examples compared to Standard finetuning. On ANLI, we outperform the LLM
CoT with a 770M model using only 80% of the dataset, whereas Standard finetuning struggles to match even
using 100% of the dataset.

Figure 2.9: Similar to Figure 2.8 but using only unlabeled examples, Distilling step-by-step is able to
outperform Few-shot CoT using much smaller models and with much less examples compared to Standard
task distillation. On SVAMP, the x-axis corresponds to the size of ASDiv dataset used for augmenting the
original SVAMP dataset, i.e., x = 0 is without augmentation and x = 100 corresponds to adding the full
ASDiv dataset.

2.4.4 Further ablation studies

So far, we have focused on showing the effectiveness of Distilling step-by-step on reducing the training data

required for finetuning or distilling smaller task-specific models. In this section, we perform further studies

to understand the influence of different components in the Distilling step-by-step framework. Specifically, we

study (1) how different LLMs, from which the rationales are extracted, affect the effectiveness of Distilling

step-by-step, and (2) how the multi-task training approach compares to other potential design choices in

training small task-specific models with LLM rationales. Here, we fix the small task-specific models to be

220M T5 models, and utilize 100% of the data on all datasets.
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Table 2.1: Distilling step-by-step works with different sizes of LLMs. When rationales are extracted from a
20B GPT-NeoX model, Distilling step-by-step is still able to provide performance lift compared to standard
finetuning on 220M T5 models.

Dataset

Method LLM e-SNLI ANLI CQA SVAMP

STANDARD FINETUNING N/A 88.38 43.58 62.19 62.63
DISTILLING STEP-BY-STEP 20B 89.12 48.15 63.25 63.00
DISTILLING STEP-BY-STEP 540B 89.51 49.58 63.29 65.50

Distilling step-by-step works with different sizes of decently trained LLMs. In addition to using 540B

PaLM as the LLM, here we consider a relatively smaller LLM, 20B GPT-NeoX model [Black et al., 2022],

from which we extract rationales for Distilling step-by-step. In Table 2.1, we see that when coupled with

LLMs of different sizes, Distilling step-by-step can still provide performance improvements compared to

standard finetuning. However, the performance lift is smaller when rationales are extracted from the 20B

GPT-NeoX model instead of from the 540B PaLM. This can be due to the fact that the larger PaLM model

provides higher-quality rationales that are more beneficial for learning the task.

Multi-task training is much more effective than single-task rationale and label joint prediction. There

are different possible ways to train task-specific models with LLM-rationales as output supervisions. One

straightforward approach is to concatenate the rationale r̂i and label ŷi into a single sequence [r̂i, ŷi] and treat

the entire sequence as the target output in training small models, as considered in [Magister et al., 2022; Ho

et al., 2022]:

Lsingle =
1

N

N∑
i=1

ℓ(f(xi), [r̂i, ŷi]). (2.5)

In Table 2.2, we compare this single-task training approach to our proposed multi-task training approach for

utilizing LLM-rationales. We see that not only multi-task training consistently leads to better performance,

single-task training with LLM-rationales can at times leads to worse performance than standard finetuning,

e.g., on ANLI and CQA. In fact, similar results have also been observed in [Wiegreffe et al., 2021; Magister

et al., 2022; Ho et al., 2022] that simply treating rationale and label predictions as a single joint task may

harm the model’s performance on label prediction. This validates our use of the multi-task training approach,
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Table 2.2: Our proposed multi-task training framework consistently leads to better performances than treating
rationale and label predictions as a single task. Single-task training can at times lead to worse performance
than standard finetuning.

Dataset

Method e-SNLI ANLI CQA SVAMP

STANDARD FINETUNING 88.38 43.58 62.19 62.63
SINGLE-TASK TRAINING 88.88 43.50 61.37 63.00
MULTI-TASK TRAINING 89.51 49.58 63.29 65.50

and highlights the need to treat the rationales carefully so as to unleash their actual benefits.

2.5 Discussion

We propose Distilling step-by-step to extract rationales from LLMs as informative supervision in training

small task-specific models. We show that Distilling step-by-step reduces the training dataset required to

curate task-specific smaller models; it also reduces the model size required to achieve, and even surpass, the

original LLM’s performance. Distilling step-by-step proposes a resource-efficient training-to-deployment

paradigm compared to existing methods. Further studies demonstrate the generalizability and the design

choices made in Distilling step-by-step. Finally, we discuss the limitations, future directions and ethics

statement of this chapter below.

2.6 Limitations

There are a number of limitations with our approach. First, we require users to produce a few example

demonstrations (∼ 10-shot for all tasks) in order to use the few-shot CoT [Wei et al., 2022] prompting

mechanism. This limitation can be improved by using recent advances that suggest that rationales can be

elicited without any user-annotated demonstrations [Kojima et al., 2022]. Second, training task-specific

models with rationales incur slight training-time computation overhead. However, at test time, our multi-task

design naturally avoids the computation overhead since it allows one to only predict labels without generating

the rationales. Finally, while we observe success using LLM rationales, there is evidence that LLMs exhibit

limited reasoning capability on more complex reasoning and planning tasks [Valmeekam et al., 2022]. Future
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work should characterize how rationale quality affects Distilling step-by-step.

2.7 Ethics statement

It is worth noting that the behavior of the our downstream smaller models is subject to biases inherited from

the larger teacher LLM. We envision that the same research progress in reducing anti-social behaviors in

LLMs can also be applied to improve smaller language models.
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Chapter 3

Effective Language Model Adaptation:

Calibrating Positional Attention Bias

Improves Long Context Utilization

3.1 Introduction

Effective prompting of large language models (LLMs) [Brown et al., 2020; Anil et al., 2023; Touvron et al.,

2023] has enabled a variety of user-facing applications, including conversational interfaces (chatbots) [Thop-

pilan et al., 2022], search and summarization [Min et al., 2024], open-domain question answering [Izacard and

Grave, 2021], tool usage [Hsieh et al., 2023a], fact checking [Asai et al., 2023], and collaborative writing [Lee

et al., 2019]. Some of these applications, such as search and summarization [Ji et al., 2023; Min et al., 2023;

Asai et al., 2023], require the ability to retrieve information from external knowledge sources. As a result,

retrieval-augmented generation (RAG) has become a powerful solution. RAG fetches relevant documents

(e.g. structured tables [Wang et al., 2024b] and API documentation [Karpukhin et al., 2020]) from external

knowledge sources and makes them available in the LLMs’ input prompt [Khandelwal et al., 2020; Borgeaud

et al., 2022; Izacard et al., 2022b; Xu et al., 2023b]. Despite the widespread utility of RAG [Li et al., 2023a;

Xiong et al., 2023; OpenAI, 2022; Gemini Team, 2023], recent experiments highlight a striking deficiency:

LLMs struggle to locate relevant documents when they are placed in the middle of their input prompts [Liu
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et al., 2023b; Li et al., 2023a]. They call this the lost-in-the-middle phenomenon.

To overcome this phenomenon, a few mechanistic strategies have been proposed [Jiang et al., 2023;

Peysakhovich and Lerer, 2023]. These methods re-rank the relevance of different documents and re-order

the most relevant ones to either the beginning or end of the input context. Unfortunately, re-ranking usually

requires additional supervision or dedicated finetuning for performant RAG performance [Karpukhin et al.,

2020; Shi et al., 2023c; Sun et al., 2023b]. Worse, re-ranking methods do not fundamentally improve LLMs’

ability to utilize and capture relevant information from the provided input contexts. The underlying causes of

this behavior remains unclear, even though it has been observed across multiple decoder-only LLMs [Touvron

et al., 2023; Li et al., 2023a; OpenAI, 2022].

In this chapter, we make three contributions: First, we set out to understand the potential factors leading

to the lost-in-the-middle problem. We establish a connection between lost-in-the-middle to LLMs’

intrinsic attention bias (see Figure 3.1). Specifically, we find that models often demonstrate a U-shaped

attention distributions, with higher attention values assigned to the beginning and end of the input prompt.

This correlates well with the U-shaped RAG performance observed in prior literature [Liu et al., 2023b].

Interestingly, this focus on the beginning and end also extends to content utilization: models preferentially

use information from the beginning and end of their prompts [Ravaut et al., 2023; Peysakhovich and Lerer,

2023]. This leads us to hypothesize that the positional attention bias may contribute to the phenomenon,

wherein the bias could lead to over-reliance on content at the beginning/end of the input, regardless of its true

relevance.

Second, we verify our hypothesis by intervening on this attention bias to determine its impact on

performance. We propose a mechanism to disentangle positional bias from model’s attention. We first

esitmate this bias through measuring the change in attention as we vary the relative position of a fixed context

in the LLM’s prompt. By quantifying and then removing this bias from the attention scores for a given

query, we can obtain the calibrated attention scores across the retrieved documents. This calibrated attention

proves to be better correlated to the ground truth relevance of the document to a user query. In open-domain

question answering tasks [Kwiatkowski et al., 2019], our proposed calibrated attention outperforms popular

existing approaches for ranking the relevance of retrieved documents (up to 48 Recall@3 points). This finding

challenges the recent belief that LLMs struggle to capture relevant context embedded in the middle of inputs,
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Figure 3.1: (a) Lost-in-the-middle refers to models’ U-shape RAG performance as the relevant context’s (e.g.,
a gold document containing the answer to a query) position varies within the input; (b) We observe models
exhibit U-shape attention weights favoring leading and ending contexts, regardless of their actual contents;
(c) Models do attend to relevant contexts even when placed in the middle, but are eventually distracted by
leading/ending contexts; (d) We propose a calibration mechanism, found-in-the-middle, that disentangles the
effect of U-shape attention bias and allows models to attend to relevant context regardless their positions.

suggesting they may indeed be capable of doing so, but are only hindered by the overwhelming positional

bias.

Third, we operationalize our calibration mechanism as a solution for this phenomenon, naming our

attention intervention found-in-the-middle. We show that calibrating the attention leads to improvements

across two popular LLMs with different context window lengths on two RAG tasks. Our experiments

demonstrate improvements over standard model generation by up to 15 percentage point on NaturalQuestion

dataset [Kwiatkowski et al., 2019]. We hope our findings in this chapter opens up future directions in

understanding LLM’s attention biases and their effect on downstream tasks.

3.2 Positional attention bias overpowers mid-sequence context

Recent work has produced language models capable of handling increasingly long input contexts [Xiong

et al., 2023; Li et al., 2023a]. However, many of these models struggle to locate relevant information placed

in the middle of the input sequence [Liu et al., 2023b], a phenomenon known as the “lost-in-the-middle”
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problem. While this problem is widely recognized, the potential factors contributing to this behavior remain

poorly understood. In this chapter, we seek to deepen our understanding of the problem through a suite of

exploratory qualitative and quantitative studies.

Setup. We adhere to the original experimental setup outlined in Liu et al. [2023b], utilizing an open-domain

question answering task [Kwiatkowski et al., 2019] for our exploratory study. In the lost-in-the-middle

setup [Liu et al., 2023b], a model is tasked to answer a user query xq using a set of k related documents

retrieved from an external data source D = {xgold, xdistract1 , . . . , xdistractk−1 }, where only the gold document

xgold contains the correct answer. The question and documents are typically serialized as an input sequence

xprompt = [xq, xdoc1 , ..., xdock , xq], prompting a language model to generate the final answer1. Observations

indicate that model performance significantly decreases when xgold is placed within the middle of the input

prompt (i.e., xdoc⌊k/2⌋), compared to scenarios where xgold is placed at the beginning or end. Here, we reproduce

lost-in-the-middle phenomenon with a Vicuna-7b-v1.5-16k (Vicuna) model [Li et al., 2023a] to gain

deeper insights into the characteristics of the model’s errors. We focus our error analysis on the setting where

we have a total of 20 documents (K = 20). We specifically look at the examples where the model makes

incorrect predictions when the gold document is placed at the middle (10-th) position.

3.2.1 U-shaped attention bias

We first examine responses generated when gold documents are placed in the middle of input prompts.

Qualitatively, the model’s response exhibits a strong bias towards the document at the first position, regardless

of the gold document’s location (Figure 3.2). This bias persists whether the input documents retain their

original order or are randomly shuffled.

The strong correlation between the model’s output and the first document could suggest that they are

highly relevant, distracting the model [Shi et al., 2023a]. However, quantitatively, the model’s response

strongly depends on the document at the first position (Figure 3.3). This dependence persists even after

randomly shuffling the document order, irrespective of its relevance to the query. We measure the dependence

by computing the TF-IDF similarity between the response and each document (gold document originally at

1We repeat the question before and after the documents so that the model can better attend to relevant contexts [Liu et al., 2023b;
Xu et al., 2023c].

48



Write a high-quality answer for the given 
question using only the provided search results 
(some of which might be irrelevant).

Question: what is mercy mercy me by marvin 
gaye about

Search results:
Document [1] ...The follow-up single, "Mercy 
Mercy Me (The Ecology)", peaked at 
number-four on the Hot 100...
Document [10] Mercy Mercy Me (The Ecology)... 
became regarded as one of popular music's 
most poignant anthems of sorrow regarding the 
environment
Document [20]...

Question: what is mercy mercy me by marvin 
gaye about
Answer: The song was written solely by Gaye 
and became one of popular music's most 
poignant anthems of sorrow regarding the 
environment

Write a high-quality answer for the given 
question using only the provided search results 
(some of which might be irrelevant).

Question: what is mercy mercy me by marvin 
gaye about

Search results:
Document [1] ...The follow-up single, "Mercy 
Mercy Me (The Ecology)", peaked at 
number-four on the Hot 100...
Document [10] Mercy Mercy Me (The Ecology)... 
became regarded as one of popular music's 
most poignant anthems of sorrow regarding the 
environment
Document [20]...

Question: what is mercy mercy me by marvin 
gaye about
Answer: …The song was released as the 
follow-up single to the album's title track and 
peaked at number-four on the Hot 100…

Original Prompt / Model’s Response

Write a high-quality answer for the given 
question using only the provided search results 
(some of which might be irrelevant).

Question: what is mercy mercy me by marvin 
gaye about

Search results:
Document [1] …The album became Gaye's first 
million-selling album launching two more top 
ten singles
Document [13] Mercy Mercy Me (The Ecology)... 
became regarded as one of popular music's 
most poignant anthems of sorrow regarding the 
environment
Document [20]...

Question: what is mercy mercy me by marvin 
gaye about
Answer: …The song was released as a single in 
August 1971 and became Gaye's first 
million-selling single…

Shuffled Prompt / Model’s Response Original Prompt / Our Model’s Response

Figure 3.2: Left and Middle: Qualitatively, the model’s response exhibits a strong bias towards the
document at the first position (red). This persists whether the input documents retain their original order
(left: gold document at the 10th position) or are randomly shuffled (middle: gold document at the 13th
position). Model responses are shown in green, with the gold answer highlighted in yellow. Right: Our
attention calibration method enables the model to find relevant context even when placed in the middle.

position 10).

To investigate the potential origins of positional bias, we visualize the model’s self-attention weights,

as the weights has been shown to correlate with models’ generations, although not necessarily causal

[Dong et al., 2021; Zhang et al., 2023]. More formally, given an input prompt consisting of K documents

xprompt = [xdoc1 , ..., xdocK ], where each document xdock = {xdock,i }
Nk
i=1 contains Nk tokens, let Attn : X ×

N → R denote a function that computes the average attention weights assigned to document xdock as

Attn(xprompt, k) =
∑Nk

i=1 attn(x
doc
k,i )/Nk, where attn(xdock,i ) is the attention weight value allocated to token

xdock,i when predicting the next |xprompt|+ 1 token.

Specifically, we visualize the self-attention weights assigned to each document, averaged across all its

tokens, all decoder layers, and heads. We investigate how these weights vary based on document position

within the input prompt. Interestingly, Figure 3.4 (blue curve) reveals a U-shaped attention pattern. Documents

near the beginning and end of the input receive higher weights, while those in the middle receive lower

weights. Crucially, the U-shaped pattern persists even after randomly shuffling document order (Figure 3.4,

orange curve), suggesting that this bias does not depend on the documents’ actual content.
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Figure 3.3: Quantitatively, the model’s response strongly depends on the document at the first position.
This dependence persists even after randomly shuffling the document order, irrespective of its relevance to
the query. We measure this dependence by computing the TF-IDF similarity score between the response and
each document (gold document originally at position 10).

3.2.2 Does attention favor relevant context?

Observation 1: Model prioritizes relevant contexts from the same position. In Figure 3.4, we observe a

significant difference in attention values at xdoc10 when comparing examples with original document order

(blue) and randomly shuffled order (orange). Specifically, the attention value is notably higher when when

xdoc10 is controlled to be xgold. This contrasts with instances where xdoc10 is uncontrolled, suggesting that apart

from U-shaped positional bias, the model exhibits an ability to prioritize relevant context.

Observation 2: Model prioritizes highly-weighted documents for generation. Based on these observa-

tions, we hypothesize that positional attention bias significantly influence the model’s tendency to rely heavily

on the first documents during output generation. Specifically, the models are more likely to incorporate

the document receiving the highest attention (often the first) into its output. To validate this, for each of

the examples of interest (where the model makes incorrect predictions), we divide their documents into

first half receiving higher model attention and second half receiving lower attention. We then count the

number of examples in which the first or second half contains the document that is most likely used in the

model’s generation (i.e., having the highest TF-IDF score with model’s response). In Table 3.1, we show that

documents receiving higher attention positively correlates with them being used in the model’s generation.

From the above studies, we see that not only the model exhibits a U-shape positional attention bias, but this
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Figure 3.4: Average attention weights reveal a U-shaped positional bias in the model. Documents at the
beginning and end receive greater attention, regardless of order (gold document originally at position 10).
Attention is averaged across different decoder layers and attention heads.

Table 3.1: Number of examples where the most likely used document in the model’s generation falls within
the first half of documents receiving higher model attention or second half receiving lower attention. We see
that there is a strong correlation where documents receiving higher attention are more likely to be used in
model’s response.

Most Likely Used

# of examples %

Highest Half Attention 526 74%
Lowest Half Attention 186 26%

bias also correlates strongly with the model’s biased tendency in using documents placed at certain positions

in forming its response. We thus conjecture that lost-in-the-middle happens because of the dominating force

of positional bias.

3.3 Found-in-the-middle: modeling and isolating positional attention bias

Ideally, a model should leverage contexts in the input prompts—faithfully according to their relevance—for

generating the response, instead of biasing towards contexts placed at certain positions within the input.

Towards this goal, we are interested in modeling the positional attention bias and mitigating it such that

model attention can reflect the true relevance of the input context and ultimately improve models’ effective

utilization of the full context window.
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3.3.1 Two main factors in model attention

In Sec. 3.2, we find that there are two main forces driving the model attention assigned to different documents

of an input prompt: (a) where the document locates within the entire input, and (b) the relevance of the

document.

Our hypothesis. We thus consider modeling the observable attention weights allocated to the k-th document

of an input xprompt as:

Attn(xprompt, k) = f(rel(xdock ),bias(k)), (3.1)

where rel(·) measures the relevance of an input document, bias(·) characterizes the positional attention bias,

and f(·) is some unknown monotonically increasing function w.r.t. to both rel(xdock ) and bias(k). For ease

of exposition, in the remainder of the paper, we overload Attn(xdoc, k) to denote the attention value assigned

to document xdock placed at the k-th position within an input prompt containing K documents.

Corroborating our assumed model. Here, we conduct a suite of controlled experiments using NaturalQues-

tion with K = 20 and a Vicuna-7b-v1.5-16k model to corroborate our assumed model. Specifically,

for Eq. 3.1 to hold, it implies that:

Condition 1: When the relevance term is fixed, model attention increases as positional bias increases.

That is, given two documents xdoc1 and xdoc2: if Attn(xdoc1, k) > Attn(xdoc1, l), then Attn(xdoc2, k) >

Attn(xdoc2, l).

Condition 2: Similarly, when the document position k is fixed, model attention increases as the relevance of

the document increase: if Attn(xdoc1, k) > Attn(xdoc2, k), then Attn(xdoc1, l) > Attn(xdoc2, l).

We validate Condition 1 and 2 on 100 randomly sampled examples from NaturalQuestion dataset, each

with K = 20 documents. For validating Condition 1, given a pair of documents (xdoc1, xdoc2) and positions

(k, l), we can compute whether the relationship holds across all possible pairs. We can similarly test for

Condition 2. In Table 3.2, we see that the percentage of valid example pairs are decently high, 83% and 72%

respectively, for both conditions, providing supports to our hypothesis.

Recall that our goal is to disentangle positional attention bias from model attention such that the model

can faithfully attend to relevant contexts, independent from their positions. So far, while we have established
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Table 3.2: High correlations between model attention with document relevance and positional bias supports
our hypothesized model.

Hypothesis test rel(xdoc) bias(k) % of valid pairs

Condition 1 Fixed Varying 83%
Condition 2 Varying Fixed 72%

the monotonic increasing nature of f in Eq. 3.1, we have yet characterize the actual form of f to remove the

positional bias term from model attention.

To approximate f , we consider simple linear models by following machine learning principles (a.k.a.

Occam’s razor), for robust estimation:

Attn(xdoc, k) = rel(xdoc) + bias(k) + ϵ, (3.2)

where ϵ is a noise.

To test how the model captures the underlying relationship, we compute Spearman’s rank correla-

tion between Attn(xdoc1, k) − Attn(xdoc2, k) and Attn(xdoc1, l) − Attn(xdoc2, l)) over quadruplets of

(xdoc1, xdoc2, k, l) collected from NaturalQuestion. A high correlation indicates small discrepancy between

Attn(xdoc1, k) − Attn(xdoc2, k) and Attn(xdoc1, l) − Attn(xdoc2, l)). From our study, the linear model

results in decently high correlation, 0.76, suggesting its effectiveness despite the simplicity. We therefore

adopt Eq. 3.2 as our model and leave other alternatives with more degree of freedoms as future work 2.

3.3.2 Disentangling positional attention bias

Most notably, having a simple form of f allows us to isolate the effect of positional bias from model attention.

Specifically, following from Eq. 3.2, we can first obtain a reference model attention value with a dummy

document xdum by:

Attn(xdum, k) = rel(xdum) + bias(k) + ϵ. (3.3)

2In Appendix B.3, we also explore log-linear models, which results in competitive 0.75 rank correlation.
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By subtracting Eq. 3.2 and Eq. 3.3, we can offset the bias term and obtain:

rel(xdoc) (3.4)

= Attn(xdoc, k)−Attn(xdum, k) + rel(xdum)

Consider using a consistent dummy document xdum which has a constant rel(xdum), we are then able to obtain

the true relevance of different documents xdoc, free from the positional bias. We refer to Attn(xdoc, k)−

Attn(xdum, k) as calibrated attention as it removes the baseline attention, and call the overall calibration

mechanism found-in-the-middle.

Calibrated attention finds relevant contexts in the middle. Eq. 3.4 allows us to leverage calibrated

attention to estimate and rank the relevance of different documents within an input prompt. To validate the

effectiveness of our model, we evaluate using calibrated attention to re-rank documents in an input prompt

w.r.t. a given query. We evaluate on NaturalQuestion with the Vicuna model where we focus on the most

challenging setting when the gold document in placed in the middle of the input prompt. We compare our

model to:

• Vanilla attention: Using uncalibrated attention Attn(xprompt, k) to rank the documents.

• Query generation [Sun et al., 2023b]: Using likelihood of the model in generating the query based on

the document.

• Relevance generation [Sun et al., 2023b]: Prompting the model to answer whether a document is

relevant to a query.

In Table 3.3, we compare Recall@3 of different methods where we vary the total number of documents

retrieved. We see that the proposed calibrated attention consistently outperforms vanilla attention by a large

margin, and also shows superior performances when compared to the other two re-ranking metrics. The

results validate that our proposed modeling approach is effective, and that if calibrated appropriately, language

models can locate relevant information even when they are hidden in the middle of the input.
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Table 3.3: Calibrated attention outperforms existing methods in ranking the relevance of retrieved contexts
given a user query. We report Recall@3 on NaturalQuestion when gold documents are placed in the middle
of input context.

Number of total documents

Method K = 10 K = 20

Vanilla attention 0.3638 0.2052
Query generation 0.6851 0.5815
Relevance generation 0.5521 0.4012
Calibrated attention 0.7427 0.6832

3.4 Improving long-context utilization with found-in-the-middle

Having validated that calibrated attention through found-in-the-middle is effective in locating relevant

information within a long input context, we are ultimately interested in leveraging it to tackle lost-in-the-

middle problem and practically improve a model’s RAG performance.

3.4.1 Attention calibration

To allow the model to attend to contexts without being dictated by positional bias, we propose to intervene the

model’s attention based on the proposed calibrated attention. Specifically, given an input xprompt, instead of

allocating rel(xdock ) + bias(k) attention to the k-th document, our ideal model attention Attncalibrated(x
doc
k )

would reflect only the relevance of the context rel(xdock ).

To achieve this, we propose to redistribute the attention values assigned to {xdock }Kk=1 according to

rel(xdock ). Specifically, for each document xdock , we propose to rescale the attention values on the tokens

within the document, {xdock,i }
Nk
i=1, by:

attncalibrated(x
doc
k,i ) = (3.5)

αk

Attnoriginal(x
doc
k )

· attnoriginal(xdock,i ) · C,

where αk = Softmax(rel(xdock ), t), t is the temperature hyperparamter, and C is a normalization constant to

ensure the total attention
∑

k,i x
doc
k,i remains unchanged. With the rescaling, we effectively make the final

attention on xdock :

Attncalibrated(x
doc
k ) ∝ Softmax(rel(xdock ), t), (3.6)
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Figure 3.5: Attention calibration effectively improves models’ context utilization ability, with its
performance curves lying almost entirely above standard vanilla attention (on 22 out of 24 cases). On
the most challenging settings where the gold documents are placed in the middle, attention calibration
provides 6-15 points improvements. Top/Bottom row: 10/20-doc. Numbers shown in Table B.2.

where higher attention is allocated to more relevant context, and t controls the disparity level.

3.4.2 Calibrated v.s. uncalibrated attention

We evaluate the performance of the proposed attention calibration method. We conduct experiments on two

multi-document question answering tasks (more details in Appendix B.1), NaturalQuestion [Kwiatkowski

et al., 2019] and SynthWiki [Peysakhovich and Lerer, 2023], with two models supporting different context

window length: Vicuna-7b-v1.5-16k (Vicuna) [Li et al., 2023a] and tulu-2-7b (Tulu) [Wang et al.,

2023] with 16k and 8k context window respectively. For each dataset, we consider two settings with different

number of retrieved documents, K = {10, 20}. We leave further implementation details in Appendix B.2.

Found-in-the-middle improves long-context utilization across various datasets and models. In Fig-

ure 3.5, we see that found-in-the-middle attention calibration consistently outperforms the uncalibrated

baseline by a large margin (up to 15 percentage point (pp) improvement) across different tasks and models.

On the most challenging scenario when the gold document is placed mid-sequence, attention calibration

consistently offers improvements from 6-15 pp. Notably, we see that attention calibration’s performance curve

lies almost entirely above the vanilla baseline curve (except 2 out of 24 cases), validating the effectiveness of

our method in improving models’ long context utilization.
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3.4.3 Attention calibration in practice

In practice, to avoid the lost-in-the-middle effect, one commonly adopted workaround is to reorder the

document positions, where documents considered more relevant are placed towards the beginning (or end) of

the input. While these methods have led to performance improvements over the baseline without reordering,

without handling the model’s intrinsic bias, reordering-based methods’ performance relies heavily on the

correct ranking of the documents. We are thus interested in validating whether attention calibration can be

applied on top of re-ordering methods to provide another layer of improvements.

Attention calibration improves existing RAG pipelines. We continue using NaturalQuestion and Synth-

Wiki for evaluation. We compare to existing reordering methods including:

• Prompt reordering [Sun et al., 2023b; Liang et al., 2023]: Reorder documents based on relevance score

generated through prompting.

• LongLLMLingua-rk [Jiang et al., 2023]: Reorder documents using query generation as the reranking

metric.

• Attention sorting [Peysakhovich and Lerer, 2023]: Reorder documents using vanilla model attention

assigned to the documents.

In Figure 3.6, we note that LongLLMLingua-rk and prompt reodering are invariant to the gold document’s

position since they compute the relevance of each document independently. First, we see that reordering

methods do alleviate lost-in-the-middle problem where models’ performances increase when gold documents

is placed mid-sequence. More importantly, we see that by applying attention calibration on top of a reordering

mechanism (LongLLMLingua-rkin this case), LongLLMLingua-rk with calibration consistently achieve the

highest performance across datasets and models. These results suggest that attention calibration can more

fundamentally improve models’ context utilization, providing a complementary way to re-ordering methods

to further improve current RAG pipeline.
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Figure 3.6: Attention calibration can be applied on top of reordering-based methods to provide further
performance boost. This suggests that mitigating attention bias can more fundamentally improve
models’ context utilization, offering a complementary way to further improve existing RAG pipeline.
Top/Bottom row: 10/20-doc. Numbers shown in Table B.2.

3.5 Related work

Retrieval augmented generation. While LLMs exhibit strong capabilities [Gemini Team, 2023; OpenAI,

2022; Touvron et al., 2023], their knowledge is inherently limited in its pretraining data, and they are observed

to struggle in handling knowledge intensive tasks [Petroni et al., 2020]. To tackle this, retrieval augmented

generation (RAG) is an effective framework that retrieves relevant information from external knowledge

sources to aid and ground language models’ generation [Lewis et al., 2020; Khandelwal et al., 2020; Borgeaud

et al., 2021; Izacard and Grave, 2021; Izacard et al., 2022b].

Although RAG has powered many recent language model applications from question-answering [Izacard

and Grave, 2021] to automatic task completion [Shen et al., 2023], recent work show that LLMs tend to

lost-in-the-middle, significantly hindering the full potential of RAG [Liu et al., 2023b]. In this chapter, we take

a step further to understand the lost-in-the-middle problem from the viewpoint of attention bias. Moreover,

we propose a remedy through attention calibration, which improves upon existing RAG frameworks.

Long-context utilization in language models. There is a rich literature on enabling LLMs to handle longer

input contexts, including designing efficient training and finetuning schemes [Dao et al., 2022; Li et al.,

2023b,a; Shi et al., 2023b] and inference-time methods that extend an LLM’s context length [Press et al.,
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2021; Ratner et al., 2023; Xiao et al., 2023; Bertsch et al., 2023]. Nonetheless, even models specifically

trained for long-context suffer lost-in-the-middle problem [Liu et al., 2023b; Li et al., 2023a].

To improve LLMs’ performance on handling long contexts, recent methods design better prompting

techniques and pipelines that mechanically work around the lost-in-the-middle problem [Chen et al., 2023a;

Jiang et al., 2023; Peysakhovich and Lerer, 2023; Junqing et al., 2023]. For instance, to avoid having the

models process long input contexts, [Chen et al., 2023a; Junqing et al., 2023] proposes to split long inputs

into shorter contexts for models to better understand. To avoid relevant context being missed by the model,

[Jiang et al., 2023; Peysakhovich and Lerer, 2023] proposes to rank the relevance of different parts of the

input and re-order the most important parts to either the beginning or end of the entire input, where the

models tend to focus more.

While these existing solutions lead to improved model performances by manipulating the input contexts,

they do not fundamentally improve LLMs’ underlying long-context utilization capability. In contrast, we set

out to directly improve LLMs’ long-context utilization capability to mitigate lost-in-the-middle problem.

Self-attention and attention bias. The attention mechanism is initially introduced in RNN-based encoder-

decoder architectures [Bahdanau et al., 2015; Luong et al., 2015]. Building upon the self-attention mechanism,

transformers [Vaswani et al., 2017] have achieved state-of-the-art performance in various domains [Devlin

et al., 2018; Dosovitskiy, 2020]. Self-attention has also been widely used as a proxy to understand and

explain model behaviors [Clark et al., 2019; Hao et al., 2021; Vashishth et al., 2019].

However, the relationship between the lost-in-the-middle problem and LLM’s self-attention has been

under-explored. As an initial trial, “attention sorting” [Peysakhovich and Lerer, 2023] sorts documents

multiple times by the attention they receive to counter lost-in-the-middle. Recently, He et al. [2023] construct

a dataset for training LLMs to focus on the most relevant documents among long contexts. Unlike the method,

which necessitate significant investment in data collection and LLM tuning, our method offers an efficient

solution by mitigating lost-in-the-middle problem with off-the-shelf LLMs.
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3.6 Discussion

In this chapter, we understand and address the lost-in-the-middle phenomenon, by establishing a connection

between the phenomenon and models’ positional attention bias. We mitigate the bias by attention calibration

which directly modifies the model’s attention mechanism, enabling LLMs to more faithfully attend to contexts

based on their relevance, rather than their position. Experiments show that attention calibration improves the

performance compared to its uncalibrated counterpart especially when relevant context occurs in the middle

of the input. We additionally show attention calibration can be applied on top of existing reordering pipelines

to further improve models’ performance.

3.7 Limitations

While our study presents significant advances in addressing the "lost-in-the-middle" problem and improving

RAG performance in LLMs, several limitations are noteworthy:

Simplification of the mechanism behind positional attention bias. We proposed a simple hypothesis to

model the positional attention bias, as shown in Eq. 3.1. However, the intrinsic mechanisms that drive this

bias could be more intricate and dynamic than our current model accounts for. It is possible that some aspects

of attention bias are learnable or adaptive, responding to subtle aspects of the data or training process that our

current approach does not consider.

Computational overhead. Our method of calibrating positional attention bias, while effective, introduces

additional computational overhead. Specifically, we require extra O(K) model forward passes to calibrate

attention at each position, compared to vanilla model generation. However, in this study we aim to discover

and calibrate the positional attention bias from a scientific perspective. We expect that our discovery can

enable future research into developing more calibration methods with lower computational overhead.

Positional attention bias may be beneficial. Our method aims to completely remove positional attention

bias. However, it is important to note that this positional bias might actually be beneficial in certain contexts.

In some specific tasks or scenarios, the natural tendency of models to focus more on the beginning and end of
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inputs could align well with the structure of the task or the nature of the data. Therefore, understanding the

tasks and the applications is required before adopting our proposed calibration method.

The root cause of attention bias is unclear. In this chapter, we aim to discover and understand the

connection between the lost-in-the-middle problem and LLMs’ intrinsic attention bias. However, we have yet

definitively pinpoint the root cause of attention bias in LLMs. The cause of such a bias could be attributed

to the distribution of pretraining corpora, the transformer model architecture, and the optimization process.

Future research needs to delve deeper into the origins of this phenomenon.

3.8 Ethical Statement

In our research, we focus on enhancing the performance of large language models using existing public

datasets, ensuring that no personal or sensitive data was collected or utilized. Our attention calibration

method is aimed at improving the efficiency and accuracy of retrieval-augmented generation, with potential

benefits across various domains including search engines, question-answering systems, and other text-based

applications. It is important to acknowledge that as our technique builds upon pre-trained language models, it

may inadvertently inherit and propagate existing biases inherent in these models. Apart from this significant

concern, we do not identify any other immediate risks arising from the methodologies or findings presented

in this chapter.
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Chapter 4

Data for Reliable Vision-Language Model

Development: Fixing Hackable Benchmarks

for Vision-Language Compositionality

4.1 Introduction

Scholars today herald compositionality as a fundamental presupposition characterizing both human perception

and linguistic processing [Cresswell, 1973]. Through compositional reasoning, humans can comprehend

new scenes and describe those scenes by composing known atoms [Janssen and Partee, 1997; Hupkes et al.,

2020; Bottou, 2014; Chomsky and Halle, 1965]. For instance, compositionality allows people to differentiate

between a photo of “a girl in white facing a man in black” and “a girl in black facing a man in white”. For a

while now, vision-language research has sought to develop models that can similarly comprehend scenes

and express them through compositional language [Krishna et al., 2017; Ji et al., 2020; Lu et al., 2016;

Grunde-McLaughlin et al., 2021].

Given its importance, a surge of new benchmarks have been proposed to evaluate whether vision-

language models exhibit compositionality. Recently, Winoground [Thrush et al., 2022], VL-CheckList [Zhao

et al., 2022], ARO [Yuksekgonul et al., 2023], CREPE [Ma et al., 2022], and Cola [Ray et al., 2023] have

entered the machine learning zeitgeist. Evaluation is mostly done through an image-to-text retrieval task

63



formulation [Zhao et al., 2022; Yuksekgonul et al., 2023; Ma et al., 2022]: by measuring how often models

pick the description, “a girl in white facing a man in black” when presented with an image of it, and avoid

choosing the incorrect hard negative description, “a girl in black facing a man in white”.

In this chapter, we uncover a crucial vulnerability in not just one but all these image-to-text composition-

ality benchmarks: We find that a blind model that never looks at the image, can identify the correct caption

and avoid choosing the supposed “hard negatives”. This blind model outperforms a wide array of pretrained

vision-language models across the suite of benchmarks [Radford et al., 2021a; Ilharco et al., 2021; Gadre

et al., 2023]. We explain this undesired hackability in existing benchmarks by showcasing that there exists

a significant distributional gap between the positive and hard negative captions. For instance, in the ARO

benchmark [Yuksekgonul et al., 2023], human-generated positive captions differ drastically from the hard

negative texts generated by randomly shuffling words in the positive captions. As new research has begun to

propose methods that claim to improve compositionality on these benchmarks [Yuksekgonul et al., 2023; Ray

et al., 2023], we find it critical to highlight our findings and propose a solution.

We propose a solution to existing hackable benchmarks by introducing SUGARCREPE, a new benchmark

to faithfully evaluate compositionality. In curating SUGARCREPE, we identify two main biases 1 that result

in the distributional gap between positive and hard negatives; and employ mechanisms to fix the shifts. In

particular, we find the current procedure in generating hard negatives introduces descriptions that are (1)

not plausible and (2) non-fluent. For example, while the caption “olives and grapes on a plate” is a sensical

fluent caption, benchmarks often have non-plausible hard negatives like “olives and grapes inside a plate” or

simply incomprehensible ones like “right has word another word. There is a words” (see Table 4.1 for more

examples). We mitigate such biases by first leveraging a modern large language model, ChatGPT [OpenAI,

2022], to generate plausible and natural hard negative texts instead of relying on simple rule-based templates

employed by existing benchmarks [Ma et al., 2022; Yuksekgonul et al., 2023]. Then, we subsample the

dataset through an adversarial refinement process to ensure the identified biases are maximally removed by

drawing on recent dataset de-biasing work [Zellers et al., 2018; Sakaguchi et al., 2021; Le Bras et al., 2020].

Taken together, this workflow is where SUGARCREPE derived its name: Synthetic yet Unbiased Generation

with Adversarially Refined Compositional REPresentation Evaluation. We qualitatively and quantitatively

1 We use biases and artifacts interchangeably in the paper.
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verify through both human and automatic evaluations that SUGARCREPE effectively fixes these biases.

With SUGARCREPE, we re-evaluate recent methods proposed to improve compositionality. Specifically,

we focus on one prominent approach that aims to improve compositionality through data augmentation.

This method trains models by generating compositional hard negatives and injecting them within a training

batch [Doveh et al., 2023; Yuksekgonul et al., 2023]. Unfortunately, we observe that the effectiveness of

this simple data augmentation approach is hugely overestimated when evaluated on existing benchmarks,

leading to limited improvements on SUGARCREPE. Finally, we evaluate a wide variety of 17 pretrained

CLIP models [Radford et al., 2021a; Ilharco et al., 2021; Gadre et al., 2023], and find that current models

still lack compositionality. Our results suggest that to improve compositionality, future work may need more

innovative techniques.

4.2 Related Work

We situate our paper amongst existing work on vision-language compositionality, and debiasing datasets for

model evaluation.

Evaluating vision-language compositionality. Recent works have introduced benchmarks to evaluate

the compositionality of vision-language models [Radford et al., 2021a]; they find that current models exhibit

little compositional understanding [Yuksekgonul et al., 2023; Thrush et al., 2022; Zhao et al., 2022; Ma et al.,

2022; Ray et al., 2023] despite their remarkable performance on downstream tasks [Radford et al., 2021a;

Li et al., 2022b; Singh et al., 2022; Alayrac et al., 2022; Wang et al., 2022a,c; Zhai et al., 2022]. Models

have a hard time discerning between text containing the same words ordered differently [Thrush et al., 2022].

Models also fail to link objects to their attributes, or understand the relationship between objects [Zhao et al.,

2022; Yuksekgonul et al., 2023; Ray et al., 2023]. Our work finds that many of the benchmarks used to

evaluate compositionality have hackable biases; blind models that do not even look at the image outperform

state-of-the-art vision-language models.

Improving vision-language compositionality. To enhance vision-language models’ compositionality,

new proposals suggest training strategies that utilize additional data, models, and/or losses [Yuksekgonul

et al., 2023; Cascante-Bonilla et al., 2023; Ray et al., 2023; Doveh et al., 2023; Singh et al., 2023]. Amongst

them, one prominent approach is to explicitly train the models to distinguish hard negatives from the
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correct captions [Yuksekgonul et al., 2023; Doveh et al., 2023]. While these approaches appear to improve

compositionality on benchmarks, it is unclear if these models achieve such improvements by actually

acquiring compositional understanding or by exploiting biases in these datasets. We answer this question in

our evaluation.

Debiasing dataset for faithful model evaluation. Several prior manuscripts have pointed out that biased

datasets could lead to an overestimation of models’ true capabilities [Gururangan et al., 2018]. They have

proposed dataset de-biasing methods to enable more faithful model evaluations [Reif and Schwartz, 2023;

Zellers et al., 2018; Sakaguchi et al., 2021; Le Bras et al., 2020; Park et al., 2021]. For instance, adversarial

filtering [Zellers et al., 2018] iteratively trains an ensemble of classifiers on different training splits and uses

them to filter out “easy” negatives for each instance. Building upon adversarial filtering, AFLite [Sakaguchi

et al., 2021; Le Bras et al., 2020] filters data instances in a more light-weight manner without retraining a

model at each iteration and leads to benchmarks that more accurately represent the underlying tasks. We use

adversarial refinement to remove biases that creep into the generation of compositionality benchmarks.

4.3 Limit and biases of current compositionality benchmarks

A majority of existing compositionality benchmarks for vision-language models formulate the evaluation

task as image-to-text retrieval [Zhao et al., 2022; Yuksekgonul et al., 2023; Ma et al., 2022]. We focus on

these benchmarks and discuss others [Thrush et al., 2022; Ray et al., 2023] in Appendix C.2. Given an

image, the model is probed to select text that correctly describes the image from a pool of candidates. Unlike

standard retrieval tasks where the negative (incorrect) candidates differ a lot from the positive (correct) text,

compositionality benchmarks intentionally design hard negative texts that differ minimally from the positive

text, in order to test whether the model understands the fine-grained atomic concepts that compose the scene.

Existing hard negative generation process introduces undesirable biases. Existing benchmarks

generate hard negative texts through rule-based programmatic procedures [Zhao et al., 2022; Yuksekgonul

et al., 2023; Ma et al., 2022], which produce hard negatives by replacing a word of specific type (an object,

attribute, or relation) in the original text, by swapping two words, or by shuffling the word order. We find that

such procedures introduce unintentional biases in the generated hard negatives (see Table 4.1); specifically,

we observe two major types of undesirable artifacts: (1) nonsensical artifacts, and (2) non-fluent artifacts.
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Table 4.1: Existing compositionality benchmarks rely on procedurally-generated hard negatives which often
do not make logical sense or are not fluent due to grammatical errors.

Dataset Nonsensical Hard Negatives Non-fluent Hard Negatives

CREPE [Ma et al., 2022] Olives and grape inside a plate. A door with panes not in a room; the door has windows.
Ground in a basket on the flowers. Right has word another word. There is a words.
A hair wearing a necklace, with her lady on a table. A shelf with books in something. There is no background.

ARO [Yuksekgonul et al., 2023] The grass is eating the horse. At brown cat a in looking a gray dog sitting is and white bathtub.
A gray bathtub is looking at a white cat. Scene with remarkable a ball blue a green behind chair.
Green ball with a remarkable chair behind a blue scene. Books the looking at people are.

VL-CheckList [Zhao et al., 2022] Sheep is hardwood. An man fishing a food from a wrapper using a paw at a open.
Empty zebras. It heaving at a city.
The bush speaking in the garden. An grouping subduing at a room access.

Figure 4.1: Top row: We define Vera score gap as the score difference between the positive and hard
negative texts: Vera(T p)−Vera(T n). The entire Vera score gap distribution lies on the positive spectrum,
indicating that the template-generated hard negative texts usually have low plausibility. Bottom row: Similarly,
Grammar score gap is defined by: Grammar(T p)−Grammar(T n). On grammar score, we also find that the
distribution largely rests on the positive side, suggesting that most hard negative texts in existing benchmarks
exhibit grammatical errors.

In order to quantitatively measure these biases, we utilize Vera [Liu et al., 2023a], a plausibility estimation

model, to characterize the nonsensical bias. Specifically, we define Vera(T ) to be the plausibility score of a

caption T , where a higher score suggests more sensical the caption is. Similarly, to capture the non-fluent

bias, we leverage a grammar-check model [Morris et al., 2020] that assigns high scores, Grammar(T ), to

more grammatically correct texts. In Figure 4.1, we find that Vera and the grammar model assign higher

scores to positive texts, suggesting that many hard negatives are nonsensical and not fluent.

Dataset biases render current compositionality benchmarks ineffective. Given the heavily-skewed

score gaps, we show that blind models (i.e. , Vera and the grammar model) that simply select the higher-

scoring texts as positives and admittedly do not possess any vision-language compositionality, can achieve
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Figure 4.2: Blind commonsense Vera model and Grammar model outperform state-of-the-art CLIP models
on nearly all existing benchmarks by exploiting the nonsensical and non-fluent artifacts. This suggests that
existing benchmarks are hackable and ineffective in measuring compositionality.

state-of-the-art performances on existing benchmarks. We compare the the blind models against 17 pre-

trained CLIP models from three sources: OpenAI’s in-house WebImageText dataset [Radford et al., 2021a],

LAION [Schuhmann et al., 2022b], and Datacomp [Gadre et al., 2023]. We plot the performances of the

blind models and the best-performing CLIP models from each category (Figure 4.2). Blind models achieves

state-of-the-art performances on 9 out of 10 existing benchmark tasks. We provide full evaluation results in

Appendix C.4.1.

4.4 SUGARCREPE

We introduce SUGARCREPE, a new benchmark for faithful evaluation of vision-language models’ com-

positionality based on the image-text pairs of COCO [Lin et al., 2014]. SUGARCREPE presents two key

contributions over existing benchmarks: (1) it drastically reduces the two identified dataset biases (Sec. 4.4.1),

and (2) it covers a broad range of fine-grained types of hard negatives (Sec. 4.4.2). We present a summary

comparison on compositionality benchmarks in Appendix C.2.

4.4.1 SUGARCREPE generation workflow alleviates dataset biases

The generation procedure of SUGARCREPE consists of three main stages, centered around creating sensical

and fluent hard negatives that close the distributional gaps to the positive texts, and ensuring a balanced

distribution on the score gaps to make the final dataset robust to the identified biases.

Stage 1: Generate sensical and fluent hard negatives with a large language model. Observing

the capability of modern large language models in generating fluent and plausible texts, we leverage Chat-

GPT [OpenAI, 2022] to generate hard negative texts where we explicitly instruct it to avoid commonsense
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Given an input sentence describing a scene, your task 
is to:
1. Locate the noun words in the sentence.
2. Randomly pick one noun word.
3. Replace the selected noun word with a new noun word 
to make a new sentence.

The new sentence must meet the following three 
requirements:
1. The new sentence must be describing a scene that is 
as different as possible from the original scene.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

Here are some examples:

Original sentence: A man is in a kitchen making pizzas.
Nouns: ["man", "kitchen", "pizzas"]
Selected noun: man
New noun: woman
New sentence: A woman is in a kitchen making pizzas.

Original sentence: a woman seated on wall and birds 
besides her
Nouns: ['woman', 'wall', 'birds']
Selected noun: wall
New noun: bench
New sentence: A woman seated on a bench and birds 
besides her.

Figure 4.3: Example prompt (black) and actual hard
negative (green) generated from ChatGPT.

Algorithm 1 Adversarial Refinement
Require: Text-only model M1 and M2; Num-

ber of grids K; A set of candidates D =
{Ii, T p

i , T
n
i }i∈[N ], where Ii, T

p
i , and T n

i are i-th
image, positive caption, and negative caption.

Ensure: A subset D̄ ⊂ D
1: Calculate the model score gap for each candidate

g
(1)
i = M1(T

p
i )−M1(T

n
i ) and g

(2)
i = M2(T

p
i )−

M2(T
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i )

2: Split the 2D space [−1, 1] × [−1, 1] to K × K
equal-size grids.

3: Place each candidate to a grid based on the score
gaps g(1)i and g

(2)
i .

4: Initialize D̄ = {}
5: for each pair of grid (Gj , G

∗
j ) symmetric about the

original point (0, 0) do
6: if |Gj | > |G∗

j | then
7: Sample |G∗

j | candidates from Gj and put
them to D̄.

8: Put candidates in G∗
j to D̄.

9: else
10: Sample |Gj | candidates from G∗

j and put
them to D̄.

11: Put candidates in Gj to D̄.

(logical) and fluency (grammatical) errors. To guide ChatGPT in re-writing a given positive text into its hard

negative counterparts, we provide few-shot demonstrations written by the authors and leverage its in-context

learning ability [Brown et al., 2020] to generalize to unseen texts. Figure 4.3 shows an example demonstration

used and an actual hard negative generated. We detail all the prompt templates in Appendix C.3.2. Table 4.3

shows the comparisons between hard negatives generated from ChatGPT in SUGARCREPE and that from

existing benchmarks.

Stage 2: Filter false negatives with human validation. A generated text is considered a valid hard

negative only if it incorrectly describes the corresponding image. For example, given an image with a positive

caption “a man and a child sitting on a sofa”, a compositional change that replaces “child” with “girl” may

still result in a correct caption. To ensure the validity of the hard negatives in SUGARCREPE, we filter out

false negatives by manually examining the generated hard negatives and their corresponding images.

Stage 3: De-bias dataset with adversarial refinement. While ChatGPT yields more sensical and fluent

text, there is no guarantee that the bias between positive and negative texts is negligible. Following dataset
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de-biasing work [Zellers et al., 2018; Sakaguchi et al., 2021; Le Bras et al., 2020], we develop an adversar-

ial refinement mechanism that maximally reduces the undesirably exploitable artifacts in SUGARCREPE.

Specifically, our goal is to ensure that performance improvements on SUGARCREPE cannot be achieved by

exploiting the identified nonsensical and non-fluent biases. To accomplish this, we characterize the biases

again with the commonsense and grammar models [Liu et al., 2023a; Morris et al., 2020], and subsample

the dataset to ensure symmetric score gap distributions on both the positive and negative sides, as shown in

Figure 4.4. We note the symmetry around zero implies that the commonsense and grammar scores can no

longer be used to infer the ground truth positive texts. We provide the adversarial refinement algorithm in

Algorithm 1.

4.4.2 SUGARCREPE covers a broad range of hard negative types

To test different aspects of vision-language models’ compositional understanding, we follow CREPE [Ma

et al., 2022] to consider various forms of hard negatives, and follow VL-CheckList [Zhao et al., 2022] and

ARO [Yuksekgonul et al., 2023] to consider different fine-grained categories of the atomic concepts. In total,

SUGARCREPE covers 7 fine-grained types of hard negatives, as shown in Table 4.2. We introduce the dataset

taxonomy below, starting from the form of the hard negatives to its different finer-grained variants.

The REPLACE form. Given a positive text describing a scene, we generate a REPLACE hard negative by

replacing an atomic concept in the original text with a new concept that makes the text mismatch with the

original scene. Based on the type of the atomic concept—object, attribute, or relation—we further categorize

REPLACE hard negatives into REPLACE-OBJ, REPLACE-ATT, and REPLACE-REL.

The SWAP form. Different from REPLACE, SWAP does not introduce new concepts in the hard negatives,

but a SWAP hard negative is generated by swapping two atomic concepts of the same category in the positive

text. We further categorize SWAP into SWAP-OBJ and SWAP-ATT, and omit swapping two relationships

since it generally results in nonsensical texts.

The ADD form. Similar to the REPLACE form, but instead of replacing an atomic concept with a new

one, we generate an ADD hard negative by adding a new atomic concept to the positive text that makes it

mismatch with the original scene. We only further categorize ADD into ADD-OBJ (adding object concept)

and ADD-ATT (adding attribute concept), as adding new relationship concepts to the positive texts often
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Table 4.2: We report the number of hard negative captions of all types in SUGARCREPE.

REPLACE SWAP ADD

Object Attribute Relation Object Attribute Object Attribute

# negative captions 1,652 788 1,406 246 666 2,062 692

make them highly implausible.

Dataset overview. The final evaluation set of SUGARCREPE consists of 7, 512 examples, where the

numbers for each fine-grained type are listed in Table 4.2. Each example is an image-to-text retrieval task

composed of an image, a positive text, and a hard negative. On SUGARCREPE, random chance performance

has an average accuracy of 50%. We note that ARO and CREPE additionally consider SHUFFLE (randomly

shuffling words in a sentence) and NEGATE (adding negation keywords “no/not” to a sentence) hard negatives.

We however omit them in SUGARCREPE as SHUFFLE is very unlikely to be plausible and fluent, and NEGATE

introduces irreducible keyword artifacts [Ma et al., 2022]. 2

4.5 Evaluations

In this section, we qualitatively and quantitatively compare SUGARCREPE to existing benchmarks (Sec. 4.5.1),

re-evaluate recent methods proposed to improve compositionality of vision-language models (Sec. 4.5.2),

and comprehensively evaluate a wide array of pretrained CLIP models (Sec. 4.5.3).

To systematically and fairly compare SUGARCREPE with existing benchmarks, we normalize the bench-

marks by reproducing their data generation workflow using COCO [Lin et al., 2014] as in SUGARCREPE.

We utilize source code from CREPE [Ma et al., 2022] to generate REPLACE, SWAP, NEGATE hard negatives

and take SHUFFLE hard negatives released in ARO [Yuksekgonul et al., 2023]. We refer to this reproduced

dataset as ARO+CREPE. In addition, we standardize the evaluation task as retrieving the correct caption

from two possible choices, i.e. , a positive text and a hard negative. This normalization sets the positive texts

fixed for all benchmarks, including SUGARCREPE.

2One can easily infer hard negatives from whether the text contains negation keywords “no/not”.

71



Table 4.3: We present example positive texts and their hard negatives in ARO+CREPE (generated using
existing procedures) and SUGARCREPE (generated with ChatGPT). SUGARCREPE brings significant im-
provements in commonsense and fluency.

Hard-Negative Type Text Type Commonsense Fluency

Original Two adult bears play fight in the water. A man sitting in front of a laptop computer.
REPLACE ARO+CREPE Two adult bears play fight in the soda. A man sitting around front of a laptop computer.

SUGARCREPE A flock of ducks play fight in the water. A man standing in front of a laptop computer.

Original A woman standing behind a fence looking at an elephant. Man swinging tennis racket while group of people watches.
SWAP ARO+CREPE A fence standing behind a woman looking at an elephant. Group swinging tennis racket while man of people watches.

SUGARCREPE An elephant standing behind a fence looking at a woman. Group of people swinging tennis racket while man watches.

Original A teddy bear next to a stuffed fish. A red fire hydrant on a city sidewalk.
NEGATE / ADD ARO+CREPE A teddy bear next to a stuffed fish. There is no teddy bear. A red fire not hydrant on a city sidewalk.

SUGARCREPE A teddy bear and a stuffed fish and a robot toy. A red fire hydrant and a trash can on a city sidewalk.

Table 4.4: We compare the commonsense and grammar scores on hard negatives in ARO+CREPE and
SUGARCREPE. We report both their respective average scores and the ratio where SUGARCREPE has higher
score than ARO+CREPE in pairwise comparison. Overall, SUGARCREPE has hard negatives with better
commonsense and grammar.

Average Score

Hard-negative Type Metric ARO+CREPE SUGARCREPE Pairwise Better Ratio

REPLACE
Commonsense 37.46 50.21 77.71
Grammar 76.79 88.96 86.85

SWAP
Commonsense 23.09 41.57 78.76
Grammar 45.67 80.46 87.02

NEGATE / ADD
Commonsense 25.24 50.20 87.24
Grammar 65.09 90.07 95.03

4.5.1 SUGARCREPE significantly reduces dataset biases

SUGARCREPE generates more sensical and fluent hard negatives. We validate that SUGARCREPE

generates higher quality hard negative texts by leveraging ChatGPT than previous rule-based approaches.

Qualitatively, in Table 4.3, we observe that the hard negatives in SUGARCREPE are more sensical and

fluent compared to hard negatives in ARO+CREPE. We report human evaluation results in Appendix C.4.2

that show on an average of 35% of examples, hard negatives in SUGARCREPE have strictly higher quality

than ARO+CREPE in terms of commonsense and fluency. For instance, on SWAP, humans judge that

SUGARCREPE wins 68% over ARO+CREPE and ties on 28% of examples in terms of commonsense. Quan-

titatively, in Table 4.4, we compare the commonsense and grammar scores averaged over the hard negative

texts in both ARO+CREPE and SUGARCREPE. We see SUGARCREPE has much higher average scores than

ARO+CREPE. Additionally, pairwise comparisons show that SUGARCREPE has higher commonsense and

grammar scores than ARO+CREPE on 86% of examples on average.
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Figure 4.4: We compare the Vera (top row) and Grammar (bottom row) score gap distributions between
ARO+CREPE (leftmost column), SUGARCREPE without adversarial refinement (middle), and SUGAR-
CREPE (rightmost). Top row: We see that Vera score gap distribution shifts from the positive spectrum to
more centered around zero from ARO+CREPE to SUGARCREPE without refinement. After adversarial
refinement, we ensure the score gap distribution is centered around zero on SUGARCREPE. Bottom row:
Similarly, from ARO+CREPE to SUGARCREPE, we see the Grammar score gap distribution shifts from the
positive spectrum to centered around zero.

SUGARCREPE disentangles the identified exploitable biases. We show that the final SUGARCREPE

evaluation set maximally reduces the identified biases that could be exploited undesirably to achieve improve-

ments on a benchmark. Figure 4.4 visualizes the Vera/Grammar score gap distributions. We compare the

distributions between ARO+CREPE and SUGARCREPE (before and after adversarial refinement). First, We

see that by leveraging ChatGPT, the hard negative texts in SUGARCREPE already have lower biases than

ARO+CREPE before adversarial refinement, i.e. , the score gap distribution is more centered around zero.

Furthermore, we see that after adversarial refinement, the score gap distributions on the final SUGARCREPE

evaluation set are symmetric around zero. This implies that the previously identified artifacts can no longer be

exploited to infer the positive texts. As a result, we show that the previous commonsense and grammar attacks

that are extremely successful on existing benchmarks do not work on SUGARCREPE. As shown in Table 4.6,

these blind models now consistently rank the last on SUGARCREPE as compared to other pretrained CLIP

models.
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4.5.2 Re-evaluating recent methods for improving compositionality

Given the vulnerability of existing compositionality benchmarks, it is unclear whether recently proposed

methods that show state-of-the-art performances on these benchmarks are indeed effective. Thus, we

re-evaluate these methods with SUGARCREPE.

Hard negative augmented training. Specifically, we focus on evaluating one common data-augmentation

approach considered in [Yuksekgonul et al., 2023; Doveh et al., 2023], where the core idea is to explicitly

create hard negatives and train the model to distinguish them. We broadly refer to this training scheme as

NEGCLIP following [Yuksekgonul et al., 2023]. We evaluate two NEGCLIP training schemes: finetuning

and training from scratch. For finetuning, in addition to taking the model released in [Yuksekgonul et al.,

2023], we finetune another three NEGCLIP models (using ViT-B/32 following [Yuksekgonul et al., 2023])

with three respective types of hard negatives (i.e. , REPLACE, SWAP, NEGATE) generated using CREPE’s [Ma

et al., 2022] source code. For training from scratch, we use RN50 as the base model and train variants of

NEGCLIP by augmenting the training examples with different types of hard negatives. We perform both

training and finetuning on COCO [Lin et al., 2014].

Improvements are overestimated due to unintentionally overfitting. In Table 4.5, we first see that

NEGCLIP finetuned models show significant improvements on ARO+CREPE, boosting the performance

more than 10% compared to standard CLIP finetuning on 11 out of 16 cases (highlighted in green). The lifts

are especially large when the hard negative type used in finetuning matches that used in evaluation, where

NEGCLIP finetuned models can achieve near human-level performances. For instance, by finetuning with

REPLACE hard negatives, NEGCLIP reaches 94% on ARO+CREPE evaluated with REPLACE hard negatives

(human performance is 95%). While the results on ARO+CREPE suggest that NEGCLIP is seemingly

sufficient in equipping models with strong compositionality, we however see that the improvements brought

by NEGCLIP are much smaller on SUGARCREPE. In fact, none of the improvements on SUGARCREPE is

larger than 10%, and the best performing NEGCLIP finetuned models still have large gaps to human-level

performances, e.g. , best NEGCLIP model lags behind human by 23% on SUGARCREPE’s SWAP hard

negatives. Similarly, when trained from scratch, we observe the same trend that NEGCLIP’s improvements

are much larger on ARO+CREPE than on SUGARCREPE. The improvements on ARO+CREPE are again

most pronounced when the training and testing hard negative type matches.
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We attribute the stark contrast in NEGCLIP’s effectiveness on ARO+CREPE and SUGARCREPE to

model’s unintentional overfitting: The NEGCLIP models learned to exploit artifacts that can be used to

easily distinguish hard negatives from positives on ARO+CREPE, instead of actually improving com-

positionality. Thus, when evaluated on SUGARCREPE where the artifacts are removed, the improvement

from NEGCLIP drastically reduces. These results imply that NEGCLIP’s effectiveness is overestimated

on existing benchmarks, and we may still need further innovations to fundamentally improve a model’s

compositionality. 3

Table 4.5: Re-evaluating hard negative augmented training shows that the method’s improvements on existing
benchmarks (ARO+CREPE) are hugely overestimated, particularly when the test hard negative type matches
the one used in training, which can be attributed to overfitting the artifacts.
Color notations: Gains compared to standard CLIP (finetuned / from scratch) > 10% .

ARO+CREPE SUGARCREPE

Model Training Hard Negative Used REPLACE SWAP NEGATE SHUFFLE REPLACE SWAP ADD

Human 95.33 100 99.33 96.00 98.67 99.50 99.00

ViT-B/32

Pretrained N/A 75.71 71.58 76.89 72.06 80.76 63.27 75.09
CLIP finetuned N/A 77.06 68.81 61.19 63.04 84.76 70.83 85.58

NEGCLIP finetuned

REPLACE 94.51 90.04 85.06 88.15 88.27 74.89 90.16
SWAP 82.88 94.48 77.57 87.00 85.54 76.21 86.56
NEGATE 77.24 68.91 99.54 64.28 84.97 70.29 85.84
Released in [Yuksekgonul et al., 2023] 85.72 94.35 83.51 90.45 85.36 75.33 87.29

RN50

CLIP from scratch N/A 69.93 59.96 55.36 68.78 69.54 60.33 67.63

NEGCLIP from scratch

REPLACE 89.04 66.51 60.90 75.23 74.32 62.65 72.92
SWAP 72.33 92.29 64.51 84.84 73.31 68.35 71.93
NEGATE 70.09 60.29 99.45 69.03 72.74 60.89 70.47
REP + SW + NEG 86.30 88.60 99.34 82.93 75.26 67.69 73.08

4.5.3 Comprehensive evaluations on existing pretrained vision-language models

We present four key findings in our evaluation over 17 pretrained CLIP models on SUGARCREPE, with

results reported in Table 4.6 and visualized in Figure 4.5.

The best pretrained CLIP models demonstrate some compositional understanding but still have

overall large rooms for improvements. Table 4.6 shows that the largest pretrained CLIP models, e.g. ,

OpenAI’s RN50x64, LAION’s xlm-roberta-large-ViT-H-14, and DataComp’s ViT-L-14, achieve near-human

performance on REPLACE-OBJ. However, on REPLACE-OBJ, smaller models pretrained on small datasets

still suffer from big drops in performance — 23% and 43% respectively for DataComp’s small and medium
3In Appendix C.4.3, we provide further results on training NEGCLIP with hard negatives filtered with our adversarial refinement

mechanism.
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Table 4.6: Our evaluation of pretrained CLIP models on SUGARCREPE shows that they demonstrate
compositionality on some hard negatives but are far from human performance on others, especially on
SWAP hard negatives or ones perturbing attributes and relations (also illustrated in Figure 4.5: lower overall
performance on SWAP, and lower performances on attributes/relations compared to objects). We additionally
evaluate recently introduced GPT-4V [OpenAI, 2023]. While it demonstrates strong results, there is still gap
to human-level performance.

REPLACE SWAP ADD

Source Model Data Size Model Size (M) Object Attribute Relation Object Attribute Object Attribute Average

Human 100 99 97 99 100 99 99 99

Text-only model Vera [Liu et al., 2023a] 49.39 49.62 49.36 49.19 49.40 49.42 49.57 49.42
Grammar [Morris et al., 2020] 50.00 50.00 50.00 50.00 50.00 50.00 50.00 50.00

OpenAI [Radford et al., 2021a]

RN50

400M

102 91.77 80.58 69.99 61.79 68.47 74.54 69.65 73.83
RN101 120 92.49 83.88 67.07 56.50 65.92 75.46 70.09 73.06
ViT-B-32 151 90.92 80.08 69.20 61.38 63.96 77.21 68.79 73.08
ViT-B-32-negclip 151 92.68 85.91 76.46 75.20 75.38 88.80 82.80 82.46
RN50x4 178 92.68 82.99 67.57 65.04 63.36 79.34 70.09 74.44
RN50x16 291 93.46 82.11 69.20 63.01 65.77 80.70 75.87 75.73
ViT-L-14 428 94.07 79.19 65.15 60.16 62.31 78.32 71.53 72.96
RN50x64 623 94.49 83.50 70.63 61.79 66.67 83.27 73.99 76.33

LAION [Schuhmann et al., 2022b]

roberta-ViT-B-32

2B

212 92.86 84.90 72.40 63.01 71.02 87.34 79.91 78.78
ViT-H-14 986 96.49 84.77 71.76 67.48 73.12 92.05 85.84 81.64
ViT-g-14 1367 95.76 85.03 72.40 63.01 71.17 91.51 82.08 80.14
ViT-bigG-14 2540 96.67 88.07 74.75 62.20 74.92 92.19 84.54 81.91
xlm-roberta-base-ViT-B-32 5B 366 93.16 84.01 69.20 63.41 67.57 87.78 81.07 78.03
xlm-roberta-large-ViT-H-14 1193 96.85 86.04 72.05 63.82 72.07 93.11 86.13 81.44

DataComp [Gadre et al., 2023]

small:ViT-B-32 13M 151 56.90 56.85 51.99 50.81 50.00 53.93 60.55 54.43
medium:ViT-B-32 128M 151 77.00 69.54 57.68 57.72 57.06 66.73 64.88 64.37
large:ViT-B-16 1B 150 92.68 79.82 63.94 56.10 57.66 84.34 78.61 73.31
xlarge:ViT-L-14 13B 428 95.52 84.52 69.99 65.04 66.82 91.03 84.97 79.70

OpenAI GPT-4V [OpenAI, 2023] 96.31 93.53 90.26 83.13 90.09 91.59 91.76 90.95

models — compared to humans. Additionally, on nearly all other hard negative types, there are clear gaps

(larger than 10%) between the best model performances and human performances, showing an overall large

room for improvements in current models’ compositionality.

All models struggle at identifying SWAP hard negatives, regardless of their pertaining dataset and

model size. Among the three types of hard negatives, SWAP hard negatives present the biggest challenge to

the pretrained CLIP models, even though humans can easily tell them apart from the positive captions. We

observe in Table 4.6 that all models demonstrate low performance on both SWAP-OBJ and SWAP-ATT hard

negatives regardless of their pretraining dataset and model sizes, with the difference from human performance

reaching from 27% to 50%.

Existing models are object-centric, struggling to compose attributes and relations. We find that

existing pretrained models are a lot better at composing objects than attributes or relations (Table 4.6). This

finding holds for both REPLACE and ADD hard negatives but not the most difficult SWAP negatives, where

models perform equally poorly on both SWAP-OBJ and SWAP-ATT. On REPLACE hard negatives, even

though most models achieve human-level performance on REPLACE-OBJ, they all suffer from a drop in
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Figure 4.5: We plot pretrained vision-language models’ zero-shot top-1 accuracy on ImageNet versus their
retrieval recall@1 on SUGARCREPE, where r is the Pearson correlation coefficient. This plot suggests that
models’ ImageNet zero-shot accuracy positively correlates with their compositionality.

performance on REPLACE-ATT and REPLACE-REL, where the drop is as large as 15% and 29% respectively.

Similarly, on ADD hard negatives, all models except for DataComp’s small:ViT-B-32 experience a decrease

in performance from ADD-OBJ to ADD-ATT, with the largest difference reaching 10%.

Models’ performance on SUGARCREPE correlates with their ImageNet zero-shot accuracy. We

show in Figure 4.5 that there is a positive correlation between models’ performance on SUGARCREPE and

their zero-shot accuracy on ImageNet. This correlation is moderate on SWAP-OBJ and ADD-ATT (Pearson

correlation coefficient r = 0.78 and r = 0.75 respectively) and strong on all other hard negatives (r > 0.8).

4.6 Discussions

Our investigation reveals significant biases present in existing benchmarks for the compositional compre-

hension capability of vision-language models. The severity of this vulnerability is exemplified by text-only

models without access to the image outperforming vision-language models. To address this, we introduce

SUGARCREPE, a novel benchmark for evaluating the compositionality of vision-language understanding.

Unlike previous benchmarks that relied on rule-based templates, we leverage large language models to

generate less biased negatives and employ adversarial filtering mechanisms to minimize biases. Through

reassessment of state-of-the-art models and recently proposed compositionality inducing mechanisms, we

uncover a significant overestimation of their advancements, underscoring the need for further innovation.

4.6.1 Limitation and future work

Scope of the compositionality benchmarks and vision-language models. We focus our scope in this

chapter on compositionality benchmarks formulated as image-to-text retrieval task. While this is currently
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the most prevailing evaluation framework, future research can characterize compositionality evaluation

as text-to-image retrieval problem, as in the initial efforts considered by [Ray et al., 2023; Thrush et al.,

2022]. More importantly, we hope our work can guide future efforts in creating and ensuring faithful

compositionality benchmarks in text-to-image form. In addition, we focus our evaluations on contrastively

learned vision-language models [Radford et al., 2021a]. Future work should include and characterize the

compositionality of modern generative vision-language models [Alayrac et al., 2022; Chen et al., 2022; Li

et al., 2023c; Tschannen et al., 2023].

Potential biases imposed by language models. In this chapter, we identify two human interpretable

dataset biases, the nonsensical and non-fluent biases, which may not cover all dataset artifacts that could

possibly be exploited by a model. By leveraging ChatGPT in generating hard negatives, the generated captions

may also exhibit hard to detect biases imposed by the language model, e.g., watermarks [Kirchenbauer et al.,

2023]. Future work may utilize more sophisticated adversarial filtering techniques that train models to detect

and remove spurious dataset artifacts beyond human comprehension [Zellers et al., 2019; Le Bras et al.,

2020].

Shifts in language model behavior. Our work leverages ChatGPT to generate hard negatives. However,

recent work has pointed out that the underlying model behind these APIs may change, resulting in model

behavior shifts [Chen et al., 2023b; Liu et al., 2023c]. We discuss how this potential model behavior shift

may affect our proposed dataset construction pipeline. Specifically, while there may be variances on the

quality of the generated texts, we note that our employed adversarial refinement mechanism can ensure that

the final evaluation set is free of the identified artifacts. In the case when ChatGPT improves and generates

higher-quality captions, the refinement mechanism will filter out less examples and we can more efficiently

create the final evaluation set. On the other hand, if ChatGPT degrades and shifts towards generating less

fluent and plausible captions, the refinement mechanism will filter out more generated examples and we

would need to generate more candidates in order to create an evaluation set of the same desired size. As a

result, while the efficiency of the proposed dataset construction pipeline depends on quality of the language

model used, our pipeline ensures the generated set does not contain the identified biases. In the large language

model era, we see these capable models as productive tools one can leverage to efficiently process and

create data. We do however deem careful validation mechanisms, such as our manual and automatic filtering
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technique, necessary to ensure that the ultimate goal is properly achieved.

4.6.2 Societal impact

As vision-language models such as CLIP [Radford et al., 2021a] are becoming the foundation models for

many downstream applications [Rombach et al., 2022; Ramesh et al., 2022], it is imperative to understand

the limitations of these models to avoid misuses and undesirable outcomes [Cho et al., 2022; Bianchi et al.,

2022]. Compositionality benchmarks probe a model’s understanding of finer-grained concepts, and hence

allow us to identify blind spots [Yuksekgonul et al., 2023; Zhao et al., 2022; Ma et al., 2022] of seemingly

powerful models deemed by standard classification and retrieval benchmarks [Deng et al., 2009; Lin et al.,

2014]. Our work further alleviates common artifacts in existing compositionality benchmarks that result

in overestimation of a model’s capability. We hope our proposed benchmark SUGARCREPE leads to more

faithful assessment of a vision-language model’s compositionality, and can hence guide more accurate usages

of the models. Nevertheless, we note that strong performances on SUGARCREPE do not imply perfect models.

We envision SUGARCREPE being one of the many benchmarks used to comprehensively understand the

abilities of vision-language models from various aspects.

79





Chapter 5

Data for Improved Vision-Language Model:

Instruction Tuning Enables Zero-Shot

Conditional Image Representations

5.1 Introduction

In recent years, vision foundation models that are pretrained with large-scale datasets [Dosovitskiy, 2020;

Chen et al., 2022; Radford et al., 2021b; Schuhmann et al., 2022a] have become the cornerstone for visual

feature extraction, powering downstream applications ranging from classification [Dosovitskiy, 2020],

segmentation [Caron et al., 2021], retrieval [Radford et al., 2021b], to multimodal large language models

(MLLMs) [Ramesh et al., 2021; Li et al., 2022a; Liu et al., 2024a; Reid et al., 2024; McKinzie et al., 2024;

Driess et al., 2023]. Despite the variety of pretraining schemes [Radford et al., 2021b; Caron et al., 2021; He

et al., 2022; Oquab et al., 2023; El-Nouby et al., 2024], most commonly used vision foundation models, such

as CLIP [Radford et al., 2021b], are designed to encode the rich information contained in (a patch of) an

image into a single feature vector, wherein this general feature representation is expected to encapsulate all

information that may be leveraged by various potential downstream tasks.

However, by aiming to extract general-purpose features that can serve as many downstream tasks as

possible, image representations obtained from these task-agnostic vision foundation models may inevitably
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Image CLIP embedding space FocalLens embedding space

Condition: “background” Condition: “quantity”

Figure 5.1: For a given image, the CLIP embedding space is static and structured based on overall semantics.
However, FocalLens dynamically rearranges the embedding space based on the specified condition, bringing
instances that are more similar under that condition closer together. We show the top-2 nearest neighbors for
both CLIP and FocalLens embeddings (once conditioned on “background” and once on “quantity”).

compromise relevant information that is specific to the downstream task of interest. For instance, CLIP

models are known to produce image representations that capture the high-level semantics well [Radford et al.,

2021b; Ramesh et al., 2021], but often struggle with understanding the finer-grained details and intrinsics of

the image, such as attribute associations, spatial relationships, camera perspective, and so on [Vaze et al.,

2023; Hsieh et al., 2024b; Tong et al., 2024b].

In this chapter, instead of aiming to learn a model that produces a fixed image representation in fulfilling

different goals, we consider learning an adaptive vision foundation model that encodes an image differently

conditioned on the downstream task of interest, allowing the resultant image representations to prioritize

information relevant to the specified condition over other available semantics. Furthermore, as opposed to

pre-defining the downstream tasks in a priori [Salehi et al., 2024; Wu et al., 2021], our goal is an adaptive

generalist model that is able to adapt to broad potential use cases in a zero-shot fashion. Specifically, we

consider utilizing free-form natural language texts as a rich and flexible interface to condition 1 the model

given different downstream purposes, inspired by recent literature [Wei et al., 2021; Su et al., 2022; Liu et al.,

2024a]. For instance, given a task of retrieving images of similar background scene to a given query image,

by specifying through the text condition: “What is the background in the image?”, we expect to guide the

model in focusing more on the background features of the image, as illustrated in Figure 5.1.

We introduce FocalLens, a contrastive finetuning framework that transforms a pretrained vision-language

model (VLM) into a text-conditioned vision encoder that is able to produce visual representations with better

1We use “condition (conditional)” and “adapt (adaptive)” interchangeably in this paper.
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“focus” on the information relevant to the given instructions. Specifically, leveraging visual instruction tuning

dataset [Dai et al., 2023; Liu et al., 2024a], in the format of (instruction, image, output), FocalLens

aligns the visual representation of image to better adhere to instruction, using the corresponding

output to guide the alignment. To demonstrate this approach, we apply FocalLens to representative

pretrained MLLM and vision encoder: LLaVA [Liu et al., 2024a] and CLIP [Radford et al., 2021b], and name

the resultant text-conditioned vision encoder models FocalLens-MLLM and FocalLens-CLIP respectively, as

illustrated in Figure 5.2.

Through extensive evaluations on over 60 tasks, we observe that FocalLens models demonstrate a strong

ability to condition representations based on the given text instructions, significantly outperforming existing

baselines like CLIP. On average, FocalLens achieves up to 9 points higher performance, with even greater

improvements on specific tasks, for image-image retrieval tasks. In addition, when used in downstream

applications, FocalLens’s conditional image representations further lead to clear gains compared to existing

baselines. For instance, on image-text retrieval benchmarks, we show an average improvements of 5 and 10

points respectively on SugarCrepe [Hsieh et al., 2024b] and MMVP-VLM [Tong et al., 2024b], comparing

favorably to other CLIP models that are much larger (up to 2.5×) in size. On image classification, FocalLens

also shows superior performances than CLIP, especially in low-data regime. Finally, further qualitative study

showcases various intriguing application scenarios that can be supported by FocalLens.

5.2 Related work

Foundation models for vision encoding. Modern vision foundation models trained on web-scale datasets

[Dosovitskiy, 2020; Jia et al., 2021; Schuhmann et al., 2022a; Oquab et al., 2023] are used as the common

underlying visual feature extractor to produce image representations that drive various downstream appli-

cations [Radford et al., 2021b; Ramesh et al., 2021; Kirillov et al., 2023; Zhou et al., 2022]. While there

are many pretraining objectives [Oquab et al., 2023; He et al., 2022; El-Nouby et al., 2024; Radford et al.,

2021b], existing schemes typically train the vision models to produce a single “general” image representation

that hopefully captures all relevant information contained in the given image, or utilize information derived

from diverse captions to help learning more discriminative image features [Lavoie et al., 2024]. Nonetheless,

as an image naturally contains rich and dense information, a fixed and general-purpose representation may
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not sufficiently pronounce information relevant to specific downstream contexts of interest [Kar et al., 2024;

Wang et al., 2024a; Tong et al., 2024b; Hsieh et al., 2024b]. Our work aims to learn vision encoder that is

capable of extracting different representations from a single image conditioned on downstream use cases

at test-time, different from universal image embedding approaches that aim to learn a universal model for

different domains without explicit conditioning [Google Research, 2023; Ypsilantis et al., 2023].

Conditional vision representations. Implicit and task-specific conditioning of visual features have been

studied in the literature [Liu et al., 2024a; Dai et al., 2023; Tong et al., 2024a; Eftekhar et al., 2023; Vani

et al., 2024; Chameleon Team, 2024]. For instance, the hidden representations in MLLMs may be interpreted

as a type of conditional image representation, where the visual features are fused with text instructions for

producing different output responses. Nonetheless, conditional visual representations considered in prior

work are designed specifically to their model and respective applications, e.g., generative conversations [Dai

et al., 2023] and embodied AI [Eftekhar et al., 2023]. In this chapter, we are interested in conditional visual

representations that may be used for various downstream applications, such as classifications, image-image

or image-text retrieval.

Vision-language joint representation learning. There is a rich literature in vision-language (joint) rep-

resentation learning [Lu et al., 2019; Li et al., 2019; Kim et al., 2021; Radford et al., 2021b; Jiang et al.,

2024a]. Our work is related as we aim for a model that can comprehend both images and natural language

conditions. Concurrent to ours, recent works [Jiang et al., 2024a,b] consider MLLM’s output space as a

universal representation space for both vision and language inputs. Nonetheless, in addition to the MLLM-

based approach, we study an alternative promising CLIP-based approach with comprehensive analysis which

leads to various performance benefits. Relatedly, composed image retrieval [Wu et al., 2021; Saito et al.,

2023; Zhang et al., 2024] considers developing models of underlying similar capabilities that generate image

embeddings given both image and text. However, different from our goal to use text conditioning to extract

downstream-specific intrinsic visual features, their goal is to extrinsically “compose” semantics from both

texts and images, largely towards image-retrieval purposes.
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“What is the type 
of the dog?”
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“The dog is a Yorkshire 
Terrier.”
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(a) FocalLens-MLLM

Vision Encoder

Text Encoder
🔥

Adapter 🔥
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(b) FocalLens-CLIP

Figure 5.2: FocalLens is applied to two vision-language models to extract text-conditioned visual features:
(a) modifying Llava-like VLMs, which already have text-conditioning capabilities, to produce a global visual
feature, and (b) modifying ViT [Dosovitskiy, 2020] based CLIP-like VLMs, which already produce a global
visual feature, to condition their output feature based on a text condition.

5.3 Conditional embeddings via instruction contrastive tuning

Our goal is to develop an adaptive vision foundation model that is capable of encoding an image into tailored

embeddings conditioned on the downstream task of interest, as specified through natural language texts.

We consider the visual instruction tuning data [Liu et al., 2024a], which covers diverse tasks, and has

demonstrated great generalization of MLLMs in different benchmarks. The visual instruction tuning data is

in the triplet format of (image, instruction, output). For instance, given an image of “a Yorkshire

Terrier wearing a green cloth”, the output is “The dog is wearing a green cloth with strawberry prints on it”

with the instruction “What is the dog wearing?”. Alternatively, when the instruction is “What is the

type of the dog”, the output is “The dog is a Yorkshire Terrier” correspondingly. MLLMs [Dai et al., 2023;

Liu et al., 2024a] leverage the triplet instruction tuning for text generation: given (image, instruction),

generating output. Instead, we propose to utilize contrastive learning [Radford et al., 2021b] on the triplet

instruction tuning data. Specifically, given an image encoder conditioned on the instruction, we match the

output embedding with a text embedding of output. We call the proposed method as FocalLens, which

leverage instruction tuning data to contrastively tune the pretrained image encoder, such that it can better

focus on desired information and generalize to diverse downstream tasks. We explore tuning two different

representative vision-language models with FocalLens: MLLMs (Sec. 5.3.1) and CLIP (Sec. 5.3.2).
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5.3.1 FocalLens with MLLMs

MLLMs [Liu et al., 2024a; Dai et al., 2023] generate textual responses regarding an image based on the given

input text instructions. Given (instruction, image), the goal is to generate output. However, as the

original model objective is text generation rather than producing explicit representation for downstream tasks,

the conditional visual information may be dispersed throughout the model, and there is no direct access to

them by design.

In FocalLens, instead of training the MLLM to generate output given (image, instruction) as in

the original auto-regressive objective, we append a special indicator token <eos_token> to MLLM’s input

sequence, and consequently train the indicator’s output token to align with the CLIP text embedding of the

targeted output in a constrative manner. Here, we use an off-the-shelf frozen CLIP text encoder to obtain the

target output embedding. With the contrastive objective, we encourage the model to condense information

relevant to the image, with the specified instructions, into a single output representation. We show the overall

model architecture in Figure 5.2a.

5.3.2 FocalLens with CLIP

Unlike MLLMs, CLIP models by design generate image representations [Radford et al., 2021b], where these

image embeddings are already widely utilized in a variety of downstream tasks [Ramesh et al., 2021; Liu

et al., 2024a]. However, CLIP models are inherently limited to producing a fixed representation for each

image, regardless of the downstream task of interest. Although strong in capturing high-level semantics, these

general visual features are shown to lack various aspects of fine-grained image details that can be critical for

downstream tasks [Hsieh et al., 2024b; Tong et al., 2024b]. To tackle this, we propose to make CLIP’s vision

encoder task-aware, such that it is able to adapt its representations based on specific requirements, thereby

capturing specific aspects of the image essential for different applications.

To incorporate natural language instructions into CLIP’s vision encoder, we consider first converting

instruction into a “condition text embedding”, which is then treated as an additional token that is fed into

the image encoder alongside the standard image tokens and the CLS token. Afterwards, the model is trained

as in standard CLIP using a contrastive loss, aligning the resultant text-conditioned image representations with

their corresponding textual outputs. By instruction tuning, we aim to allow the vision encoder to generalize
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to a broad range of scenarios of interest that can be described via natural language at test-time [Wei et al.,

2021; Su et al., 2022]. We illustrate the FocalLens-CLIP training setup in Figure 5.2b.

5.4 Experiments

In this section, we first demonstrate the benefits of conditional image representations (Sec. 5.4.1) over the

generic representations produced by CLIP, using a toy dataset. We then extensively evaluate FocalLens

models’ capability in characterizing downstream conditions on a variety of tasks, compared to existing

baselines (Sec. 5.4.2). By zooming in on FocalLens-CLIP, we demonstrate that its conditional image

representations improve performance across a range of downstream tasks, including image-text retrieval,

image classification, and image-image retrieval (Sec. 5.4.4).

Setup. We train FocalLens models with the visual instruction tuning data used in LLaVA [Liu et al., 2024a].

The dataset contains around 150k examples, wherein 60k examples are multi-turn conversations and thus

can be treated as multiple triplets of (image, instruction, output), where the image remains the

same. During training, we expand conversation data within batches to encourage models to output different

representations given the same image but different instructions. For FocalLens-MLLM, we follow the training

recipe of LLaVA [Liu et al., 2024a] to obtain a base MLLM before further training with the proposed

contrastive loss. For FocalLens-CLIP, we initialize the base CLIP model with OpenAI’s CLIP-ViT-L-14-

336 [Radford et al., 2021b], which is also the underlying vision encoder used in LLaVA. We initialize the

additional text encoder for instructions to have the same weight as the original text encoder.

For contrastive instruction tuning, given a batch of triplet instruction data (x
(i)
img,x

(i)
ins,y

(i)), where y(i) is

the expected output for sample i, we form the pair-wise similarity matrix S, such that

Si,j = ϕ(x
(i)
img,x

(i)
ins)

TT (y(j)), (5.1)

where ϕ is the encoding process that produce the conditional image embedding from both image ximg and

instruction xins, and T is the (frozen) text encoder that generates the target embedding from y. We apply

scaled Softmax to the rows of similarity matrix and compute the contrastive loss following CLIP [Radford
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et al., 2021b]. We report further training details in Sec. D.3. In addition, we report all prompts used for

conditioning FocalLens models during evaluation in Sec. D.4.

Image-image retrieval as an evaluation protocol. We consider the common image-image retrieval

evaluation to measure the quality of image representations produced from different vision encoders [Google

Research, 2023; Caron et al., 2021]. Specifically, given a query image, image-image retrieval tasks the model

to retrieve other images from a gallery that are “similar” to the query image. We are especially interested in

the scenario wherein the very definition of “similar” changes as the downstream tasks vary [Vaze et al., 2023].

To facilitate such evaluations, we adopt datasets where we may define various similarities between images

based on test-time interest determined through a text condition. We introduce these datasets in the following

sections. For each dataset, when not otherwise specified, we report mean Average Precision (mAP) as the

evaluation metric.

5.4.1 Conditional representations better characterize task-specific details

We empirically validate the benefits of having the flexibility to encode an image based on the given condition

of interest over using a fixed representation when downstream purpose varies, as considered in most prevailing

vision encoding paradigms [Radford et al., 2021b; Caron et al., 2021]. Here, we restrict ourselves to a toy

dataset to demonstrate the idea, and we shall expand our studies in the following sections.

A toy ColorShape dataset. ColorShape is a synthetic dataset where each image contains a certain

colored shape. There are in total 4 different colors and shapes respectively. We generate 500 different images

with random position and size of the object for each combination of color and shape. At test-time, we may

define the intent for retrieval based on different aspects. Specifically, we may group each image into different

categories based on either only its color, only its shape, or both. Figure 5.3 shows some examples from the

dataset.

The pretrained CLIP model [Radford et al., 2021b] serves as the standard encoder baseline where the

image representations are fixed even when the test-time condition varies. For the conditional vision encoders,

we consider both FocalLens-MLLM and FocalLens-CLIP models discussed in Sec. 5.3. We show their

retrieval performances on the ColorShape dataset when the test-time condition varies.

Non-adapative image representations overlook specific aspects of images. From Table 5.1, on
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the simple ColorShape dataset, CLIP yields almost perfect retrieval performances when we define image

categories based on both color and shape. However, in the context where we are specifically interested in

categorizing images based only on the color, CLIP’s performance drops significantly to 57 mAP point. On the

other hand, when we define similarity based only on shape, CLIP achieves relatively better performances at 90

mAP point. Combining the results, while CLIP can produce general representation that is strong at grouping

objects of certain shape and color together, its overall representation space is biased towards the “shape” of

objects, and much less discriminative over the “color” aspect. This also echos the observations made in recent

works [Tong et al., 2024b; Hsieh et al., 2024b], suggesting that CLIP’s representation, while powerful for

general tasks, may overlook fine-grained details such as color, highlighting a need for approaches to better

adapt and capture the nuanced visual characteristics, depending on the task at hand.

Conditional image representations better capture information relevant to the downstream task. In

Table 5.1, as opposed to CLIP model, the conditional image representations produced from both adaptive

vision encoders, the MLLM-based and the CLIP-based model, achieve much more balanced (and superior)

results than CLIP’s representation when the downstream condition varies. When averaged across three

different scenarios (“color”, “shape”, and “both”), both conditional vision encoders improve over 10 mAP

point compared to CLIP. The conditional CLIP-based model also always outperforms CLIP, when evaluated

separately on the three respective conditions.

In addition to using discrete color labels (e.g., “red”, “blue”) to define image similarity, we also consider a

more sophisticated setup where image similarity is measured based on L2 distance in RGB space. Specifically,

in this Continuous Color variant, we assign randomly sampled RGB colors to the objects. During evaluation,

our goal is to retrieve images with colors closer to that of the query image. We compute the rank correlation

between the similarity measured in the model’s image representation space and the ground-truth similarity

defined in RGB space. In this setup, both FocalLens models significantly outperform CLIP as show in the

last column of Table 5.1.

5.4.2 FocalLens improves image representations across benchmarks

Using the ColorShape toy dataset, we validated the benefits of adapting image representations for downstream

tasks. We now compare FocalLens to existing vision encoders and relevant baselines across a comprehensive
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Figure 5.3: ColorShape examples
with a query image, three conditions,
and corresponding positives and dis-
tractors.

ColorShape Cont.
ColorModel Color Shape Both Avg.

CLIP (task-agnostic) 57.10 90.24 99.36 82.23 0.158

FocalLens-MLLM 99.94 82.56 98.92 93.80 0.560
FocalLens-CLIP 87.28 93.51 99.99 93.59 0.405

Table 5.1: Image-image retrieval results on ColorShape dataset.
Conditional representations from FocalLens better capture the given
conditions compared to the task-agnostic representations of CLIP.

set of evaluation benchmarks.

Evaluation benchmarks. We consider a total of 49 different tasks across 4 coarse-grained categories in

our evaluation suite as briefly described below. We include dataset details in Sec. D.1.

• CelebA-Attribute [Liu et al., 2015]: CelebA is a dataset consisting of celebrity face images. Each face

image is associated with various properties spanning from the hair color of the person, the eyebrow shape,

to whether the person is wearing eyeglasses, and so on. We vary the downstream condition of interest

across different properties for retrieval. For instance, when conditioned on “eyeglasses” with a query

image showing a person is (not) wearing eyeglasses, the model is tasked to retrieve other face images with

(without) eyeglasses. We manually select a total of 29 different properties that can be objectively labeled,

and exclude more subjective properties such as “attractiveness” or “young”. We notice that the class within

each attribute may be imbalanced, resulting in high mAP even with random guess. We thus report scaled

performances w.r.t. random guess by: p−r
1−r , where p is the original mAP and r is the random guess mAP.

• GeneCIS [Vaze et al., 2023]: GeneCIS presents various image retrieval tasks for evaluating conditional

image similarity. Given a query image (“a white laptop”) and a condition (“color”), the goal is to retrieve

the most similar image (another “white laptop”) from a gallery that contains implicitly similar distractors

with wrong conditions (e.g., “a black laptop”). We report the “Focus attribute” and “Focus object” tasks

from GeneCIS. As each query image contains only a single positive in the gallery, we report Recall@3

following prior work [Zhang et al., 2024].
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Table 5.2: Results on CelebA-Attribute and GeneCIS.

CelebA-Attribute GeneCIS

Model Blond Hair Smiling Wavy Hair Lipstick Avg. 29 tasks Attribute Object Avg.

CLIP 6.20 8.68 7.54 41.45 13.59 43.10 25.81 34.46
InstructBLIP 21.03 21.71 13.91 34.64 16.19 47.00 34.03 40.52
MagicLens 8.24 9.98 10.76 54.12 13.42 39.00 35.50 37.25

FocalLens-MLLM 25.76 34.43 17.61 68.07 22.67 45.35 30.20 37.78
FocalLens-CLIP 32.22 22.11 16.89 62.50 21.32 43.30 43.72 43.51

Table 5.3: Results on ImageNet-Subset and fine-grained classification datasets.

ImageNet-Subset Fine-grained classification datasets

Model Ball Cat Dog Fish Avg. 14 tasks Flower Car Aircraft Food Avg.

CLIP 64.63 53.00 16.55 61.79 51.03 83.87 45.14 25.96 58.66 53.41
InstructBLIP 66.44 51.22 9.60 59.16 47.67 80.26 25.97 13.47 54.32 43.51
MagicLens 68.10 50.14 17.28 58.84 46.36 74.88 23.95 17.55 65.13 45.38

FocalLens-MLLM 78.99 53.24 29.25 57.40 52.34 43.92 18.59 14.73 50.93 32.04
FocalLens-CLIP 70.01 56.80 33.15 65.37 55.29 80.23 54.72 21.44 64.16 55.14

• ImageNet-Subset [Deng et al., 2009]: In addition to the above benchmarks with specific downstream

conditions of interest, we as well evaluate our models on standard ImageNet classes, where the condition

corresponds to the image “classes” as defined by ImageNet. Specifically, we create 14 different retrieval

sub-tasks based on coarse-grained categories from WordNet [Miller, 1995] hierarchy (e.g., ball, bird, dog,

etc.). In each task (e.g., dog), the goal is to retrieve images (from all dog images) with the same type of

instance (same breed of dog) as the query image.

• Fine-grained classification datasets: Similar to ImageNet, we incorporate 4 finer-grained classification

datasets, including Oxford Flowers [Nilsback and Zisserman, 2008], Stanford Cars [Krause et al., 2013],

FGVC Aircraft [Maji et al., 2013], and Food-101 [Bossard et al., 2014].

Baselines. We consider CLIP [Radford et al., 2021b] as the task-agnostic vision encoder model. We also

compare to models that are able to generate conditional visual representations, including the Q-former used

in InstructBLIP [Li et al., 2023d; Dai et al., 2023], and MagicLens [Zhang et al., 2024] that is designed

specifically for composed image-retrieval with open-ended instructions. We include details of the baselines

in Sec. D.2.
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FocalLens improves significantly over existing baselines given specific downstream conditions.

From Table 5.2, both variants of FocalLens provide significant gains over the task-agnostic CLIP baseline

on CelebA-Attribute and GeneCIS, when there are specific conditions to respect. We see an overall gain

of 9 points on CelebA-Attribute. Looking more closely at the individual conditions on CelebA-Attribute

(complete results reported in Sec. D.5), we observe that when the condition of interest is “smiling”, we see a

significant gap of 26 points between CLIP and FocalLens, where the gap is as large as 48 points on certain

attributes. Similarly on the GeneCIS benchmark, by specifying the attribute such as color or certain object to

focus on, FocalLens improves over CLIP by an average of 9 points.

On CelebA-Attribute and GeneCIS, we also see FocalLens models demonstrate outperforming (or

favorable) results when compared to prior task-aware vision encoders (i.e., InstructBLIP and MagicLens), that

are also given the downstream condition of interest when generating the image representations. Specifically,

FocalLens-CLIP achieves the best overall performances, winning over the stronger InstructBLIP baseline by

5 and 3 points respectively on CelebA-Attribute and GeneCIS, validating the effectiveness of our proposed

strategy.

FocalLens maintains or improves over existing baseline on generic conditions. In Table 5.3, we

compare model performances on ImageNet-Subset and the fine-grained classification datasets, where the

downstream goal is generic instance classification. First, CLIP model demonstrates competitive performances

on both ImageNet-Subset and fine-grained classification tasks, showing that its embeddings are indeed strong

at representing generic features when it comes to standard “type” classification. In contrast, InstructBLIP and

MagicLens suffer performance drops on both ImageNet-Subset and fine-grained tasks. On the other hand, we

see FocalLens (especially FocalLens-CLIP) maintains comparable performances to CLIP on fine-grained

datasets and attains even better performances on ImageNet-Subset. We explain the improvement on ImageNet

by that conditioning FocalLens with instructions such as “What is the type of dog?” helps the model to better

focus on the specific object of interest but not other potential distractors in the image (e.g., the “toy” besides

the dog).
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5.4.3 Comparative analysis of FocalLens variants

Both FocalLens-MLLM and FocalLens-CLIP yield promising results in the experiments. One major difference

between FocalLens-MLLM and FocalLens-CLIP is their underlying pretrained models’ output modality.

Specifically, the original MLLM model in FocalLens-MLLM is trained to autoregressively produce textual

outputs, while CLIP’s vision encoder is trained to produce image embeddings. We are thus interested in

understanding whether this difference affects the underlying characteristics of the output representations in

FocalLens-MLLM and FocalLens-CLIP.

To test this, we consider downstream conditions that require visual features beyond semantic concepts

that are describable by text. In particular, on CelebA, instead of considering conditions such as whether the

person is wearing glasses or not, which is answerable in simple words (“yes” or “no”), we consider a fuzzy

condition where the image similarity is defined by the identity of the person. Textual representations that

do not carry visual information may fail at achieving good performance on this task, as identity is hardly

describable through natural language.

In Table 5.4, we observe that FocalLens-MLLM suffers from a clear performance gap compared to

FocalLens-CLIP. This suggests that FocalLens-MLLM may rely more on MLLM’s original textual output

modality, which is limited for tasks requiring rich visual information. Similar observations are also hinted by

its relatively low performance on fine-grained classification results in Table 5.3. In contrast, FocalLens-CLIP,

with its underlying model being a vision encoder, is better suited for tasks requiring richer visual detail.

Based on this observation, we focus on FocalLens-CLIP for the remainder of the experiments.

Table 5.4: Comparison between FocalLens-MLLM and FocalLens-CLIP on fuzzy conditions with CelebA-
Identity.

Model CelebA-Identity

FocalLens-MLLM 14.48
FocalLens-CLIP 46.84

5.4.4 FocalLens representations improve downstream applications

In addition to evaluations based only on image representations, we show how image representations produced

from FocalLens-CLIP can drive improvement on downstream tasks including image-text retrieval and image
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Table 5.5: Image-Text Retrieval on SugarCrepe for vision-language compositionality evaluation.

SugarCrepe

Model Replace-obj Replace-att Replace-rel Swap-obj Swap-att Add-obj Add-att Avg.

OpenAI ViT-L-14 [Radford et al., 2021b] 94.49 80.58 66.78 64.08 62.46 80.74 74.27 74.77
OpenAI RN50x64 [Radford et al., 2021b] 94.49 83.50 70.63 61.79 66.67 83.27 73.99 76.33
LAION ViT-g-14 [Schuhmann et al., 2022a] 95.76 85.03 72.40 63.01 71.17 91.51 82.08 80.14

FocalLens-CLIP 95.64 84.51 75.53 65.30 66.36 86.12 83.09 79.51

Table 5.6: Image-Text Retrieval on MMVP-VLM.

MMVP-VLM

Model Orientation Presence State Quantity Spatial Color Structure Text Camera Avg.

OpenAI ViT-L-14 [Radford et al., 2021b] 6.7 20.0 26.7 6.7 13.3 33.3 46.7 20.0 13.3 20.7
MetaCLIP ViT-H-14 [Xu et al., 2023a] 6.7 13.3 60.0 13.3 6.7 53.3 26.7 13.3 33.3 25.2
EVA01 ViT-g-14 [Sun et al., 2023a] 6.7 26.7 40.0 6.7 13.3 66.7 13.3 13.3 20.0 23.0

FocalLens-CLIP 6.7 33.3 33.3 40.00 26.7 66.7 20.0 26.7 20.0 30.4

classification in a low-data regime where only a small amount of downstream task data is available for

training.

Image-text retrieval. A prevailing usage of image representations is to enable cross-modality retrieval.

Here, we include two image-text prediction benchmarks, where the goal is to predict the correct textual

description of a given image. Specifically, we adopt SugarCrepe [Hsieh et al., 2024b] and MMVP-VLM [Tong

et al., 2024b]. SugarCrepe presents challenging hard-negative text distrators along with a positive description

for the model to select from, where existing models are shown to struggle with. Similarly, MMVP-VLM

particularly collects examples with visual patterns where CLIP vision encoder are shown to fall short.

In Table 5.5 on SugarCrepe, we compare FocalLens-CLIP to several standard CLIP models of different

sizes, and trained with different data sizes. First, compared to the underlying CLIP model used in FocalLens-

CLIP (i.e., OpenAI ViT-L-14), FocalLens-CLIP achieves around 4.7 point improvements on average, with

consistent improvements across all different sub-tasks with individual gains up to 9 points on Replace-rel

and Add-att. Interestingly, the two sub-tasks test the model’s capability in understanding fine-grained

relationships and attributes in the image, where standard CLIP models struggle the most [Hsieh et al.,

2024b]. This suggests FocalLens-CLIP’s image representations are able to better characterize fine-grained

visual details. Furthermore, by scaling up the model size from 428M to 623M, the RN50x64 model still

underperform our smaller FocalLens-CLIP model (551M for both image and text encoders). On the other

hand, FocalLens-CLIP shows competitive performances compared to the 2.5× bigger ViT-g-14 model trained
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on 5× more data.

From Table 5.6 on MMVP-VLM, we see FocalLens-CLIP significantly outperforms the baseline ViT-

L-14 model consistently across all sub-tasks, by an average of 9.7 points. Furthermore, we note that our

FocalLens-CLIP model also compares favorably to the much larger ViT-H-14 (1.8× larger) and ViT-g-14

(2× larger) on individual sub-tasks, where FocalLens-CLIP achieves the best overall performance with a lead

of 5.2 point.
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Figure 5.4: Linear probing results compar-
ing CLIP and FocalLens-CLIP.

Linear probing in low-data regime. We evaluate the per-

formance of FocalLens-CLIP in a linear probing setup, where

only a small amount of downstream task data is available for

training. We use the largest dataset in ImageNet-Subset intro-

duced in Sec. 5.4.2, focusing on different dog breeds (a total

of 118 classes). In the low-data setup [Henaff, 2020; Luo et al.,

2017; Vemulapalli et al.], we assume there are k instances avail-

able for each class for training and consider k = 5, 10, 15. We

freeze the backbone and replace the CLIP projection layer with

a linear layer to perform 118-way classification. The linear

probe is trained for 100 epochs following prior works like [Liu et al., 2024b]. We sweep over learning

rates from 1e-2 to 1e-4 in steps of 2.5e-3 and report the performance of the best checkpoint. We compare

FocalLens-CLIP to OpenAI ViT-L-14 in this setup, as shown in Figure 5.4. In the extreme setting, where

only 5 instances per class is available to train the linear probe, FocalLens-CLIP outperforms CLIP-ViT-L by

5.3%. This result further reinforces our observation that conditional image representations are more efficient

in extracting information relevant to downstream tasks.

Qualitative analysis on conditional image-retrieval. We qualitatively compare the top-k images

retrieved by using FocalLens-CLIP’s conditional image embeddings with those retrieved by standard CLIP,

specifically when given various downstream conditions. For this qualitative study, we treat all images in the

14 coarse-grained categories considered in ImageNet-Subset as the gallery for retrieval. In Figure 5.5, we

showcase several intriguing examples across various aspects of conditioning FocalLens-CLIP captures. In the

top-left example, we consider a scenario where we are interested in retrieving images of similar background
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Figure 5.5: Comparison between CLIP and FocalLens-CLIP on conditional image retrieval.

to the query image. Given the query image of “a goose on a grassy field”, although the images retrieved by

CLIP do all contain goose, all images have the background of water instead of grassy field. Conversely, we

see images retrieved by FocalLens-CLIP all have similar grassy background as expected. Similarly, in the

top-right, we see FocalLens-CLIP faithfully reflects the interested condition of quantity, retrieving images

with 3 dogs as in the query image, whereas images retrieved by CLIP is largely based on their instance type

(same species of dog), and cannot reflect the downstream interest. More examples demonstrate that color or

even implicit visual features such as camera angle can also be characterized by FocalLens-CLIP.

5.5 Discussion

In this chapter, we introduced FocalLens, a zero-shot conditional visual embedding model that focuses the

representation on specific aspects of the image described in the given text. FocalLens is trained using existing

visual instruction tuning datasets to align the conditional image representation with the textual description.

Experiments on a comprehensive set of tasks, including image-to-image retrieval, image classification, and

image-to-text retrieval, demonstrate that FocalLens matches or exceeds the performance of state-of-the-art

models.

Limitations. Although experiments demonstrate that FocalLens can be effectively trained using visual

instruction tuning datasets, model performance could be enhanced by designing customized datasets for this
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task, which we leave for future study. Moreover, the relatively small scale of the visual instruction tuning

datasets may hinder alignment accuracy for highly specialized concepts that are entirely absent from the

dataset.
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Chapter 6

Conclusion

This thesis addresses two central challenges in the development of modern large-scale AI systems: the efficient

deployment and adaptation of large models, and the effective curation of data for evaluating and improving

model capabilities. The work spans both the model and data axes across two major modalities—natural

language processing and computer vision.

On the model side, we propose practical strategies to deploy and adapt large language models (LLMs)

in resource-constrained settings. Through methods such as distillation and attention calibration, the thesis

demonstrates how smaller models can achieve strong performance without costly data annotations, and how

models can effectively adapt to new knowledge domains leveraging external input contexts.

On the data side, we focus on vision-language models (VLMs) and introduce approaches to benchmark

and improve their compositional reasoning abilities. We reveal limitations in existing benchmarks, and

present a new dataset for more reliable evaluation. Furthermore, by strategically leveraging vision instruction

tuning data, we propose a new vision-language model training framework that produces context-aware image

representations able to adapt to different downstream needs, ultimately providing ubiquitous performance

gains on various tasks.

Together, these studies offer a holistic view of how to scale AI systems in a more efficient, effective,

and reliable manner. By addressing challenges at the intersection of model and data, we envision this thesis

contributes toward making powerful AI more accessible across real-world applications.
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Grzegorz Makosa, Boris Bluntschli, Mojtaba Seyedhosseini, Ondřej Chum, and André Araujo. 2023.
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Chapter A

Appendix: Efficient Language Model

Deployment

A.1 Experiment detail

A.1.1 Implementation

We perform our experiments on cloud A100×16 GPU instances. We train the T5 models with the follow-

ing hyperparameters, using publicly available packages from https://github.com/huggingface/

transformers:

• T5-Base (220M) and T5-Large (770M): We train the models with learning rate = 5×10−5, batch size =

64, max input length = 1024, for a maximum of 10000 steps.

• T5-XXL (11B): We train the models with learning rate = 5×10−5, batch size = 32, max input length =

1024, for a maximum of 4000 steps.

We report all the results over 4 random runs, and include the standard error in the presented plots.

A.1.2 Datasets

We provide more detailed descriptions on the datasets used in our experiments. We include the sources from

which we obtain the datasets as well as their original sources released from the authors. We refer readers to
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these sources for their license or terms for use and/or distribution. To the best of our knowledge, the datasets

used do not contain information that names or uniquely identifies individual people or offensive content.

• e-SNLI: The dataset was originally released in [Camburu et al., 2018], and made publicly available at

https://github.com/OanaMariaCamburu/e-SNLI. We obtain the dataset from https:

//huggingface.co/datasets/esnli.

• ANLI: The dataset was originally released in [Nie et al., 2020], and made publicly available at

https://github.com/facebookresearch/anli. We obtain the dataset from https://

huggingface.co/datasets/anli. We use the R1 split in our experiments.

• CQA: The dataset was originally released in [Talmor et al., 2019], and made publicly available

at https://www.tau-nlp.sites.tau.ac.il/commonsenseqa. It was then augmented

with human-labeled explanations by [Rajani et al., 2019], which is available at https://github.

com/salesforce/cos-e. We obtain the dataset used in our experiments from https://

huggingface.co/datasets/cos_e.

• SVAMP: The dataset was originally released in [Patel et al., 2021]. We obtain the dataset from

https://github.com/arkilpatel/SVAMP.

• ASDiv: The dataset was originally released in [Miao et al., 2020]. We obtain the dataset from

https://github.com/chaochun/nlu-asdiv-dataset.

For each dataset, we randomly subsample 10% of the original training set to serve as validation set when

validation set is not originally provided. For CQA, we use the original validation set to serve as our test set

since the ground-truth labels are not available for the original test set. We provide the dataset statistics in

Table A.1.

Table A.1: Dataset statistics used in our experiments.

Dataset Train Validation Test

e-SNLI 549,367 9,842 9,824
ANLI 16,946 1,000 1,000
CQA 8,766 975 1,221
SVAMP 720 80 200
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Chapter B

Appendix: Effective Language Model

Adaptation

B.1 Multi-doc QA datasets

We use NaturalQuestions [Kwiatkowski et al., 2019]1 (released in Apache-2.0 license) and SynthWiki [Peysakhovich

and Lerer, 2023]2 to conduct the experiments. Both datasets contains question-answer pairs, a gold document

contains the answer, and K − 1 distractor documents, where K = 10 and 20.

The NaturalQuestions dataset is the subset with 2655 queries selected by Liu et al. [2023b]3 where the

annotated long answer is a paragraph. The k − 1 distractor passages are Wikipedia chunks retrieved by

Contriever [Izacard et al., 2022a] that are most relevant to the query but do not contain any of the annotated

answers in NaturalQuestions. The distractor documents are presented in the context in order of decreasing

relevance.

The SynthWiki dataset [Peysakhovich and Lerer, 2023] is a synthetic multi-doc QA dataset with 990

entries. All the documents in SynthWiki are GPT-4 generated Wikipedia paragraphs for fictional people,

thus it can minimize the knowledge contamination issue from pre-training and ensure the LLMs can only

use information from the provided context. The distractor documents are randomly sampled and randomly

1https://github.com/google-research-datasets/natural-questions
2https://github.com/adamlerer/synthwiki
3https://github.com/nelson-liu/lost-in-the-middle
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ordered in SynthWiki.

NaturalQuestions is collected from public English Wikipedia articles and SynthWiki is collected by

GPT-4 automatic generation of English fake Wikipedia articles. These two dataset should not contain any

information that names or uniquely identifies individual people or offensive content. We ensure that the use

of these two datasets was consistent with their intended purpose for academic research and in accordance

with their specified licensing agreements.

B.2 Implementation details

In our experiments, we utilize tulu-2-7b and Vicuna-7b-v1.5-16k as the base models. Both models

consist of 32 decoder layers, each with 32 attention heads. In applying attention calibration method to

intervene model attention, we apply only to the last 16 decoder layers (and all of their attention heads). We

find that intervening early layers may lead to unstable generation. We leave finding the best set of attention

heads to intervene as future directions [Zhang et al., 2023].

In the experiments, we find attention calibration to be robust to the temperature term t in Eq. 3.5. We set

t = 5e−5 for all experiments.

B.3 Additional experiment results

Different model formulations. To approximate equation 3.1, in addition to linear models as shown

in equation 3.2, we also investigate log-linear models, which is defined as

log Attn(xdoc, k) = rel(xdoc) + bias(k) + ϵ, (B.1)

where ϵ is a noise. We compute rank correlation as described in Sec. 3.3. The result is shown in Table B.1.

The log-linear model and linear are competitive to each other, which all result in rank correlation above 0.75.

Table B.1: Rank correlations of linear and log-linear models.

Model form of f Rank correlation

Linear 0.76
Log-linear 0.75
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Table B.2: Our proposed attention intervention by calibrated attention stably improves models’ RAG
performances compared to existing re-ordering based baselines.

Gold position in 10 documents Gold position in 20 documents

Dataset Model Method 1st 5th 10th Avg. 1st 10th 20th Avg.

NaturalQuestion

Vicuna

Vanilla attention 74.35 54.83 52.01 60.39 71.93 47.34 50.65 56.64
Calibrated attention 70.84 62.61 55.78 63.07 66.40 56.19 51.75 58.11
Attention sorting 72.54 59.54 63.12 65.06 69.37 56.91 62.41 62.89
Prompt reordering - - - 64.63 - - - 58.68
LongLLMLingua-rk - - - 63.95 - - - 59.92
LongLLMLingua-rk + Cal. - - - 66.17 - - - 62.22

Tulu

Vanilla attention 70.50 48.81 49.26 56.19 56.94 35.32 46.59 46.28
Calibrated attention 71.52 57.13 63.54 64.06 57.17 43.08 61.5 53.91
Attention sorting 62.52 56.43 63.2 60.71 45.57 43.12 45.04 44.57
Prompt reordering - - - 58.77 - - - 44.64
LongLLMLingua-rk - - - 56.39 - - - 43.90
LongLLMLingua-rk + Cal. - - - 61.31 - - - 47.34

SynthWiki

Vicuna

Vanilla attention 65.15 48.68 68.58 60.80 53.73 43.63 60.20 52.52
Calibrated attention 68.58 53.83 74.14 65.52 57.77 51.21 68.78 59.25
Attention sorting 67.37 64.14 67.57 66.36 60.60 51.55 61.31 57.82
Prompt reordering - - - 70.20 - - - 62.22
LongLLMLingua-rk - - - 70.50 - - - 62.42
LongLLMLingua-rk + Cal. - - - 73.43 - - - 66.96

Tulu

Vanilla attention 92.22 81.51 94.34 89.35 80.40 60.30 95.75 78.81
Calibrated attention 92.92 87.77 95.25 91.98 82.22 75.15 96.14 84.50
Attention sorting 92.92 92.82 93.83 93.19 94.04 93.53 95.05 94.20
Prompt reordering - - - 94.04 - - - 95.55
LongLLMLingua-rk - - - 94.04 - - - 95.45
LongLLMLingua-rk + Cal. - - - 94.44 - - - 95.75

Experiment tables. Table B.2 shows the exact numbers in our experiments.

B.4 Compute and inference details

In the experiments, we use the Huggingface Transformer package4 with the two models: Tulu-2-7B5 and

Vicuna-7B-v1.5-16k6 both contains 7B parameters. We run the experiments with two NVIDIA A100 GPUs.

The inference time is roughly 1 to 3 hours on both datasets. We run our experiments with all greedy decoding

without any non-deterministic factor, so we only need to run the experiments for once. Our method is a pure

inference method, so there is no need to do training or hyperparameter searching.

4https://github.com/huggingface/transformers
5https://huggingface.co/allenai/tulu-2-7b
6https://huggingface.co/lmsys/vicuna-7b-v1.5-16k
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Chapter C

Appendix: Data for Reliable

Vision-Language Model Development

C.1 Implementation details

C.1.1 Hardware information

All experiments are run on a machine with an Intel(R) Xeon(R) CPU E5-2678 v3 with a 512G memory and

two 48G NVIDIA RTX A6000 GPUs.

C.1.2 Dataset sources

We obtain all existing datasets from their original sources released by the authors. We refer readers to these

sources for the dataset licenses. To the best of our knowledge, the data we use does not contain personally

identifiable information or offensive content.

• CREPE [Ma et al., 2022]: We obtain CREPE dataset from its official repository 1.

• ARO [Yuksekgonul et al., 2023]: We obtain ARO dataset from its official repository 2.

• VL-CheckList [Zhao et al., 2022]: We obtain VL-CheckList dataset from its official repository 3.
1https://github.com/RAIVNLab/CREPE
2https://github.com/mertyg/vision-language-models-are-bows
3https://github.com/om-ai-lab/VL-CheckList
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• COCO [Lin et al., 2014]: We obtain COCO from its official project website 4.

C.1.3 Software configuration

Models. We detail the sources of the pretrained models we use in the paper, and the hyper-parameters used in

training our own models.

• Vera model [Liu et al., 2023a]: We obtain pretrained Vera model released by its author 5.

• Grammar model [Morris et al., 2020]: We obtain the Grammar model released by the authors 6.

• All pretrained CLIP models: We obtain all pretrained CLIP models’ weights from OpenCLIP 7.

• NEGCLIP models: We obtain weights for pretrained NEGCLIP released by the authors 8. For training

from scratch and finetuning, we train RN50 and ViT-B/32 based on OpenCLIP codebase and set

hyper-parameters as the following: number of warmup steps is 1000, batch size is 256, learning rate

is 1e-4, weight decay is 0.1, number of epochs is 30. We augment the original CLIP loss with hard

negative captions following NEGCLIP [Yuksekgonul et al., 2023].

Evaluations. We base our evaluation framework on OpenCLIP [Ilharco et al., 2021]. We follow all

default hyper-parameters used for evaluating models.

C.2 Vision-language compositionality benchmarks

We provide an overview of existing vision-language compositionality benchmarks below, with Table C.1

summarizing the dataset comparisons.

C.2.1 Image-to-text formulation

A majority of current benchmarks formulate the evaluation task as image-to-text retrieval problem. These

benchmarks generate hard negative texts procedurally through rule-based templates, where each benchmark
4https://cocodataset.org/
5https://huggingface.co/liujch1998/vera
6https://huggingface.co/textattack/distilbert-base-uncased-CoLA
7https://github.com/mlfoundations/open_clip
8https://github.com/mertyg/vision-language-models-are-bows
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considers different types of hard negatives.

VL-Checklist [Zhao et al., 2022]. VL-CheckList aims at evaluating vision-language models’ under-

standing of different objects, attributes, and relationships. It contains REPLACE hard negatives generated by

replacing atomic parts of the positive texts with other foils. VL-CheckList further breaks the hard negatives

down into more granular categories based on the type of the replaced atomic part, i.e. , object, attribute, or

relationship.

ARO [Yuksekgonul et al., 2023]. ARO focuses on models’ understanding of different relationships,

attributes, and order information. It considers SWAP and SHUFFLE hard negatives. SWAP hard negatives

are generated by swapping two words in the positive texts; on the other hand, SHUFFLE hard negatives are

generated by shuffling words in the positive texts. ARO further divides SWAP hard negatives into attribute or

relationship type.

CREPE [Ma et al., 2022]. CREPE is a large-scale evaluation benchmark that includes three types of

hard negatives: REPLACE, SWAP and NEGATE. REPLACE and SWAP hard negatives are generated as in

VL-CheckList and ARO. In addition, NEGATE hard negatives are generated by adding negation keywords

(i.e. , not or no) to the original positive texts. The hard negatives are not further divided into fine-grained

types (object, attribute, or relations).

C.2.2 Text-to-image formulation

Complementary to image-to-text formulation, compositionality can as well be evaluated by probing a model

to select an image that best matches a given text description, against other hard negative images as distractors.

Unlike hard negative texts, hard negative images are more difficult to obtain and thus current text-to-image

compositionality benchmarks are smaller at scale.

Winoground [Thrush et al., 2022]. Winoground is a small dataset manually curated by human annotators.

Each example in the dataset contains two images and two matching captions, where both captions contain

identical words that appear in different orders. Note that Winoground can be used for either image-to-

text or text-to-image retrieval. While the original intention for Winoground is to evaluate vision-language

compositionality, recent work [Diwan et al., 2022] has pointed out that solving the tasks in Winoground

requires not just compositional vision-language understanding, but additionally a suite of other abilities such
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Table C.1: Summary on vision-language compositionality benchmarks. SUGARCREPE considers image-
to-text formulation to enable larger scale evaluation set. In addition, SUGARCREPE considers a wide range
of hard negative types. SHUFFLE and NEGATE are omitted as they introduce inevitable biases discussed in
Sec. 4.4.2.

Hard Negative Text Type

Benchmark Task Formulation Scale SHUFFLE REPLACE SWAP NEGATE ADD

VL-CheckList [Zhao et al., 2022] Image-to-Text > 1000 ✓

ARO [Yuksekgonul et al., 2023] Image-to-Text > 1000 ✓ ✓

CREPE [Ma et al., 2022] Image-to-Text > 1000 ✓ ✓ ✓

Winoground [Thrush et al., 2022] Image-to-Text / Text-to-Image 400 ✓

Cola [Ray et al., 2023] Text-to-Image 210 N/A

SUGARCREPE Image-to-Text > 1000 ✓ ✓ ✓

as commonsense reasoning, or distinguishing visually difficult images.

Cola [Ray et al., 2023]. Cola tests a vision-language model’s ability to select an image that correctly

matches a given caption, against another distractor image with the same objects and attributes but in the

wrong composition. The image pairs are mined from existing datasets. As a result, the final evaluation set is

relatively small in size (210 examples in total).

We deem text-to-image evaluation as important as image-to-text evaluation. Future work can explore

approaches to generate or mine compositional hard negative images at scale, as preliminarily explored in

[Ray et al., 2023; Yuksekgonul et al., 2023].

C.3 SUGARCREPE

C.3.1 Taxonomy

Figure C.1 shows the taxonomy of SUGARCREPE. We first categorize the hard negatives based on their

forms: REPLACE, SWAP, and ADD. We then further divide each type of hard negatives into finer-grained

sub-categories based on the type (object, attribute, or relation) of the atomic concept altered. SUGARCREPE

covers a total of 7 fine-graind hard negative types.
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SUGARCREPE

REPLACE

REPLACE-OBJ REPLACE-ATT REPLACE-REL

SWAP

SWAP-OBJ SWAP-ATT

ADD

ADD-OBJ ADD-ATT

Figure C.1: Taxonomy of hard negatives considered in SUGARCREPE.

C.3.2 Hard negative generation procedure and templates

To generate hard negatives in SUGARCREPE, we come up with three different prompt templates for the three

hard negative types considered: REPLACE, SWAP, and ADD. Each template consists of task instruction for

generating the corresponding type of hard negatives and several (7 or more) few-shot demonstrations. We

describe the general generation procedure and example prompt templates below and refer readers to our

dataset repository for the full prompts used 9 .

Generating REPLACE hard negatives. To best leverage ChatGPT’s capabilities, we devise a three-step

workflow to generate REPLACE hard negatives: (1) We prompt ChatGPT in locating the desired atomic

concepts (e.g. , objects) in the sentence; (2) We prompt ChatGPT to generate a new concept to replace a

randomly selected old concept; (3) We let ChatGPT compose a new sentence by replacing the old concept

with the new one. For steps (1) and (3), we prompt ChatGPT with a temperature of 0.0 to get stable outputs.

For step (2), however, we diversify the outputs by prompting ChatGPT with a higher temperature of 1.5.

With this design, we are able to generate diverse REPLACE hard negatives. Figure C.2 shows the example

templates and outputs for REPLACE hard negatives.

Generating SWAP hard negatives. To generate SWAP hard negatives, which do not require any new

concepts, we simply prompt ChatGPT once with a temperature of 0.0. Unlike REPLACE, SWAP hard negatives

are only possible when there are at least two atomic concepts of the same category, i.e. , either object or

attribute. Thus, our prompt first queries ChatGPT whether it is possible to swap two atomic concepts in

the input sentence to generate a new description. Only if the answer is yes, will ChatGPT then proceed to

identify two swappable concepts and compose the corresponding new sentence by swapping the two concepts.

Figure C.3 shows the example templates and outputs for SWAP hard negatives.
9https://github.com/RAIVNLab/sugar-crepe
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Generating ADD hard negatives. Similar to the REPLACE, we also employ a three-step prompting

procedure to generate ADD hard negatives. The only difference in the procedure is that we prompt ChatGPT

to add the generated new concept to the original caption, instead of using it to replace an old concept.

Figure C.4 shows the example templates and outputs for ADD hard negatives.

C.3.3 Adversarial refinement

We detail the adversarial refinement procedure below. Given a text model M , we denote its output score

for the positive and negative caption of i-th image as M(pi) and M(ni). If M(pi) > M(ni), then the

model could identify the correct caption for the i-th image without referring to it. For a test set to be

unattackable given the text model M , the expectation of M ’s identifying the correct caption should be as

close to random guess as possible; in particular, we hope that Ei[M(pi) > M(ni)] = 0.5. To achieve

this for both the grammar model M1 and plausibility model M2, we first calculate the score difference

g
(1)
i = M1(pi) − M1(ni) and g

(2)
i = M2(pi) − M2(ni), where the range of both g(1) and g(2) is [−1, 1].

Then we split the 2D space of the joint range of g(1) and g(2) into 100× 100 equal grids, and for each pair

of symmetric grids, e.g. , {(g(1), g(2))|g(1) ∈ (0.02, 0.04], g(2) ∈ (−0.04, 0.06]} and {(g(1), g(2))|g(1) ∈

(−0.02,−0.04], g(2) ∈ (0.04,−0.06]}, we preserve the same number of data for both grids, therefore we

ensure that for the resultant set, Ei[M1(pi) > M1(ni)] = 0.5 and Ei[M2(pi) > M2(ni)] = 0.5.

C.3.4 Dataset construction cost

We provide a high-level overview to the cost used to build SUGARCREPE by utilizing OpenAI’s ChatGPT

API for generating hard negatives. In building SUGARCREPE, we use approximately 40 API calls to generate

hard negatives for each COCO test caption, including all different fine-grained types of hard negatives. This

amounts to a total of 25, 000× 40 = 1, 000, 000 API calls to ChatGPT. With each API call costing around

$0.0005, it took roughly $500 to build SUGARCREPE.
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C.3.5 Dataset information

We host SUGARCREPE on Github 10. The data card [Pushkarna et al., 2022] for SUGARCREPE, containing

detailed dataset documentation, is available at the dataset repository 11. We provide a summary below.

Dataset documentation. SUGARCREPE is a benchmark for faithful vision-language compositionality

evaluation. Given an image, a model is required to select the positive text that correctly describes the image,

against another hard negative text distractor that differs from the positive text only by small compositional

changes. Each example consists of three fields:

• filename: The id to an image

• caption: Positive text correctly describing the image

• negative_caption: Hard negative text incorrectly describing the image

Maintenance plan. We are committed to maintain the dataset to address any technical issues. We actively

monitor issues in the repository.

Licensing. We license our work using MIT License 12. All the source data we use is publicly released by

prior work [Lin et al., 2014].

C.4 Detailed evaluation results

C.4.1 Full evaluation results on existing benchmarks

We provide the full evaluation results over 17 pretrained CLIP models as well as 2 text-only models, Vera [Liu

et al., 2023a] and the Grammar model [Morris et al., 2020], on existing compositionality benchmarks in

Table C.2. We see that the text-only models, arguably without any vision-language compositionality, outper-

form most of the pretrained CLIP models, achieving state-of-the-art performances on many benchmark tasks.

This implies that current benchmarks fail to faithfully reflect a model’s vision-language compositionality.

10https://github.com/RAIVNLab/sugar-crepe
11https://github.com/RAIVNLab/sugar-crepe/blob/main/data_card.pdf
12https://github.com/RAIVNLab/sugar-crepe/blob/main/LICENSE
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Table C.2: Blind models (i.e. , Vera and Grammar model) outperform all 17 existing pretrained CLIP models
on nearly all existing benchmark tasks. This implies that current benchmarks fail to faithfully measure a
model’s vision-language compositionality.

CREPE ARO VL-Checklist

Source Model Atomic Swap Negate VG-Relation VG-Attribution COCO-Order Flickr30K-Order Object Attribute Relation

Text-only model Vera [Liu et al., 2023a] 43.70 70.80 66.15 61.71 82.59 59.81 63.52 82.48 73.99 85.72
Grammar [Morris et al., 2020] 18.15 50.88 9.77 59.55 58.38 74.33 76.26 57.95 52.35 68.50

OpenAI [Radford et al., 2021a]

RN50 26.47 28.32 31.25 53.87 63.37 44.89 52.46 86.85 68.30 75.95
RN101 27.63 32.74 12.50 52.43 62.93 29.86 39.34 86.44 67.93 71.75
RN50x4 26.24 28.32 9.51 51.59 62.27 29.39 34.56 87.23 68.74 73.81
ViT-B-32 22.31 26.55 28.78 51.12 61.33 37.14 47.18 87.00 68.80 77.04
RN50x16 26.36 29.65 9.38 52.13 62.71 29.95 34.26 86.95 69.34 76.83
RN50x64 26.82 30.09 23.57 51.00 62.56 40.54 46.74 87.71 68.61 74.97
ViT-L-14 26.36 25.66 24.74 53.34 61.50 36.11 45.08 87.86 68.27 75.89

LAION [Schuhmann et al., 2022b]

ViT-H-14 23.70 25.22 16.54 50.33 62.93 25.79 30.96 85.39 68.46 71.13
ViT-g-14 23.70 24.78 20.70 51.60 61.20 25.59 30.10 86.07 69.43 71.03
ViT-bigG-14 23.58 24.78 17.97 51.61 61.89 25.24 30.22 84.66 67.80 66.48
roberta-ViT-B-32 22.66 21.24 20.31 47.46 62.00 24.77 30.76 85.71 68.82 65.90
xlm-roberta-base-ViT-B-32 21.16 20.80 12.76 47.93 59.73 23.85 30.32 86.06 70.41 63.01
xlm-roberta-large-ViT-H-14 24.16 23.89 20.05 46.14 57.84 26.05 31.00 87.89 70.25 63.89

DataComp [Gadre et al., 2023]

small:ViT-B-32 13.64 27.88 14.84 50.83 50.17 13.35 14.02 68.72 58.80 57.00
medium:ViT-B-32 16.42 20.35 11.33 50.45 54.04 16.44 16.26 78.43 63.53 62.94
large:ViT-B-16 18.15 17.26 17.06 48.82 53.21 21.49 26.44 84.73 65.72 64.81
x-large:ViT-L-14 21.62 22.57 16.28 48.54 60.03 23.19 29.52 86.66 67.01 67.93

C.4.2 SUGARCREPE human evaluation

To compare the quality of the hard negatives generated in SUGARCREPE to those in current benchmarks

(i.e. , ARO+CREPE), we randomly sample 100 examples for each of the hard negative types: REPLACE,

SWAP, and NEGATE / ADD. Each example is organized to consist of (1) the original positive text, (2) its

hard negative in ARO+CREPE, and (3) its hard negative in SUGARCREPE. For each example, a human

user rates whether the hard negative in ARO+CREPE or that in SUGARCREPE is better (or tie) in terms of

commonsense and grammatical correctness, respectively. Note that we compare NEGATE in ARO+CREPE

to ADD in SUGARCREPE, as both hard negatives are intended to probe a model’s understanding of the

existence or not of an atomic concept. Table C.3 shows that hard negatives in SUGARCREPE are much more

sensical and fluent than that in ARO+CREPE across all three different types. For instance, SUGARCREPE

has 68% more sensical and 46% more fluent hard negatives than ARO+CREPE on SWAP.

C.4.3 Additional NEGCLIP results

In this section, we conduct preliminary experiments to answer whether models’ performances on SUGAR-

CREPE would increase hugely if the models are trained with hard negatives generated through the same

procedure as how we create SUGARCREPE. Since generating hard negatives for training with ChatGPT

would incur substantial cost, we create hard negatives using a proxy method. In particular, we start with
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Table C.3: Human evaluation results on the comparisons between hard negatives in ARO+CREPE and
SUGARCREPE. We report the counts (out of 100 sampled examples) that the human user considers better or
tie, w.r.t. both commonsense and grammatical correctness.

Human counts of better examples

Hard-negative Type Evaluation ARO+CREPE SUGARCREPE Tie

REPLACE
Commonsense 11 29 60
Grammar 4 33 63

SWAP
Commonsense 4 68 28
Grammar 4 46 50

NEGATE / ADD
Commonsense 1 26 73
Grammar 1 35 64

template-generated hard negatives on the COCO training set and apply our adversarial refinement technique

to remove the biases. We use this adversarially refined dataset for NEGCLIP training. We show the results in

Table C.4. While we observe that the method improves over vanilla CLIP training without hard negatives,

it performs similarly to NegCLIP and does not saturate the performance on SugarCrepe. This suggests

that while the adversarial refinement mechanism prevents SugarCrepe from being attacked as an evaluation

benchmark, leveraging the approach alone for training does not saturate the performance on SugarCrepe.

Future work may characterize how LLMs could be used to generate better hard negatives for training to

genuinely improve vision-language models’ compositionality.

Table C.4: Model performances on SUGARCREPE when trained with hard negatives generated through
similar procedure as how SUGARCREPE is created.

SUGARCREPE

Model Hard negative REPLACE SWAP ADD

CLIP without hard negatives N/A 69.54 60.33 67.63

NEGCLIP with template hard negatives REPLACE 74.32 62.65 72.92
NEGCLIP with adversarial refined hard negatives REPLACE 73.37 61.40 72.84

NEGCLIP with template hard negatives SWAP 73.31 68.35 71.93
NEGCLIP with adversarial refined hard negatives SWAP 72.07 65.13 69.68

NEGCLIP with template hard negatives NEGATE 72.74 60.89 70.47
NEGCLIP with adversarial refined hard negatives NEGATE 72.70 60.75 68.70
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Given an input sentence describing a scene, your task 
is to:
1. Locate the noun words in the sentence.
2. Randomly pick one noun word.
3. Replace the selected noun word with a new noun word 
to make a new sentence.

The new sentence must meet the following three 
requirements:
1. The new sentence must be describing a scene that is 
as different as possible from the original scene.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

Here are some examples:

Original sentence: A man is in a kitchen making pizzas.
Nouns: ["man", "kitchen", "pizzas"]
Selected noun: man
New noun: woman
New sentence: A woman is in a kitchen making pizzas.

Original sentence: a woman seated on wall and birds 
besides her
Nouns: ['woman', 'wall', 'birds']
Selected noun: wall
New noun: bench
New sentence: A woman seated on a bench and birds 
besides her.

(a) REPLACE-OBJ.

Given an input sentence describing a scene, your task 
is to:
1. Locate the adjective words describing objects in the 
sentence. If there are no adjective words, return an 
empty list.
2. Randomly pick one adjective word.
3. Replace the selected adjective word with a new 
adjective word to make a new sentence.

The new sentence must meet the following three 
requirements:
1. The new sentence must be describing a scene that is 
as different as possible from the original scene.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

Here are some examples:

Original sentence: a blue bike parked on a side walk.
Adjectives: ["blue"]
Selected adjective: blue
New adjective: red
New sentence: a red bike parked on a side walk.

Original sentence: The kitchen is clean and ready for 
us to see.
Adjectives: ["clean", "ready"]
Selected adjective: clean
New adjective: dirty
New sentence: The kitchen is dirty and ready for us to 
see.

(b) REPLACE-ATT.
Given an input sentence describing a scene, your task 
is to:
1. Find any action or spatial relationships between two 
objects in the sentence. If there are no such 
relationships, return an empty list.
2. Randomly pick one relationship.
3. Replace the selected relationship with a new 
relationship to make a new sentence.

The new sentence must meet the following three 
requirements:
1. The new sentence must be describing a scene that is 
as different as possible from the original scene.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

Here are some examples:

Original sentence: The dining table near the kitchen 
has a bowl of fruit on it.
Relationships: ["near", "on"]
Selected relationship: near
New relationship: far from
New sentence: The dining table far from the kitchen has 
a bowl of fruit on it.

Original sentence: A couple of buckets in a white room.
Relationships: ['in']
Selected relationship: in
New relationship: outside
New sentence: A couple of buckets outside a white room.

(c) REPLACE-REL.

Figure C.2: Example prompt templates (black) and outputs (green) from ChatGPT for REPLACE hard
negatives.
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Given an input sentence describing a scene, your task 
is to first locate two swappable noun phrases in the 
sentence, and then swap them to make a new sentence.
The new sentence must meet the following three 
requirements:
1. The new sentence must be describing a different 
scene from the input sentence.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

To complete the task, you should:
1. Answer the question of whether generating such a new 
sentence is possible using Yes or No.
2. Output the swappable noun phrases.
3. Swap them to make a new sentence.

Here are some examples:

Input: A cat resting on a laptop next to a person.
Is it possible to swap noun phrases in the input 
sentence to generate a new sentence that is different 
from the input sentence and makes logical sense? Yes
Swappable noun phrases: laptop, person 
Output: A cat resting on a person next to a laptop.

Input: A plate of donuts with a person in the 
background.
Is it possible to swap noun phrases in the input 
sentence to generate a new sentence that is different 
from the input sentence and makes logical sense? Yes
Swappable noun phrases: a plate of donuts, a person 
Output: A person with a plate of donuts in the 
background.

(a) SWAP-OBJ.

Given an input sentence describing a scene, your task 
is to first locate two swappable adjectives in the 
sentence describing different objects, and then swap 
them to make a new sentence.
The new sentence must meet the following three 
requirements:
1. The new sentence must be describing a different 
scene from the input sentence.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

To complete the task, you should:
1. Answer the question of whether generating such a new 
sentence is possible using Yes or No.
2. Output the swappable adjectives.
3. Swap them to make a new sentence.

Here are some examples:

Input: A girl in a pink shirt holding a blue umbrella.
Is it possible to swap attributes in the input sentence 
to generate a new sentence that is different from the 
input sentence and makes logical sense? Yes
Swappable attributes: pink, blue 
Output: A girl in a blue shirt holding a pink umbrella.

Input: A girl with a green shirt brushing her teeth 
with a blue toothbrush.
Is it possible to swap attributes in the input sentence 
to generate a new sentence that is different from the 
input sentence and makes logical sense? Yes
Swappable attributes: green, blue
Output: A girl with a blue shirt brushing her teeth 
with a green toothbrush.

(b) SWAP-ATT.

Figure C.3: Example prompt templates (black) and outputs (green) from ChatGPT for SWAP hard negatives.

Given an input sentence describing a scene, your task 
is:
1. Find the objects in the sentence.
2. Randomly pick one object.
3. Generate a new object that's not in the sentence.
4. Add the new object next to the selected object to 
make a new sentence.

The new sentence must meet the following three 
requirements:
1. The new sentence must describe a clearly new and 
different scene.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

Here are some examples:

Original sentence: An elephant standing under the shade 
of a tree.
Objects: ["elephant", "shade of a tree"]
Selected object: elephant
New object: squirrel
New sentence: An elephant and a squirrel standing under 
the shade of a tree.

Original sentence: A bench at the beach next to the sea
Objects: ['bench', 'beach', 'sea']
Selected object: bench
New object: umbrella
New sentence: An umbrella and a bench at the beach next 
to the sea.

(a) ADD-OBJ.

Given an input sentence describing a scene, your task 
is:
1. Find the objects in the sentence.
2. Randomly pick one object.
3. Generate a new plausible but uncommon attribute for 
this object that's not in the sentence.
4. Add the new attribute next to the selected object to 
make a new sentence.

The new sentence must meet the following three 
requirements:
1. The new sentence must describe a clearly new and 
different scene.
2. The new sentence must be fluent and grammatically 
correct.
3. The new sentence must make logical sense.

Here are some examples:

Original sentence: A large white airplane and a person 
on a lot.
Objects: ["airplane", "person"]
Selected object: airplane
New attribute: blue
New sentence: A large white and blue airplane and a 
person on a lot.

Original sentence: three people riding horses on a 
beach 
Objects: ['three people', 'horses', 'beach']
Selected object: three people
New attribute: elderly
New sentence: Three elderly people riding horses on a 
beach.

(b) ADD-ATT.

Figure C.4: Example prompt templates (black) and outputs (green) from ChatGPT for ADD hard negatives.
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Chapter D

Appendix: Data for Improved

Vision-Language Model

D.1 Datasets

CelebA-Attribute. There are a total of 40 different binary attributes in CelebA dataset [Liu et al., 2015],

from which we select 29 attributes we consider objective, including: “Arched Eyebrows”, “Bags Under Eyes”,

“Bald”, “Bangs”, “Black Hair”, “Blond Hair”, “Brown Hair”, “Gray Hair”, “Blurry”, “Bushy Eyebrows”,

“Double Chin”, “Eyeglasses”, “Goatee”, “Male”, “Mouth Slightly Open”, “Mustache”, “No Beard”, “Oval

Face”, “Pale Skin”, “Rosy Cheeks”, “Sideburns”, “Smiling”, “Straight Hair”, “Wavy Hair”, “Wearing

Earrings”, “Wearing Hat”, “Wearing Lipstick”, “Wearing Necklace”, “Wearing Necktie”.

ImageNet-Subset. The ImageNet dataset [Deng et al., 2009] is organized according to the nouns in the

WordNet hierarchy [Miller, 1995] and consists of 1000 classes. To evaluate the performance of conditioned

representations, we form multiple subsets of ImageNet using the intermediate nodes from the WordNet

hierarchy. We list all the ImageNet subsets we created in Table D.1.

Table D.1: ImageNet-Subset datasets and number of classes per each.

Node Name Dog Bird Musical
Instrument Snake Fish Monkey Ball Car Edible

Fruit Beetle Cat Spider Bag Piano

Num classes 118 59 28 17 16 13 10 10 10 8 7 6 5 2
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D.2 Baselines

CLIP. We consider CLIP as a task-agnostic vision encoder baseline. In all experiments, we use OpenAI’s

CLIP-ViT-L-patch14-336 released checkpoint [Radford et al., 2021b]. The model size is 428M including both

vision and text encoder. We consider the same model checkpoint in FocalLens-MLLM and FocalLens-CLIP.

InstructBLIP. InstructBLIP [Dai et al., 2023] is a MLLM that connects a frozen vision encoder, CLIP [Fang

et al., 2023], to a large language model (LLM) decoder to enable multi-modal capabilities. Specifically,

it adopts an instruction-aware Q-former architecture [Li et al., 2023d] as the connector. The Q-former

takes in as input the image embedding extracted from the underlying vision encoder, along with tokenized

text instructions. Through cross-attention design, the Q-former outputs multiple instruction-aware image

tokens to be fed into the LLM decoder. In our experiments, we average over all image tokens to obtain the

image representation used in our evaluations. We use the same instructions as in FocalLens for conditioning

InstructBLIP.

MagicLens. MagicLens [Zhang et al., 2024] is a model trained specifically for composed image retrieval

with a web-scale 36M-sized dataset. The model takes in both a reference image and natural language text

to produce image representations that composes the semantics from both the input image and text. In our

experiments, we condition MagicLens model using the same text instructions used for FocalLens.

D.3 Experiment details

Computation resource. We train FocalLens models on single node machines with 8 A100 GPUs.

Hyperparameters. For contrastive training with FocalLens, we report the hyperparameters used in Ta-

ble D.2.

Table D.2: Training hyperparameters.

Model Batch size Epoch Learning rate Weight decay Warmup ratio

FocalLens-MLLM 384 2 2e-5 0. 0.03
FocalLens-CLIP 2048 20 2e-5 0 0.03
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D.4 Instructions used for different tasks

Here, we detail the instructions we use for different tasks for conditioning FocalLens and other instruction-

aware baselines.

Table D.3: Instructions and templates used for different datasets and conditions.

Dataset Condition Instruction

ColorShape Color What is the color of the object in the image?
Shape What is the shape of the object in the image?
Both What is the color and shape of the object in the image?

CelebA-Attribute Noun attributes (e.g., Arched Eyebrows) Does the person in the image have {attribute}?
Adjective attributes (e.g., Bald) Is the person in the image {attribute}?

CelebA-Identity - Gender, age, eye color, hair color, face shape, facial hair of the person.

GeneCIS Focus attribute Focus on the {attribute}.
Focus object Is there {object}?

ImageNet-Subset category (e.g., dog) What type of {category} is in the image?

Fine-grained datasets category (e.g., flower) What type of {category} is in the image?

SugarCrepe Replace-obj Focus on the presence of objects in the image.
Replace-att Focus on the color, patterns and other attributes of the objects in the image.
Replace-rel What are the relationships between the objects in the image?
Swap-obj What are the actions, states, colors, patterns and relationships of the objects in the image?
Swap-att What kind of objects are in the image?
Add-obj What is not in the image?
Add-att What is not in the image?

MMVP-VLM Orientation Describe the orientation, position, or the direction of the object.
Presence Focus on the presence of objects in the image.
State Focus on the specific state or the condition of the objects in the image.
Quantity Focus on the quantity of the objects in the image.
Spatial Describe the spatial relationship and the positions of the objects in the image.
Color Focus on the color of the objects in the image.
Structural Describe the state of the objects in the image.
Text Focus on the texts on the objects in the image.
Camera Describe the perspective and view from which the photo is taken.

D.5 Full experiment results

D.5.1 CelebA-Attribute full results

We report full CelebA-Attribute results in Table D.4.

D.5.2 ImageNet-Subset full results

We report full ImageNet-Subset results in Table D.5.
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Table D.4: Full results on CelebA-Attribute.

Model Arched Eyebrows Bags Under Eyes Bald Bangs Black Hair Blond Hair Blurry Brown Hair Bushy Eyebrows Double Chin

CLIP 8.13 12.00 24.52 2.86 7.96 6.20 5.52 -0.58 11.98 18.35
InstructBLIP 7.12 8.35 27.40 4.95 9.50 21.03 14.67 -0.81 3.73 11.01
MagicLens 11.32 12.10 15.14 2.44 7.48 8.24 8.95 -3.22 6.75 13.88
FocalLens-MLLM 15.15 14.98 19.23 4.38 17.95 25.76 6.14 4.44 6.88 15.37
FocalLens-CLIP 13.38 13.00 26.68 8.19 10.24 32.22 11.03 5.53 9.99 15.94

Model Eyeglasses Goatee Gray Hair Male Mouth Slightly Open Mustache No Beard Oval Face Pale Skin Rosy Cheeks

CLIP 17.84 20.16 24.19 54.55 4.72 20.92 27.64 1.63 3.22 -3.15
InstructBLIP 41.83 16.17 22.56 43.66 12.87 19.16 23.75 0.77 2.73 -3.45
MagicLens 15.52 11.28 20.13 64.56 6.04 13.50 27.52 1.83 1.98 1.95
FocalLens-MLLM 47.72 20.96 22.40 96.82 33.41 19.30 34.30 1.66 1.36 5.85
FocalLens-CLIP 24.90 29.04 23.86 95.04 10.82 26.59 41.80 0.94 4.58 -0.90

Model Sideburns Smiling Straight Hair Wavy Hair Wearing Earrings Wearing Hat Wearing Lipstick Wearing Necklace Wearing Necktie

CLIP 18.21 8.68 3.47 7.54 7.32 17.60 41.45 -0.67 21.81
InstructBLIP 12.10 21.71 3.17 13.91 13.51 45.11 34.64 1.94 36.56
MagicLens 11.54 9.98 2.84 10.76 10.92 21.19 54.12 3.58 16.97
FocalLens-MLLM 20.02 34.43 4.50 17.61 21.54 34.32 68.07 5.05 37.86
FocalLens-CLIP 32.35 22.11 2.81 16.89 12.39 33.58 62.50 3.07 29.80

Table D.5: Full results on ImageNet-Subset.

Model Bag Ball Beetle Bird Car Cat Dog

CLIP 55.61 64.63 51.84 66.72 57.73 53.00 16.55
InstructBLIP 60.13 66.44 51.10 45.86 60.54 51.22 9.60
MagicLens 53.22 68.10 43.37 51.69 54.15 50.14 17.28
FocalLens-MLLM 63.95 78.99 41.44 54.14 54.46 53.24 29.25
FocalLens-CLIP 59.44 70.01 46.88 64.62 61.84 56.80 33.15

Model Fruit Fish Monkey Music Instrument Piano Snake Spider

CLIP 60.95 61.79 37.79 39.18 61.97 32.03 54.61
InstructBLIP 49.74 59.16 27.96 41.44 66.17 26.45 51.61
MagicLens 57.40 58.84 26.82 41.18 57.40 25.74 43.76
FocalLens-MLLM 65.98 57.40 34.81 57.83 57.14 29.47 54.69
FocalLens-CLIP 69.78 65.37 38.30 61.29 60.60 32.06 53.93
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