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ABSTRACT

Deep learning (DL) has made significant impacts in many domains, including computer
vision (CV), natural language processing (NLP), recommender systems, and many others.
Besides the breakthroughs made to the model architectures, data has been another fun-
damental factor that significantly impacts the model performance. This emphasis on data
has given rise to the concept of data-centric artificial intelligence (AI). Despite its growing
importance, studies focusing on developing novel data utilization algorithms that enhance
model performance without modifying its architecture are still lacking. Addressing this gap,
this thesis proposes novel data utilization algorithms that correspond to different steps of
the deep learning pipeline, ranging from data collection, formulation, to model training,
evaluation and to model inference as in many deployed applications. These algorithms aim
to improve model performance, robustness, and trustworthiness through the lens of data
utilization, while not altering model architectures or increasing computational or time costs.

In the data collection and formulation stage, we propose two novel strategies targeting
both data scarcity and abundance respectively, which are two opposite yet equally crucial
data challenges commonly found in many DL applications. Data scarcity refers to scenar-
ios when DL model is applied to real-world application domains where its labeled data is
expensive to obtain, thus demanding more careful data collection algorithms so that the
model performance is best optimized with limited data. In fact, this collection process is
often addressed through active learning (AL). In this thesis, we propose Direct Acquisition
Optimization (DAQO), a novel AL algorithm that optimizes sample selections directly based
on the expected true loss reduction. On the other hand, data abundance refers to situations
when the amount of data is larger than model can learn, leading to performance saturation
and failures in scaling, such as in recommender systems, where model performance saturates
without taking full advantage of the abundant amount of user-item interaction data. In this
thesis, we propose User-Centric Ranking (UCR), an alternative data formulation strategy

XV



that is based on the transposed view of the dyadic user-item interactions. UCR breaks the
curse of data saturation of modern transformer-based recommender systems, enabling them
to consume larger amount of data and achieve higher performance.

In the model training stage, we demonstrate through vision-language models, arguing
that although contrastive language-image pretraining (CLIP) has set new benchmarks by
leveraging self-supervised contrastive learning on large amounts of text-image pairs, its de-
pendency on rigid one-to-one mappings overlooks the complex and often multifaceted rela-
tionships between and within the text-image data pairs, causing inefficient data utilization
during the pretraining process. In response, we develop Ranking-Consistent Language-Image
Pretraining (RANKCLIP ), a novel pretraining method that extends beyond the existing rigid
one-to-one matching framework of CLIP and its variants. By leveraging both in-modal and
cross-modal ranking consistency, RANKCLIP improves the alignment process, enabling it to
capture the nuanced many-to-many relationships between and within each modality.

In the model evaluation stage, we identify the inadequacies of scalar-based error metrics
in evaluating DL models, as they are often too abstract to reveal model weak spots and
properties. More importantly, scalar-based metrics implicitly assume that the test data is
large enough and uniformly distributed, so that these averaged values are fair reflections
of the true model performance. However, this is sometimes not the case, as there might
not be enough test data in the first place. To this end, we propose a better test data
utilization strategy for model evaluations. More specifically, we develop Non-FEquivariance
Revealed on Orbits (NERO), a novel model evaluation tool that employs a combination of
task-agnostic interactive interface and task-dependent visualizations to intricately evaluate
and interpret model behaviors through analyzing its equivariance on purposefully designed
data permutations. NERO transforms model evaluation from scalar-based, abstract metrics
to robustness-based interactive visualizations that not only evaluate model performance, but

also interpret model behaviors, promoting deeper model understanding.

Xvi



Finally, in the inference stage, given the uniqueness of auto-regressive models, where
their performance can be further improved via decoding strategies, we explore how novel
data utilization leads to novel decoding algorithm that improves model performance and
trustworthiness, without the need of acquiring new data or conducting additional fine-tuning.
Specifically, we introduce Hallucination Reduction through Adaptive Focal-Contrast decoding
(HALC), anovel decoding strategy that utilizes fine-grained visual context to help pretrained
large vision-language models (LVLMs) mitigate object hallucinations (OH) and generate

more trustworthy outputs.
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CHAPTER 1
INTRODUCTION AND OVERVIEW

Artificial intelligence (AI) has been a pivotal force transforming research, industries and
altering the way people live and work [West and Allen, 2018, Jordan and Mitchell, 2015|.
One of the most important components in Al is machine learning (ML), and more specifically,
deep learning (DL), which enables Al systems to automatically learn from data, identifying
complex patterns and making accurate predictions or decisions without explicit rule-based
learning procedures [LeCun et al., 2015a, Goodfellow et al., 2016]. By training on large-scale
datasets, DL models can uncover hidden relationships and gain a deep understanding of the
underlying data, allowing them to generalize and perform well on new, unseen examples.

Significant progress in DL has been made over the past decade in fields such as com-
puter vision (CV) [Voulodimos et al., 2018|, natural language processing (NLP) [Otter et al.,
2020], recommender systems [Zhang et al., 2019], and many others [Dong et al., 2021]. Most
of the groundbreaking efforts were made to model architectures. For example, transform-
ers [Vaswani et al., 2017| largely replace convolutional neural networks (CNN) [O’Shea and
Nash, 2015] and recurrent neural networks (RNN) [Medsker and Jain, 2001] to enable revolu-
tionary breakthroughs in many downstream application domains [Khan et al., 2022, Chang
et al., 2023, Sun et al., 2019].

In addition to the advancements made to model architectures, another fundamental ele-
ment facilitating progress in DL is data, which serves as the fuel to the learning, decision-
making, and problem-solving capabilities of various DL models. Data-driven approaches
have contributed significantly to these areas, yielding state-of-the-art results in many tasks,
such as image classification [Rawat and Wang, 2017|, object detection [Zou et al., 2023,
image captioning [Hossain et al., 2019], text generation [Igbal and Qureshi, 2022| and click-
through rate (CTR) prediction [Wang, 2020]. And it has become even more important as

it is not only crucial in data-efficient learning [Adadi, 2021|, but also an indispensable part
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of the scaling law [Hestness et al., 2017, 2019, Kaplan et al., 2020|, a guidance on balancing
between data size and number of model parameters to keep overfitting under control. As
a result, in addition to the ongoing efforts on developing more advanced model architec-
tures, there is also an emerging interest focusing on better data utilization, which has been
increasingly recognized as data-centric Al [Jakubik et al., 2022, Mazumder et al., 2024].
Data-centric Al focuses on the critical role that data plays in the development and de-
ployment of DL models [Polyzotis and Zaharia, 2021], including data collection, formulation,
model training, evaluation and inference. It recognizes that high-quality, diverse, and rel-
evant data is not only essential for training DL models to accurately generalize patterns,
make informed predictions, and derive meaningful results, but also critical to better evaluate
and interpret existing complex yet often black-box models [Zha et al., 2023]. In addition,
with the rise of transformer-based [Vaswani et al., 2017, Khan et al., 2022|, autoregressive
deep learning (DL) [Gregor et al., 2014] models, more thoughtful data utilization during
the inference stage can also enhance model’s performance and trustworthiness [Wang et al.,

2023a|, without the need of additional data or training.

1.1 Dissertation Overview

In this thesis, we propose to prioritize data and explore novel, more effective data utiliza-
tion algorithms to enhance the performance, robustness, and trustworthiness of modern DL
models without altering their neural network architectures. As shown in Fig. 1.1, where we
have an overview of a standard model preparation pipeline consisting of four stages: data
preparation, model training, model evaluation, and model inference, novel data utilization
algorithms are introduced with respect to each stage of the pipeline.

For the data preparation stage, we propose two algorithms that target data scarcity
and abundance in Chapter 2 and Chapter 3 respectively. Specifically, in Chapter 2, we

introduce an efficient data collection algorithm targeting data scarcity for computer vision
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models, named Direct Acquisition Optimization (DAO) [Zhao et al., 2024]. As an active
learning (AL) algorithm, DAO optimizes sample selections based on expected true loss re-
duction. To be more precise, DAO utilizes influence functions to update model parameters
and incorporates an additional acquisition strategy to mitigate bias in loss estimation. This
approach facilitates a more accurate estimation of the overall error reduction, without ex-
tensive computations or reliance on labeled data. On the other hand, for data abundance,
we introduce in Chapter 3 an alternative data formulation paradigm, named User-Centric
Ranking [Zhao et al., 2023c¢|, for transformer-based recommender models. UCR is based on
a transposed view of the dyadic user-item interactions, that is, instead of profiling users with
item embeddings, we propose to profile items with user embeddings, as a closer analogous
to the token-paragraph relationships commonly found in natural language processing (NLP)
research.

For the model training stage, in Chapter 4, we introduce RANKCLIP, a novel pretraining
method that extends beyond the rigid one-to-one matching framework of existing contrastive
language-image pretraining (CLIP) and its variants. Specifically, by leveraging both in-
modal and cross-modal ranking consistency, RANKCLIP improves the text-image alignment
process, enabling it to capture the nuanced many-to-many relationships between and within
each modality.

For the model evaluation stage, in Chapter 5, we illustrate a more comprehensive,
visualization-based analysis pipeline, Non-equivariance Revealed On Orbits (NERO) [Zhao
et al., 2023a] which assesses model equivariance to address the inadequacies of scalar-based
error metrics in evaluating ML models.

And at the last stage of the pipeline, in Chapter 6, we illustrate Adaptive Focal-Contrast
Decoding (HALC) [Chen™ et al., 2024a|, a real-time decoding algorithm that enhances the
trustworthiness of the large vision-language models (LVLM) through mitigating object hal-

lucinations (OH).
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Figure 1.1: Modern deep learning pipeline simplified into four stages: data preparation,
model training, model evaluation, and model inference. In this thesis, we introduce five novel
algorithms that enhance model performance by optimizing data utilization, each tailored to
a specific stage of the pipeline.

1.2 Publications Relevant to this Dissertation

The technical contributions of this dissertation and its chapters draw upon content from
the following conference publications and technical reports. Asterisks (*) in the list indicate

co-first authorship and are alphabetically ordered.

e Zhuokai Zhao, Yibo Jiang, and Yuxin Chen. Direct Acquisition Optimization for

Low-Budget Active Learning. In arXiv preprint arXiv:2402.06045, 2024. (Chapter 2)

e Zhuokai Zhao, Yang Yang, Wenjie Hu, and Shuang Yang. Breaking the Curse
of Quality Saturation with User-Centric Ranking. In 29th SIGKDD Conference on
Knowledge Discovery and Data Mining, 2023. (Chapter 3)

e Yiming Zhang*, Zhuokai Zhao*, Zhaorun Chen, Zhili Feng, Zenghui Ding, and Yin-
ing Sun. RANKCLIP: Ranking-Consistent Language-Image Pretraining. In arXi

preprint arXiv:2404.09387, 2024. (Chapter 4)
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North American Chapter of the Association for Computational Linguistics (NAACL),

2024.

e Zhaorun Chen*, Zhuokai Zhao*, Wenjie Qu, Zichen Wen, Zhiguang Han, Zhihong
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Collaborated Phishing Agents with Decomposed Reasoning. In ICLR Workshop on
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CHAPTER 2
DATA COLLECTION UNDER SCARCITY

Referring back to Fig. 1.1, this chapter elaborates on how better data utilization strategy can
enhance the process of data preparations. Admittedly, data preparation is a wider topic that
includes many sub-areas such as data collection [LeCun et al., 2015a|, data cleaning [Ilyas and
Chu, 2019, data annotation [Mosqueira-Rey et al., 2023], data integration [Doan et al., 2012],
among others [Zheng and Casari, 2018]. But in this chapter we focus on the data collection
and annotation aspects of the preparation. More specifically, we focus on optimizing the
data collection process in domains where unlabeled data is plentiful but annotations are
costly. Our goal is to establish criteria that identify and prioritize the most informative or
beneficial data points for annotation. By doing so, we aim to enhance model performance
while adhering to a limited annotation budget.

In fact, these concerns and goals are well recognized by a concept known as active learning
(AL), which has gained prominence in integrating data-intensive ML models into domains
with limited labeled data, and has been a focus in ML research for decades in mitigating
data scarcity. However, its effectiveness diminishes significantly when the labeling budget is
low. In this chapter, we first empirically observe the performance degradation of existing AL
algorithms in the low-budget settings, and then introduce Direct Acquisition Optimization
(DAO), a novel AL algorithm that optimizes sample selections based on expected true loss
reduction.

The chapter is organized as follows: we introduce the problem and its general back-
ground with more discussions in §2.1, then we provide essential technically related works
in §2.2. We present the empirical study results demonstrating existing methods failing in
extremely low-budget scenarios in §2.3, which is a direct motivation to our research, followed
by a detailed illustration of the proposed method, DAO, in §2.4. We conduct experiments

demonstrating DAQO’s effectiveness in low-budget settings, outperforming state-of-the-arts
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approaches across seven benchmarks in §2.5, and then discuss ablation studies regarding the

effect of each component of DAO in §2.6. At the end we conclude this chapter in §2.7.

2.1 Introduction

Active learning (AL) explores how adaptive data collection can reduce the amount of data
needed by machine learning (ML) models [Settles, 2009, Ren et al., 2021|. It is particularly
useful when labeled data is scarce or expensive to obtain, which significantly limits the
adaptability of modern deep learning (DL) models due to their data-hungry nature [van der
Ploeg et al., 2014|. In these cases, AL algorithms selectively choose the most beneficial
data points for labeling, thereby maximizing the effectiveness of the training process even if
the data is limited in number. In fact, AL has been broadly applied in many fields [Adadi,
2021], such as medical image analysis [Budd et al., 2021], astronomy [Skoda et al., 2020], and
physics [Ding et al., 2023|, where unlabeled samples are plentiful but the process of labeling
through human expert annotations or experiments is highly cost-intensive. In these contexts,
judiciously selecting samples for labeling can significantly lower the expenses involved in
compiling the datasets [Ren et al., 2021].

Many active learning algorithms have emerged over the past decades, with early seminal
contributions from [Lewis, 1995, Tong and Koller, 2001, Roy and McCallum, 2001|, and a
shift that focuses more on deep active learning - a branch of AL that targets more towards
DL models in more recent years [Huang, 2021|. Depending on the optimization objective,
AL algorithms can be classified into two categories. The first category includes heuristic
objectives that are not exactly the same as the evaluation metric, i.e. error reduction.
Examples in this category are diversity [Sener and Savarese, 2017|, uncertainty [Gal et al.,
2017], and hybrids of both [Ash et al., 2019]. Second category includes criteria that is
exactly the same as the evaluation metric, where notable approaches include expected error

reduction (EER) [Roy and McCallum, 2001| and its modern follow-up works [Killamsetty
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et al., 2021, Mussmann et al., 2022].

Despite the popularity of the first type of AL algorithms, we show in §2.3 that these
methods often suffer heavily in low-budget settings, where the total (accumulative) sampling
quota is less than 1% of the number of unlabeled data points, making them less suitable for
the extreme data scarcity scenarios. In terms of the methods from the second category, their
higher running time and reliance on the availability of a wvalidation or hold-out set remain
significant limitations, constraining their applicability in many data-scarcity scenarios as
well. For example, EER [Roy and McCallum, 2001| re-trains the classifier for each candidate
with all its possible labels, where in each time also evaluates the updated model on all the
unlabeled data, making its runtime intractable especially for deep neural networks. And
GLISTER [Killamsetty et al., 2021], despite being much more computationally efficient,
requires a labeled, hold-out set for its sample selection process, formulated as a mixed discrete-
continuous bi-level optimization problem, to be optimized properly.

While these constraints might not be a huge limitation a few years ago, it poses a more
important challenge currently as we are adopting deep learning models to more areas, where
labeled data may be extremely expensive to acquire. More importantly, it is also worth
noticing that under these scenarios, the highly limited labeled data should have been better
utilized for training than being reserved for AL algorithms.

Above limitations highlight a critical gap between the capabilities of current AL method-
ologies and the urgent demands from real-world applications, underscoring the need for
developing novel AL strategies that can operate both relatively efficient while presenting
little to none reliance on the labeled set. To this end, we introduce Direct Acquisition Op-
timization (DAQO), a novel AL algorithm that selects new samples for labeling by efficiently
estimating the expected loss reduction. Compared to EER and GLISTER, DAO solves the
pain points of prohibitive running time and the reliance on a separate labeled set through

utilizing influence function |Ling, 1984] in model parameters updates, and a more accurate,



efficient unbiased estimator of loss reduction through importance-weighted sampling.

To summarize, the contributions of this chapter are: (1) an empirical analysis of existing
AL algorithms under low budget settings; (2) a novel AL algorithm, Direct Acquisition
Optimization (DAQO), which optimizes sample selections based on expected error reduction
while operating efficiently through influence function-based model parameters approximation
and true overall reduced error estimation; and (3) thorough experiments demonstrating
DAQ’s superior performance in the low-budget settings, out-performing current popular AL

methods across seven benchmarks.

2.2 Related Work

2.2.1 Active Learning

AL has gained a lot of attraction in recent years, with its goal to achieve better model
performance with fewer training data [Settles, 2009, Schroder and Niekler, 2020, Ren et al.,
2021]. There have been different selection criteria including uncertainty, diversity, query-
by-committee, version space and information-theoretic heuristics |[Liu et al., 2022, Zhan
et al., 2022]|. The uncertainty-based approaches are arguably the most popular and easi-
est to implement, which includes selection criteria such as least confidence |Lewis, 1995|,
minimum margin [Scheffer et al., 2001, Roth and Small, 2006, Citovsky et al., 2021|, maxi-
mum entropy [Joshi et al., 2009, Settles, 2009] and others [Gal et al., 2017|. At their core,
these methods select points where the classifier is least certain. However, uncertainty-based
methods can be biased towards the current learner. Diversity-based methods [Settles, 2009,
Bilgic and Getoor, 2009, Guo, 2010, Luo et al., 2013, Elhamifar et al., 2013, Mac Aodha
et al., 2014, Yang et al., 2015, Sener and Savarese, 2017, Sinha et al., 2019, Agarwal et al.,
2020, Wu et al., 2021], on the other hand, aim to select the most representative samples of

the dataset. In addition, query-by-committee [Seung et al., 1992, Abe, 1998| and version
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space-based [Mitchell, 1982] methods, keep a pool of models, and then select samples that
maximize the disagreements between them. Information-theoretic methods [Hoi et al., 2006,
Barz et al., 2018] typically utilize mutual information as the criterion. Hybrid method that
combines both uncertainty and diversity criteria, such as BADGE [Ash et al., 2019], has also
been developed to take advantage of both worlds. As shown later in the paper, we visually
observe that the selections of our proposed DAQO, although not explicitly optimized towards

any of these heuristics, display characteristics of an hybrid approach.

2.2.2  EFER-based Acquisition Criterion

Alternatively, EER was proposed to select new training examples that result in the lowest
expected error on future test examples, which directly optimizes the metric by which the
model will be evaluated [Roy and McCallum, 2001]. In essence, EER employs sample selec-
tion based on the estimated impact of adding a new data point to the training set, rather
than evaluating performance against a separate validation set, meaning that it does not in-
herently require a validation hold-out set. However, its necessity to retrain the model for
every possible candidate sample and every possible label renders its cost intractable in the
context of deep neural networks [Budd et al., 2021, Skoda et al., 2020, Ding et al., 2023].
More recent look-ahead EER-based AL algorithms [Mussmann et al., 2022| focus on address-
ing this efficiency concern. However, these methods either rely on a small set of validation
data to be used for the evaluation of the expected loss reduction [Killamsetty et al., 2021],
or can still be quite slow when the size of labeled and unlabeled sets are large [Mohamadi
et al., 2022]. In this paper, we present DAO, a novel AL algorithm that improves upon
EER through optimizations on both model updates as well as loss estimation, efficiently and

effectively broadening the applicability of EER-based algorithm.
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2.3 Low-Budget Active Learning: A Motivating Case Study

In this section, we provide an empirical analysis to demonstrate that commonly used heuristic-
based AL algorithms do not work well under very low-budget settings. Specifically, we an-
alyze (1) uncertainty sampling methods including least confidence [Lewis, 1995|, minimum
margin [Scheffer et al., 2001], maximum entropy [Settles, 2009], and Bayesian Active Learning
by Disagreement (BALD) [Gal et al., 2017]; (2) diversity sampling methods such as Core-
Set [Sener and Savarese, 2017| and Variational Adversarial Active Learning (VAAL) [Sinha
et al., 2019]; and (3) hybrid method such as Batch Active learning by Diverse Gradient
Embeddings (BADGE) [Ash et al., 2019].

We test the above methods on the CIFAR10 [Krizhevsky et al., 2009] dataset starting
with an initial labeled set with size |Linit| = 10, and conducted 50 acquisition rounds where
after each round B = 10 new samples are selected and labeled. We use ResNet-18 [He et al.,
2016] as our training model across all methods. And we repeated the acquisitions five times
with different random seeds. The results are visualized in Fig. 2.1, where we plot the relative
performance between each method and random sampling acquisition through a diverging
color map.

Aligning with the general perceptions that low-budget [Mittal et al., 2019, Hacohen et al.,
2022| and cold-start [Zhu et al., 2019, Chandra et al., 2021| AL tasks are especially chal-
lenging, we empirically observe that almost all popular AL algorithms fail to outperform
the naive random sampling when acquisition quota is less than 1% (500 out of 50,000 in the
case of CIFAR10) of the unlabeled size. More specifically, when the quota is less than 0.2%
(less than 100 data points for CIFAR-10), all methods fail to reliably outperform random
sampling (as the beginning of each heatmap in Fig. 2.1 are almost all blue), which greatly
motivates the development of DAO. We also include the more conventional line plot of the

empirical analysis which may provide more detailed information of each run in Fig. 2.2.
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Figure 2.1: Existing methods fail to outperform random sampling with small budgets. This
figure shows the relative performance between multiple methods and random acquisition.
Within each subplot, x axis represents the accumulative acquisition size, while y axis indi-
cates runs initiated with different random seeds. White color indicates on-par performance
with random, blue indicates worse, and red indicates better.

2.4 Methodology of DAO

Different from the heuristics-based AL algorithms that optimize criteria such as diversity or
uncertainty, DAQO is built upon the EER formulation with the selection objective being the
largest reduced error evaluated on the entire unlabeled set. More specifically, DAO majorly
improves upon two aspects: (1) instead of re-training the classifier, we employ influence
function [Cook and Weisberg, 1982], a concept with rich history in statistical learning, to
formulate the new candidate sample as a small perturbation to the existing labeled set, so

that the model parameters can be estimated without re-training; and (2) instead of reserving
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Figure 2.2: Relative performance between existing popular AL methods and random acqui-
sition. horizontal axis represents the accumulative size of the labeled set, while vertical axis
indicates relative performance in percentage.

a separate, relatively large labeled set for validation [Killamsetty et al., 2021|, we sample a
very small subset directly from the unlabeled set and estimate the loss reduction through
bias correction.

Essentially, when considering each candidate from the unlabeled set, we optimize the
EER framework on two of its core components, which are model parameter update and
true loss estimation. Additionally, we upgrade EER, which only supports single sequential
acquisition, to offer DAO in both single and batch acquisition variants by incorporating
stochastic samplings to the sorted estimated loss reductions. We illustrate our algorithmic
framework in Fig. 2.3. In the following parts of this section, we first introduce a more formal
problem statement in §2.4.1, and then dive into each specific component of DAO from §2.4.2
to §2.4.5.
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2.4.1 Problem Statement

The optimal sequential active learning acquisition function can be formulated as selecting a

budget number of samples X?am from the current unlabeled set U; at each round ¢ such that

trai |
tham = argmin E(ys'lf*yxs) Ltrue(ft|xS.,y5.) (2.1)
x&-CZ/It,l ! ’ Y

where f* represents an optimal oracle that maps from any subset of the unlabeled data
Xs; € U1 to their ground-truth labels yg,, and ft|x 5,405, is the model that has been trained
on the union of the current labeled set £;_1 and the current unlabeled candidates xs, € U;1.
In addition, Ltrue(fthgi,ygi) = WTlul erut_u 0(x; ft|XsZ-,ysi) represents the loss estimator
that can predict the unbiased error of ft|x 5,4, where ¢ denotes the loss function. It is
numerically the same as if ft|x 5,405, has been tested on the entire unlabeled set U; 1 ;, where
Ui—1; = U1\ {xgs,}. Such formulation represents the optimal AL criterion and aligns with
any existing sequential active learning algorithm — of which the goal is to select the new
data points that can most significantly improve the current model performance [Roy and
McCallum, 2001].

Unfortunately, Eq. (2.1) cannot be directly implemented in practice. Because, first, we
do not have access to the optimal oracle f* to reveal the labels ys. of xg, C U;_1; second,
even if we had f* and therefore yg,, we cannot afford the cost of retraining model f; 1 on
each £y_1 Uxg, to obtain the updated ft|X$i7y3,~; and third, we do not have the unbiased
true loss estimator Liyye, which demands evaluating ft|x 5,5, OB the entire U;_1 ;.

Therefore, the goal of DAO is to solve the above challenges and efficiently and accurately
approximate Eq. (2.1) for the sample selection strategy. It is also worth noting that, when
xgrain represents a set of newly acquired data points, the above formulation becomes eligible

for batch active learning, which is more suitable for deep neural networks [Huang, 2021].
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2.4.2  Label Approximation via Surrogate

In this section, we address the first challenge when approximating Eq. (2.1). As we do not
know the true label or true label distribution p(y|x, f*) of each unlabeled sample x, the best
we can do is provide an approximation for p(y|x). To this end, we introduce the concept of a
surrogate [Kossen et al., 2021|, which is a model parameterized by some potentially infinite
set of parameters 6. Specifically, p(y|x) can be approximated using the marginal distribution
T(y[x) = Erg)[m(y[x, 8)] with some proposal distribution 7(¢) over model parameters 6. In

other words, we have:

plylx) ~ /9 w(6)m(y]x, 6) 9 (2.2)

As the sample selection process continues, new labeled points should also be used to train
and update the surrogate model 7(6) for better approximation of the true outcomes.
Although ideally, a more capable surrogate is preferred for better ground truth approx-
imations, we acknowledge that the choice of surrogate model can be very sensitive to the
computational constraints. Therefore, if running time is at center of the concerns during
sample acquisitions, using f; at step t also as the surrogate could be an efficient alternative,
as we don’t need to update a second model, nor do we need to run forward pass on the both
models. However, this will come with the cost that 7 never disagrees with f;, which causes
performance degradation for the unbiased true loss estimation, which will be illustrated with
more details in §2.4.4. Therefore, in short, we do not recommend replicating f; as surrogate

in practice, unless the computational constraint is substantial.

2.4.83 Model Parameters Update without Re-training

At acquisition round ¢, suppose we have labeled set £; 1 and unlabeled set U; 1 as the
results from the previous round ¢ — 1, and new sample x; € U;_1 that is currently under

consideration for acquisition, the goal of this section is to estimate the parameters of model
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Figure 2.3: Schematic of the algorithmic framework of DAO.

ftlxi,yi that could has been obtained after training f; 1 on the combined dataset {£;_1Ux;}.
In other words, if we suppose the conventional full training converges to parameters éxi, we

have:

R 1
by —argmin Y i) 29
;= 1l +1
0co |Li_1] x€{L_1Ux;}

where recall that £(x; 0) denotes the loss of # on x. The core of our approach is that, instead
of re-training as showed in Eq. (2.3), we can approximate the effect of adding a new sample
as upweighting the influence function by m [Koh and Liang, 2017] and then directly
estimate the updated model parameters.

Following Cook and Weisberg [1982], we have the influence function defined as:

e x;

e=0

where Hj is the positive definite Hessian matrix [Koh and Liang, 2017]. Next, we can

estimate the model parameters after adding this new sample x;, as:

1

éx. — 0~ —Iup params (Xz)
' Liql+1 77
| ’1 1 A (2.5)
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where Vl(x;; é) could be approximated as the expected gradient of sample x;: By a slight

abuse of notation of the training loss function ¢, we denote

K
Vol(xi;0) ~ > Vol(x;, 1 0) - by (2.6)
k=1
In Eq. (2.6), 95 and pj, represent model’s label prediction and likelihood (e.g. confidence)
respectively while K represents the total number of classes in the ground truths.

In practice, the inverse of H j cannot be computed due to its prohibitive O(np2 + p3)
runtime |Liu et al., 2021], with p being the number of model parameters. The computation
unavoidably becomes especially intensive when f is a deep neural network model [Fu et al.,
2018|. Luckily, we have two optimization methods, conjugate gradients (CG) [Martens et al.,

2010] and stochastic estimation [Agarwal et al., 2017| at our disposal.

Conjugate gradients. As mentioned earlier, by assumption we have H 50 and Vgl(x'; é)
as a vector. Therefore, we can calculate the inverse Hessian vector product (IHVP) through

first transforming the matrix inverse into an optimization problem, i.e.
Hé_1V9€(xi; 0) = arg mtin tTHét — Tt (2.7)

and then solving it with CG [Martens et al., 2010], which speeds up the runtime effectively

to O(np).

Stochastic estimation. Besides CG, we can also efficiently compute the IHVP using the
stochastic estimation algorithm developed by Agarwal et al. [Agarwal et al., 2017|. From

Neumann series, we have A7 ~ Yool — A)i for any matrix A. Similarly, suppose we
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define the first j terms in the Taylor expansion of Hé_l as

J
1 _ TR gl
=3 O:(z Hy)' =1+ (I~ HpH; ! | (2.8)
1=

we have Ho_’jl — Hg_l as j — o0o. The core idea of the stochastic estimation is that the
Hessian matrix H j can be substituted with any unbiased estimation when computing Hé_l.
In practice, we sample nj},,p, data points from the existing labeled set £;_1 and use ng (xi; é)
as the estimator of Hj [Liu et al., 2021]. Notice that since nypyy, is usually very small (in our
experiments we used njp,, = 8), it does not create a constraint on the size of the current

labeled set, which does not interfere with the low-budget settings.

Finally, we can approximate the model parameters after the addition of x; as

Ox; = 6 — Hé_1V9€(Xi; 0) (2.9)

n+1
which does not require any re-training. And we will demonstrate in §2.6.1 that this parameter
update strategy provides much better approximations than the naive single backpropagation

as seen in the existing AL literature [Killamsetty et al., 2021].

2.4.4 Efficient Unbiased Loss Estimation

Referring back to Eq. (2.1), the last challenge that we need to address is to gain access to the
unbiased true loss estimator Liye. In other words, we want to predict the true performance
of ft\xi,yi on the unlabeled set U; ; without exhaustive testing. Strictly, such evaluation
cannot be drawn until ft\xi,yi is evaluated on the entire unlabeled set U4 ;. However, this is
infeasible in practice.

Such approximation is typically carried out in other approaches [Killamsetty et al., 2021,

Mussmann et al., 2022] by randomly sampling a labeled validation set V at the beginning of
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the entire acquisition process, which will later be used for evaluations in all the subsequent
acquisition episodes. Despite the simplicity as well as being i.i.d., which makes the estimated
loss unbiased by nature, this approximation method suffers from large variance as the size of
V is usually much smaller than U, which unavoidably hurts the acquisition performance. It
is also contradictory to the goal of AL in general, especially under the low-budget settings,
as discussed in §2.1.

Different from the existing works, we propose to sample a subset C from current £; 1
in each acquisition round based on an alternative acquisition function, and then correct the
bias in the loss induced from this acquisition function. In the meantime, we also want to
keep the variance low, so that the final corrected loss enjoys both low bias and low variance,
which is more preferable than the zero bias but high variance that the random i.i.d. sampling
has.

Specifically, continuing with the notations from §2.4.1, let C = {x¢ 1,. .., Xt,;m, - - -, Xt,nc J
where C C U;_1, be the subset containing ne samples selected for this true loss estimation
at each round ¢. Farquhar et al. [2021] shows that if x; ;, is sampled in proportion to the
true loss of each data point, the bias originated from this selection can be corrected through
the Monte Carlo estimator RLUREl- Following our notations, it takes the form:

1 &

Ryurg = oy > vl (x¢m: f) (2.10)

m=1

where recall that ¢ denotes the loss of f, and the importance weight vy, is

|ut—1| —nc <( 1 (211>

—1
U1 —m \(|Us—1] —m + 1)g} (m) )

with ¢ (m) being the acquisition distribution of index m at round t. Importantly, the

variance can be significantly reduced if the acquisition distribution ¢;(m) is proportion to

1. LURE stands for Levelled Unbiased Risk Estimator
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the true loss of each data point. Again, this is not feasible as we do not have access to the

labels for U;_1. However, following Kossen et al. [2021], we can approximate ¢; (m) with

gr(m) = = w(ylxtm) log f(xt.m) (2.12)

Y

for classification tasks when the loss function is the cross-entropy loss, and where 7 is con-
veniently just our surrogate discussed in §2.4.2. Referring back to the discussion we had on
choosing a good surrogate m, with f(x) being designed to approximate p(y|x) as well, the
surrogate m should ideally be different from f so that more diversity is introduced in the
acquisitions.

To put all the components together, our loss correction process involves selecting samples

in C based on

Xtn o — S w1 (y]%) Log fi—1 (y]x) (2.13)
Yy

where 7;_1 is the surrogate model 7 at round ¢t — 1. Finally, the corrected loss s; can be

approximated using RLURE as

1 &
S; = % mZ:1 f)mf (Xt,mS ft) (2.14)

where 0y, which depends on the choice of x¢ 4, is the approximated version of the original

v, defined in Eq. (2.11). Specifically, 0, takes the form

U—1] —ne 1 B
[Up—1] —m ((|ut—1| —m + 1)g(m) 1) (2.15)

A~

where ¢¢(m) is the acquisition function defined in Eq. (2.13).
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2.4.5 Batch Acquisition via Stochastic Sampling

In §2.4.1, we briefly discussed that when X%min represents a set of data points (instead
of a single one), the formulation in Eq. (2.1) essentially represents the batch active learning
scenario. Suppose the acquisition budget per round is &, although selecting the top k& samples
with the lowest estimated losses (or highest expected error reduction) is straightforward, this
approach is sub-optimal. This is because top-k acquisition, while effective to some degree
due to its greedy nature, overlooks the crucial interactions among data points in batch
acquisitions. Specifically, while aiming to select the most informative unlabeled points, top-k
acquisition may lead to redundant choices, diminishing the overall benefit of the acquisition.

Inspired by Kirsch et al. [2021], we propose to similarly perturb the original ranking of the
estimated true losses so that the batch sampling provides better acquisitions when the most
informative data points may be duplicated. Suppose at acquisition episode ¢, we rank the set
of estimated true loss of each unlabeled data point in ascending orders as {itrue,i}xieut,p
such that Ztrue,i < lAtrue,j,Vi < j and x;,x; € Us_1, we can perturb the ranking with three
strategies: soft-rank, soft-max, and power acquisition, to improve batch performance from

the naive top-k sampling.

Soft-rank acquisition.  Soft-rank acquisition relies on the relative ordering of the scores
while ignoring the absolute score values. It samples the data point ranked at index ¢ with
probability psoftrank (i) = i 7, where 3 is the “coldness" parameter and is kept as 1 through-
out all the experiments. It is not hard to notice that pgyfrank(?) is invariant to l}me’,’, as long
as the relative ranking remains the same. More conveniently, with sampled Gumbel noise

¢; ~ Gumbel(0; 371), taking the top-k data points from the perturbed ranked list

jsoftrank _ logi + ¢; (2.16)

true,s

is equivalent to sampling psofirank(¢) Without replacement [Huijben et al., 2022].
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Soft-max acquisition. In contrast to soft-rank, soft-max acquisition uses the actual
scores, i.e., the estimated true losses, instead of their relative orderings. However, this
acquisition does not rely on the semantics of the actual values, resulting in the transformed

true loss simply being:

~

softmax

lrueyi = ltrue,i + € (2.17)

where ¢; remains the same Gumbel noise as in the soft-rank acquisition. Statistically, choos-
ing the top-k data points from this perturbed ranked list is equivalent to sample from

Peoftmax (i) = €5¢ without replacement.

Power acquisition. = While neither soft-rank or soft-max acquisitions take the semantic
meaning of the actual score values into account when designing the acquisition distribution,
power acquisition uses the value directly when determining the perturbed values. Specifically,
the power acquisition perturbs the scores as

ipower
true,s

= log [true,i + € (2.18)

where again ¢; is the Gumbel noise, and choosing the top-£ indices from this new list is equiv-
alent to sampling from ppower(i) = i without replacement. Combining all the components,

the pseudocode of DAO is summarized in Algorithm 1.

2.5 Experiments

We evaluate DAO on seven classification benchmarks including digit recognition datasets
MNIST [LeCun et al., 1998|, Street-View House Numbers recognition (SVHN) [Sermanet
et al., 2012], object classification datasets STL-10 [Coates et al., 2011], CIFAR-10, CIFAR-
100 [Krizhevsky et al., 2009], as well as domain-specific datasets Fashion-MNIST [Xiao et al.,
2017] and Stanford Cars (Cars196) [Krause et al., 2013].
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Algorithm 1 Direct Acquisition Optimization (DAO)

input Episode ¢, unlabeled set U;_1, labeled set £;_1, model f;_1, surrogate my_1, budget
Ky Nihvp (§2.4.3), and ne (§2.4.4)

output Acquisition set A; = {ngin, o ,Xgr]?in > Eq. (2.1)
1: Approximate p(y|x) for all x € U4 7 > §2.4.2, Eq. (2.2)
2: Initialize array S where |S| = |U_1]|
3: fori=1to [U;_1| do
4 Let Uy =U—1\ {x;}

5. Randomly sample ny,,,, data points from Uy ;

6:  Approximate parameters of ft|xi,yi > §2.4.3, Eq. (2.9)
7. Acquire n. samples from Uy ; > §2.4.4, Eq. (2.13)
8:  Compute s; and add to S > §2.4.4, Eq. (2.14)
9: end for

10: Sort S in ascending order

11: if k£ > 1 then

12:  Perturb S > Methods showed in §2.4.5

13: end if

14: Return top-k samples in S as A

2.5.1 FExperimental Setup

Baselines. To ensure fair comparisons, besides baseline methods that we empirically sur-
veyed in §2.3, we also include other state-of-the-arts AL methods, including Deep Bayesian
Active Learning (DBAL) [Gal et al., 2017] and GLISTER [Killamsetty et al., 2021], where
GLISTER is a direct competitor that also optimizes the EER framework.

For all the baselines, we used the default /recommended parameters and their official im-
plementations if publically available. In terms of earlier works such as least confidence [Lewis,
1995], minimum margin [Scheffer et al., 2001], and maximum entropy [Settles, 2009], we used
the peer-reviewed deep active learning framework DeepAL+ [Zhan et al., 2022]. All experi-

ments are repeated ten times with different random seeds.

Implementation details. Throughout the experiment section, we set ResNet-18 [He
et al., 2016 as the model f to be trained from scratch. We employed VGG16 [Simonyan and

Zisserman, 2014|, initialized with random weights, as our surrogate m. We used stochastic
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estimation [Agarwal et al., 2017|] when estimating the updated model parameters, as dis-
cussed in §2.4.3. We choose nj,y;, = 8 when approximating the unbiased estimator of Hy,

and set ng = 16 for biased loss correction as in §2.4.4.

2.5.2  Digit Recognition

First, we demonstrate DAQO’s effectiveness through two digit recognition benchmarks: MNIST |Le-
Cun et al., 1998] and SVHM |[Sermanet et al., 2012]. MNIST is a collection of handwritten
digits consisting of 60k training and 10k test images, while SVHN is a more challenging
dataset containing over 600k real-world house numbers images taken from street views. Both
datasets contain 10 classes corresponding to digits from 0 to 9.

Based on the insights from §2.3, we define a general rule of low-budget setting as one

image per class, which translates to initial label size |£}\£§IST| = 10 and per-episode budget
BynisT = 10 for MNIST. Given that SVHN is more challenging, and there are ten times
more unlabeled images than in MNIST (600k vs. 60k), we experiment both |£53VHN| —

init

10, Byypn = 10 and |£3VHN| = 100, Bgygy = 100 for SVHN. The results are showed in

nit

Fig. 2.4b and 2.4c.

2.5.3  Object Classification

Next, we assess DAO on more general and complex object classification tasks. STL-
10 [Coates et al., 2011] is a benchmark dataset derived from labeled examples in the Ima-
geNet [Deng et al., 2009]. Specifically, STL-10 contains 5k labeled 96 x 96 color images spread
across 10 classes, as well as 8k images in the test split. CIFAR-10 [Krizhevsky et al., 2009]
contains a collection of 60k 32x32 color images in 10 different classes, with 6k images per
class. CIFAR-100 is similar to CIFAR-10, but covers a much wider range, containing 100

classes where each class holds 600 images.

L5110 = 10

Continuing with the low-budget setting (1 image per class), we have |L£.
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Figure 2.4: Experiment results comparing DAO with existing AL algorithms across seven
benchmarks. In all subplots, horizontal axis represents the accumulative size of the labeled
set, while vertical axis indicates classification accuracy.

By 10 = 10 for STL-10, |CCIFAR-10| — 10, Bpag.10 = 10 for CIFAR-10 and | £CIFAR-100) —

100, Berrar-100 = 100 for CIFAR-100. The results are showed in Fig. 2.4d, 2.4e and 2.4f

respectively.

2.5.4  Domain Specific Tasks

The last part of our experiments involves case studies on applying DAO to domain-specific
tasks, which simulates many real-world applications. Specifically, we use FashionMNIST [Xiao
et al., 2017] and StanfordCars [Krause et al., 2013|, also known as Cars196, in this experi-
ment. FashionMNIST is structure-wise similar to MNIST, comprising 28 x28 images of 70k
fashion products from 10 categories, with 7k images per category. The training set contains
60k images, while the test set includes the rest. StanfordCars is a large collection of car im-
ages, containing 16,185 images with a near-balanced ratio on the train/test split, resulting

in 8,144 and 8,041 images for training and testing. There are 196 classes in total, where each
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class consists of the year, make, model of a car (e.g., 2012 Tesla Model S). The results of

both datasets are showed in Fig. 2.4g and 2.4h.

2.5.5 Discussion

From Fig. 2.4, we notice that the proposed DAO outperforms popular AL state-of-the-
arts by a clear margin across all seven benchmarks. Especially, with SVHN, when the
budget is extremely low (B = 10, which is 0.0017% of the unlabeled size), DAO leads the
performance by a very large gap, indicating its superior capability in the low-budget setting.
Such performance does not degrade much as the budget constraint is relaxed. As shown
in Fig. 2.4c, DAO still performs relatively well. The only experiment that DAO does not
improve as much is the StanfordCars. However, the accuracy improvement from DAO is
more smooth and has less variance, indicating better robustness when applied to the more

challenging (StanfordCars has 196 classes) applications.

2.6 Component Analysis and Ablation Studies

We now analyze specific components of DAO and conduct ablation studies on the strategies

proposed for model parameters approximation (§2.6.1) and true loss prediction (§2.6.2).

2.6.1 Accuracy on Model Approximation

First, we assess if estimating the model parameters updates through modelling the effect
of adding a new sample as upweighting the influence function provides a more accurate
model performance approximation than using single backpropagation as seen in the exist-
ing work [Killamsetty et al., 2021]. Specifically, we conduct the experiments on CIFAR-
10 [Krizhevsky et al., 2009], with initial labeled size ]Ei(rleiFAR'lo\ = 100 (randomly sampled

from the train split), per-episode budget Borpar-10 = 1, and number of acquisition episode
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E = 25. We compare the updated models performance (accuracy) on the test split of CIFAR-
10. Different from the experiments in §2.5, we do not apply any AL algorithm when acquiring
the sample in each round. Instead, we randomly choose B sample in each acquisition round
from the unlabeled set and then update the models through both methods with the same
selected sample.

To access the difference between models updated with our influence function-based method
and single backpropagation, we compute the mean squared error (MSE) between the perfor-
mance of each model and the model updated by conventional full training, which is defined
in Eq. (2.3).

Based on the result showed in Fig. 2.5a, we see that the proposed method provides more
accurate (smaller mean and median) and more robust (smaller std.) model approximations

than single backpropagation, contributing to the performance gain we observe in §2.5.

2.6.2 Bias Correction vs. Random Sampling

Next, we conduct ablation studies on replacing the proposed loss estimation (§2.4.4) with the
average loss of randomly sampled data points. More specifically, we replace the estimated loss
s; from averaging the corrected loss (Eq. (2.10)) of the acquired samples via an alternative

acquisition criteria (Eq. (2.13)) with averaging losses of the samples acquired uniformly, i.e.,

at round ¢, we have sgandom = m Z%ﬁ?dom U(x¢,m; fr) where x¢  ~ U(L, |Uy 4]). We
choose two M;andom = 16 and 256, where former provides a direct comparison with our
proposed loss estimation approach, and latter represents a brute-force solution that works
relatively well but is often infeasible in practice due to intensive running time.

The results are showed in Fig. 2.5b. We see that the proposed method performs even
better than the conventional random-sampling loss estimation with large sampling size, while

computationally being only 1/8 of the run time. Additionally, the variance of our method

is much smaller, indicating more robust loss estimation, which translates to more robust
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Figure 2.5: (a): MSE of the predictions accuracy on the test split of CIFAR-10 between
models updated by single backpropagation, influence function, and the fully trained model.
(b): Ablation results where the proposed loss estimation is replaced by the random sampling
estimation defined in §2.6.2.

acquisition performance.

2.6.3  Different Batch Acquisition Strategies

We conducted additional ablation studies comparing various stochastic sampling methods
as detailed in §2.4.5. For all experiments, we used the same low-budget setting as discussed
in §2.5.3. As shown in Fig. 2.6, the proposed DAQO, even when simply selecting the top
k samples without applying any of the stochastic strategies, outperforms existing methods.
Performance further improves with the implementation of these sampling strategies. How-
ever, it is important to note that we have not designed specific sampling strategies for our

algorithm; instead, we utilized existing methods to showcase the efficacy of DAO framework.

29



————— Random -~ Max Entropy —=+-—- DBAL —e— DAO (Top-K) DAO (SoftMax)
Min Confidence = —=— BALD e BADGE —e— DAO (SoftRank) DAO (Power)
rrrrrr Min Margin Core-Set -~ GLISTER

) 60 80 100 20 a0 60 £ 160 20 40 60 80 100 20 a0 60

Figure 2.6: CIFAR-10 experiment results on (a): DAO without batch acquisition strategy
(using naive top-k selection) and with other sampling strategies (softmax and softrank, as
discussed in §2.4.5); (b): DAO without sampling (top-k) vs. existing AL algorithms; (c):
DAO with softrank sampling vs. existing AL algorithms; (d): DAO with softmax sampling
vs. existing AL algorithms; In all subplots, horizontal axis represents the accumulative size
of the labeled set, while vertical axis indicates classification accuracy.

2.6.4 Interpreting DAO with Other AL Chriteria

In this section, we analyze the criterion optimized by DAO and compare it to common criteria
such as diversity and uncertainty, using visual representations of the data samples collected
by DAO. As shown in Fig. 2.7, throughout multiple acquisition rounds, the data selected
by DAO demonstrate notable diversity with uniform distribution across the sample space.
However, in contrast to traditional uncertainty-based methods, selections within a single
round by DAO also incorporate elements of uncertainty. This hybrid approach explains the
performance improvements observed in §2.5 over algorithms that solely focus on diversity or
uncertainty. Unlabeled and newly acquired data, in this case, images, or their latent space
embeddings, are first dimensionally-reduced and then visualized in Fig. 2.7. We see that,
DAO-selected data exhibit characteristics of diversity across the sample space over multiple

acquisition rounds, while display uncertainty characteristics within single round.
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Figure 2.7: Visualizations of DAO acquisitions with dimensionality reduced from (a): raw
images; and (b): latent space image embeddings.

2.7 Conclusions and Future Work Directions

In this chapter, we introduced Direct Acquisition Optimization (DAO), a novel algorithm
designed to optimize sample selections in low-budget settings. DAO hinges on the utilization
of influence functions for model parameter updates and a separate acquisition strategy to
mitigate bias in loss estimation, represents a significant optimization of the EER method
and its modern follow-ups. Through empirical studies, DAO has demonstrated superior
performance in low-budget settings, outperforming existing state-of-the-art methods by a
significant margin across seven datasets.

Looking ahead, several promising directions for future research can be explored. First,
further exploration into the scalability of DAO in larger and more complex datasets will be
crucial. Second, an in-depth investigation into the influence function’s behavior in different

model architectures could yield insights that further refine and enhance the DAO framework.
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And finally, integrating DAO with other machine learning paradigms, such as unsupervised
and semi-supervised learning, could lead to the development of more robust and versatile

active learning frameworks.
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CHAPTER 3
DATA UTILIZATION UNDER ABUNDANCE

On the opposite of scarcity, data abundance is another challenge in efficient and effective
data utilization, and has attracted more research attention since the development of large
models. In fact, data abundance plays a critical role in the development of large models,
particularly when viewed through the lens of scaling laws [Hestness et al., 2017, 2019, Kaplan
et al., 2020|, which predict that as the size of a model increases — measured in parameters,
the number of layers, or the computational resources dedicated to training — the model’s
performance on various tasks should generally improve [Hestness et al., 2019, Kaplan et al.,
2020].

Although the interplay between data abundance and model size is nuanced and varies
across different types of models, successful scaling is undoubtedly contingent on having
sufficient amount of data. Because without enough data, large models risk overfitting, where
they learn the training data too well, including its noise and anomalies, which detracts from
their ability to generalize to new, unseen scenarios [Kaplan et al., 2020]. Despite the scaling
success we observe in CV |Dosovitskiy et al., 2020, Wang et al., 2023b] and NLP [Brown
et al., 2020b, Bai et al., 2022b, Achiam et al., 2023| domains, certain types of models, such
as recommender models, do not have performance improved when scaled with increased size
and data, even if their model architectures share a lot of similarities with the NLP models,
possibly due to complexities and time-shift distributions in the user-item interactions which
make the models unable to learn the large, comprehensive dataset over a longer period of
time [Zhao et al., 2023c].

In fact, a key puzzle in search, ads, and recommendation is that the ranking model can
only utilize a small portion of the vastly available user interaction data. As a result, increas-
ing data volume, model size, or computation FLOPs will quickly suffer from diminishing

returns. We frame this problem as an ineffective data utilization under abundance, which
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leads recommender models to performance saturation and failures in scaling, even if the
amount of data is sufficient, even abundant in some cases. More specifically, as shown later
in this chapter, we find that one of the root causes may lie in the so-called item-centric for-
mulation (ICR), which has an unbounded vocabulary and thus uncontrolled corresponding
model complexity. To mitigate quality saturation, we introduce an alternative formulation
named user-centric ranking (UCR), which is based on a transposed view of the dyadic user-
item interaction data. We show that this formulation has a promising scaling property,
enabling us to train better-converged models on substantially larger data sets.

The chapter is structured as follows: §3.1 starts by introducing the issue and its broader
context with further details discussed. In §3.2, we review essential technical literature re-
lated to the topic. §3.3 outlines existing ICR formulation and discusses its limitations and
implications when training with larger datasets, leading to the development of our proposed
UCR. This is followed by §3.4, where we detail our implementation as well as the unique
technical challenges that differentiate between ICR and UCR. §3.5 describes experiments
that illustrate the effectiveness of UCR on both public and real-world production data,
where it surpasses its ICR counterpart when applied to the same recommender model. We
then analyze the different settings and additional ablation studies in §3.6. And finally we
conclude UCR and this chapter in §3.7.

3.1 Introduction

Scaling has been one of the main themes in deep learning and the key driving force be-
hind many eye-opening breakthroughs in the past decade, especially in computer vision
(CV) [Dosovitskiy et al., 2021, Feichtenhofer et al., 2022, Wang et al., 2022a|, natural lan-
guage processing (NLP) [Devlin et al., 2018, Brown et al., 2020a, Chowdhery et al., 2022|,
and multi-modality modeling [Ramesh et al., 2021a, Yu et al., 2022, Radford et al., 2021a).

In these areas, scaled-up big models were able to improve the corresponding quality metrics
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by orders of magnitude compared to the state-of-the-art of their previous generations. For
example, on ImageNet [Deng et al., 2009], the ViT [Dosovitskiy et al., 2021| model reduced
the image classification error rate, compared to the first super-human model ResNet-152 [He
et al., 2016], by more than half [Dosovitskiy et al., 2021]. This scaling success, however,
has not yet happened in ranking (e.g., search, ads, recommendation systems). This seems
both surprising and mysterious given that ranking represents and important aspect of the
AT industry.

In a typical scaling scenario, one important condition is that the model should have the
capability to utilize more data, so that increasing data volume and computing will continue to
improve model quality. When it comes to ranking, we notice that even with an abundant or
even infinite amount of data (i.e., massive user engagement activities constantly accumulating
in systems like Google ads, Facebook news feed, YouTube video recommendation, etc.), the
ranking models typically can only utilize a small portion (i.e., a few days to a few weeks of
logged data). Increasing training data volume, model size, or computation FLOPs can only
lead to very little quality improvement. This is known as the “quality saturation” problem.

To be fair, the quality of every machine learning model will eventually saturate, sooner
or later. What makes it unique in ranking is that the quality saturation happens too soon.
Considering the important role that ranking models play and their business impact, a rea-
sonable expectation is that a ranking model should be able to utilize at least a few months
of training data.

We examined this problem and found that one of the root causes may lie in the formu-
lation. With an analogy to NLP, the current ranking formulation predicts dyadic responses
(e.g., ads click-through) by casting ‘items’ as ‘tokens’ and ‘users’ as ‘documents’, a paradigm
called “item-centric ranking”. This is actually an ill-posed formulation because the model
size or the number of parameters to learn will grow linearly as data volume increases. As

a remedy, we introduce an alternative formulation called “user-centric ranking” based on a
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transposed view, which casts ‘users’ as ‘tokens’ and ‘items’ as ‘documents’ instead. We show
that this formulation has a number of advantages and shows less sign of quality saturation
when trained on substantially larger data sets.

The proposed methods have been tested in a variety of our production systems with
significant metric wins, including search, ads, and recommendation. These systems are quite
diverse in nature (e.g, different interaction interfaces, items of very different types) and can
be regarded as representative of many ranking systems in the industry, yet our findings
are quite consistent. Our reported experiment results are primarily based on one production
surface, which has six different tasks (including both positive and negative engagements, and
both immediate and deferred reward feedback), and the comparison and trend are consistent
across all these tasks. In addition to offline results, we also report online live experiment
results. Furthermore, to improve the reproducibility of our findings, we also include results

on a public data set and plan to open-source our implementation code for public access.

3.2 Related Work

The past decade has witnessed tremendous successes achieved by deep learning models that
are growing in scale exponentially over time. In CV, big model architectures have been
widely used for image classification and object detection tasks. The neural architectures have
evolved from Convolutional Neural Networks (CNNs) with a handful of layers |[Krizhevsky
et al., 2012], to ResNet who has more than 100 layers and 100 million parameters [He
et al., 2016], to recent gigantic Transformer-based models that contain hundreds of billions
of parameters [Dosovitskiy et al., 2021]. The trend is even more prominent in NLP, especially
in the few years of post-BERT era [Vaswani et al., 2017, Devlin et al., 2018]. A surge of
state-of-the-art models are emerging with ever growing sizes, complexities, and new levels of
capabilities, e.g, GPT-3 and GLaM [Du et al., 2022a] are among the largest language models

to date and have demonstrated impressive performance in various NLP tasks [Brown et al.,
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2020a, Chowdhery et al., 2022].

It is a bit surprising that, unlike the other areas, scaling has not gained much success in
ranking, even though it is the biggest industry for Al and there is no shortage of training
data |Ferrari Dacrema et al., 2019]. Ranking models used to be dominated by the “two-
tower” architectures, where the user-side and the item-side were modeled independently with
separate architectures in the early stage known as the two towers; and fusion or interaction
between the two sides happens at a relative late stage [Cheng et al., 2016, Huang et al., 2013,
He et al., 2017]. Recently, “single-tower” architectures based on Transformer emerged and
quickly became the new state of the art [Vaswani et al., 2017, Zhou et al., 2018|. However,
compared to other areas, these models are notably simpler, for example, they are using only
a single (or a few, if Transformer is also used in interaction sub-arch) layer of Transformer
block, and even though these models could be big in size (e.g, 1 trillion parameters), the
majority of the parameters are sparse-id based embeddings, only a tiny fraction of which are
active for each prediction.

The current common practice in ranking is to model each user based on the sequence
of historically interacted items. The representation of user interests can be learned from
historical behaviors, and the likelihood of a potential engagement is assessed based on the
affinity of the target item with respect to historical interactions. These models provide an
item-centric perspective to utilize the dyadic user-item interaction data; we call it item-
centric because learnable embeddings are allocated for items but not users. We show that
this formulation could be the cause of quality saturation. The proposed user-centric ranking
is the first to provide an alternative formulation based on a transposed view of the dyadic
interactions. We show that it can help to alleviate quality saturation in ranking. We want
to note that our contribution is to introduce this new formulation, not a specific neural
architecture. These two are orthogonal, in fact, any state-of-the-art item-centric ranking

model can be converted to its user-centric counterpart using the new formulation.
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It is important to capture the complex relationships between users and items to improve
ranking accuracy in ranking systems. Using user information corresponding to a target item
is a natural choice. One example is graph-based recommendation models [Wang et al., 2019c,
Chen et al., 2020a|, which represents users and items as nodes in a bipartite graph. The
graph model learns to generate user and item embeddings for recommendation through the
process of embedding, propagation, and prediction. Our approach of user-centric ranking
models user-item interaction in a different way and targets for replacing or complementing
the current item-centric ranking models that suffer from quality saturation. There are other
attempts to alleviate the changing inventory problem, such as meta learning approaches [Car-
valho et al., 2008, Wang et al., 2022b|. The goal of meta learning for ranking is to improve
robustness and /or fairness of ranking models caused by unintended data biases. In contrast,

we aim to address the quality saturation problem caused by inventory dynamics.

3.3 Ranking Formulations

In ranking, we are concerned with modeling dyadic responses. Given a set of users U and a
set of items Z, the goal is to predict y¢(u, i) for any given user v € Y and item ¢ € Z at time
t. In different contexts, y can have different semantic meanings, e.g., click-through of an ad,
conversion of a transaction, following an account, or finishing watching a video. Ranking
models are trained on historical interaction data in the format of D = {(u,,¢,y)}, which
can be thought of as a bipartite graph between U and 7.

An interesting note is that ranking bears a lot of similarities with NLP, because NLP
data can be thought of as dyadic interactions between ‘documents’ and ‘tokens’. In fact, a
lot of ranking techniques are inspired by progresses in NLP [Sun et al., 2019, Hidasi et al.,
2015, Zhou et al., 2018].
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Figure 3.1: (a): An example of one-tower ranking model; (b): A hybrid ranking model
containing both a user-centric and an item-centric sub-architecture.

3.3.1 Item-Centric Ranking

Fig. 3.1a shows one example of single-tower item-centric architectures. The key idea, with
an analogy to NLP, is to think of items as tokens and users as documents, i.e., each user
is modeled by a list of items that they engaged with, in chronological order according to
the time of engagements. When multiple types of engagements are involved (e.g., in video
recommendations, engagements could include clicks, video completion, likes, follow-author,
etc.), they can be organized into multiple channels, one for each engagement type.

For each channel, items in the engagement history are first mapped to their embeddings,
positions are encoded based on relative time-stamps, and multi-head attentions are applied
on top. The aggregation output is then concatenated with all other features, on top of
which an interaction sub-architecture (e.g., Deep & Cross Network (DCN) [Wang et al.,
2021] or self-attention [Vaswani et al., 2017]) is employed to encode higher-order nonlinear
interactions among different feature groups. And finally, a number of task heads (e.g.,
one MLP for each engagement prediction task) provide the output probabilities. Because

of the daunting scale in ranking, these ranking architectures are highly-simplified versions
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compared to what are commonly used in NLP, noticeably: 1) only one layer of attention is
typically used; 2) instead of full-sized self-attention, the aggregation is based on the so-called
“targeted attentive pooling", i.e., when predicting y;(u,7), the engagement history of user
u is aggregated by attending only w.r.t. the target item ¢ (i.e., the embedding of item i
is used as query in the attention function). The latter is similar to document/paragraph
representation in NLP, where the aggregation is by attending to the special symbol ‘CLS’.
This formulation is called “Item-Centric Ranking” (ICR) to reflect that items are allocated
free-parameter embeddings to be learned in training whereas user embeddings are derived

by aggregating item embeddings.

3.3.2  User-Centric Ranking (UCR)

Why do ranking models saturate so fast? Why doesn’t this happen to NLP models given
that they bear lots of similarities?” When we carefully compare these two settings, we notice
an important difference. In NLP, the vocabulary size (i.e., total number of tokens) is often
fixed; given a neural architecture, the number of parameters is constant when we increase
the training data. This is, however, not the case in ranking when item-centric formulation
is used.

In particular, especially in the so-called “creator economy”, where the inventory of items
are highly dynamic: new items are being created constantly (e.g., tens of millions of posts/videos
are created on Facebook/Instagram every day) and items are time-sensitive and ephemeral
(e.g., each post/video has a short life-span ranging from a few days to a few weeks). In this
setting, because the item inventory grows linearly over time |Z| = O(t), for any given neural
architecture, the number of model parameters will grow unboundedly in O(t) (due to the use
of per-item embeddings). As a result, when we increase the training data (e.g., to use more
days of logged interactions), because of the linear growth in model size, the per-parameter

data density will not grow, and hence using more data will not make the model converge
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better (e.g., lower the variance). In fact, this is a setting that we rarely see elsewhere.

Based on this observation, we propose an alternative formulation called “User-Centric
Ranking” (UCR), which is based on a transposed view of the user-item interactions. Using
the NLP analogy again, UCR casts ‘users’ as ‘tokens’ and ‘items’ as ‘documents’; free-
parameter embeddings are learned for users, and item embeddings are derived by aggregation.
For mature ranking systems in double-sided markets, it is typical to see an increase in
inventory, while the user set U remains relatively consistent; thus, the model size (i.e., the
number of parameters) of these ranking systems will stay stable as we increase training data.
Our expectation is that with this formulation, when we scale up training data the consistent
growth of per-parameter data density should translate to better model convergence.

In a typical setting where user set is capped while both the inventory size and the training
data set size grow linearly over time, it can be shown the asymptotic error rate (i.e, the
expected distance between the optimal value of model parameter #* and its actual value é)

for each of the formulations is as follows [Nguyen et al., 2018]:
e Item-centric ranking: E[||0* — 6¢||2] = Const
e User-centric ranking: E[||6* — 64||?] = O(%)

As training data grow, asymptotically UCR converges at a sub-linear rate (at most), while
ICR cannot be improved further, which explains the quality saturation we have observed.

From an intuitive perspective, UCR could be advantageous over ICR. In ICR, because
items are ephemeral, so are their embeddings (i.e., an item embedding will soon become
irrelevant and useless as that item exits the system). In UCR, we are continuously accumu-
lating and improving our knowledge about every user by refining its embedding over time as
long as that user keeps on interacting with the system.

Any SoTA item-centric ranking model can be converted to its user-centric counterpart

using the new formulation. Note that the example architecture in Figure 1(a) applies to
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both item-centric and user-centric. The key difference is whether users or items are used as

keys for embedding look-ups (i.e, the ‘sparse-id’ and ‘target-id’ in the figure).

3.3.3  Hybrid Models

It is also possible and actually straightforward to have a hybrid formulation, i.e., to imple-
ment models that include both a user-centric and an item-centric attentive pooling compo-
nents. Fig. 3.1b shows how the example architecture in Fig. 3.1a looks like in the hybrid
formulation. Such hybrid models will have similar “parameter explosion” problem as item-

centric models. We will compare all these different model formulations in our experiments.

3.4 Implementation

3.4.1 Item-Centric Ranking

Item-centric id-lists represent the engagement history of each user. Although the number of
items that one user can interact within one day is hardly over a few hundreds, the list of
distinctive items and their embeddings gets accumulated very quickly over time, especially
considering that the same item is rarely recommended to the same user again. A sampling
strategy is needed in order for each engagement list to not exceed certain length. In our
implementation, we limit the length to 1024 at max, by only including the most recent

engagements. In our experiment, this method is referred to as “IC-Sampling”.

3.4.2  User-Centric Ranking

One of the challenges for implementing UCR is to handle the distribution skewness. In
an item-centric setting, the number of items one user can interact with tends to be evenly
distributed (e.g., daily engagements range from a few to a few hundred), whereas in the
new setting, the distribution is more irregular, e.g., some items can attract millions of users
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to engage with while others can get only a few. This means that for some items it is no
longer feasible to fit the entire list of engaged users in memory during training/inference.

We explore three different approaches:

e Sampling. In this implementation, we simply down-sample the list of engaged users
of an item to a fixed-size sub-list uniformly using reservoir sampling. Note that in
practice, if we sample for each item only once, instead of resampling for each user-
item interaction, this will introduce an artificial bias. This method is referred to as

“UC-Sampling."

e Aggregation. Another approach is to summarize a long sequence of engaged users
to a shorter list, e.g., by clustering the users and using cluster-id in replacement of
user-id. In our implementation, the clusters are obtained by applying the Louvain
algorithm |Blondel et al., 2008| to the user-item interaction graph. Our implementation
provides the functionality to incrementally update the clustering structure over time
with constraints on cluster size and re-mapping ratio. This method is referred to as

“UC-Clustering".

Note that this problem is only a concern for a very small subset of the most popular items,
for which most ranking models already have good prediction accuracy. For the vast majority

of items in our case, the engagement users are below the 1024 length limit.

3.4.8 Parameter Hashing

Another technical challenge is memory management when working with large-scale ID spaces
such as user-ids U and item-ids Z. Considering that we are learning embedding vectors, one
for each distinctive ID, the extremely large cardinalities (i.e., in the order of billions) of
these ID spaces imply that the memory requirement as well as the index to map IDs to their

address can be quite a challenge. Especially for item-centric ranking, the number of item
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IDs can grow unboundedly to infinity.

One common approach to address this problem is to implement feature hashing, i.e., to
maintain a constant hash space for these IDs and allocate one embedding vector for each
distinctive “hashed ID". This is of course not ideal. The existence of hash collisions means
that we are forcing certain random IDs to share the same embedding vectors. This is not
necessarily a bad thing when the collision rate is at a reasonable level, because feature
hashing provides a type of regularization effect to the embedding parameters similar to
dropout. However, for unbounded ID spaces such as Z in user-centric ranking, the collision
rate is expected to grow linearly over time (i.e, O(t)), and can be arbitrarily large and no
longer negligible. In contrast, in user-centric ranking, the ID space U is bounded and hence

collision rate is under control.

3.4.4  Aggregation Operators

We implement two aggregation operators, sum-pooling and targeted attentive pooling. The
former aggregates the list of associated IDs by the sum or mean of their corresponding
embeddings. Sum-pooling is computationally inexpensive and easy to implement. However,
it has very limited expressive capability (e.g., the operator itself is parameter-less) and needs
to rely on the interaction arch to encode complex interactions. Moreover, especially when
the list is long, using an unweighted sum could deteriorate the signal-to-noise ratio and make
the prediction less accurate. By attending to the target user (item), attentive pooling can
adaptively adjust how much weight an embedding could get based on not only the relevancy
of the current item (user) at hand but also the relevance of other competing entities. This
aggregation is especially powerful when the list contains entities of diverse topics (e.g., a
user’s engagement history could contain items in different categories), for which the multiple
distribution modes would be inevitably collapsed into one if sum-pooling is used. Attentive

pooling is also more robust and tolerant to noises, outliers or corruptions in the ID list.
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3.5 Experiments

3.5.1 On Public Data

A major goal of UCR is to improve the scaling capability of ranking models due to the curse
of quality saturation caused by growing item inventories. To test our findings, data sets need
to be both (1) substantially large-scale and (2) based on dynamic inventory as in real-world
systems. Unfortunately, public data cannot meet the requirement: they do not have the
desired scale, nor do they have the needed dynamics (matrix completion settings with fixed
users & items). We notice that this is a common issue in the community. Notably, recent
works on scaling, including those in NLP and CV are based on dedicated data sets. The
matter is even worse in the area of ranking, because published data is not only too small
in scale but also lacks many vital characteristics that real-world systems possess, making
findings on such toy data sets less reliable when being generalized to real world. However,
to improve the reproducibility of our results, we tested our methods on one public data set

for demonstration purposes.

Data. The MovieLens-20M data set is a popular benchmark in recommendation sys-
tems [Harper and Konstan, 2015]. It contains 20-million ratings from 138,493 users on
27,278 movies. In our experiments, we follow a protocol similar to that of [Zhou et al.,
2018]: ratings of 4-star or above are treated as positive and the rest as negative; for each
user, the most recent N (N = 512) positively-rated movies are used as item-centric channels
of that user; similarly, the M (M = 512) users who historically rated a movie positively are
used as user-centric channels of that movie. As we mainly compare the difference between

ICR and UCR, we do not include other categorical features, such as genre.

Results. We tested the DIN [Zhou et al., 2018| architecture (Fig. 3.1a in the three different

formulations (i.e, ICR, UCR, hybrid) with ‘Attention-pooling’ as aggregation operator. A
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Table 3.1: Evaluation results (AUC) on MovieLens data.

ICR | UCR | Hybrid
DIN with Attentive Pooling || 0.712 | 0.731 | 0.737

4:1 split is used for training and testing. The evaluation results in terms of AUC (i.e, area
under ROC curve) are reported in Table 3.1.

Note that MovieLens is a static data set. It does not have the inventory dynamics that
real-world systems have, and hence we will not be able to see parameter explosion on this
data set. From Table 3.1, our observation is that UCR is at least on par with or slightly
better than ICR, while hybrid performs the best possibly because it uses more signals than

either of them.

3.5.2 On Real-World Production Data

Data. We further experiment on real-world production data. For offline evaluation, we
created a “lab data set” by sampling the production log of a real-world short-form video
recommendation system. Our data set contains about 24 million users and their engagement
activities in the time range of 60 days (from late July to early October of 2022). In total,
the data set contains about 28 billion examples (engagement activities) involving 1 type of

negative and 5 types of positive engagements.

Metric. We use Normalized Cross-Entropy (NCE) as the primary evaluation metric [He
et al., 2014]. NCE is defined as the cross-entropy loss of the model prediction p normalized

by the entropy of the label y.

CrossEntropy(p, y)
NCE =
CEP, y) Entropy(y)

(3.1)

NCE is widely used as the gold standard offline metric for engagement probability (e.g, CTR)

prediction tasks because of its high consistency with online engagement metrics.
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Parameter Growth. In both ICR and UCR, the total number of parameters that a
model has can be expressed as const + n X d, where the constant part is mostly related to
model architectures, while n and d denote the total number of distinctive sparse-ids and the
dimensionality of each embedding vector. In our data set, as is common in most ranking
systems, the cardinality of the user set tends to be bigger than that of the item set for any
given day, |U| > |Zyy1| — |Zt|, where Z; is the accumulative item set on day t. However, that
comparison is quickly reversed as time goes by because |Z;| grows linearly in O(t).

Fig. 3.2 shows the model size growth over time for both ICR and UCR models. We only
plotted the curves for the case with sampling and attentive pooling, but the trend is similar
for all other variants. While it is true that for the first few days the ICR model has fewer
parameters, it constantly adds parameters every day as new item IDs emerge. As a result,
the ICR model size grows almost linearly over time. In contrast, the UCR model, although
has a bit more parameters initially, the model size stays relatively stable over time.

Considering these two models are trained using the same amount of dyadic interaction
data, the drastic contrast of the parameter growth can have profound impacts on model
quality. For example, at the end of the 60-day window, the ICR model is 21x larger in size
than its UCR counterpart. This means that ICR consumes 21x more memory, or when
parameter hashing is used the collision rate is 21x higher; at the same time, on average, each

ID embedding receives 21x less training data in ICR as compared to in UCR.

UCR Results. We compare IC-Sampling and UC-Sampling with the two aggregation
operator options. All the models are trained recurrently and evaluated on a daily basis using
the first “10K examples of the next day. Because we have six tasks and correspondingly
six engagement history channels in our data set, each task (and the engagement channel) is
evaluated independently. The results are reported in Fig. 3.3, where only the results on ‘Task
17 are shown (results on other tasks are very similar); all the NCE numbers are normalized

by the NCE of the IC-Sampling sum pooling model on day 1, and relative NCEs are used
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Figure 3.2: The growths of model size (the total number of parameters) over time for ICR
and UCR models.

in the plot.

We can observe that UC-Sampling demonstrates a clear gain over IC-Sampling, with the
gap increasing rapidly from day 1 to day 10, and then slowly converging till the end. The
performance matches our hypothesis that UCR accumulates and refines the understanding
of each user, which helps with better recommendations as the data scales up. However, we
did not notice the gain increase through the end of the experiments. We believe that this is
because UCR excels more on active users due to its nature of aggregating user embeddings
to profile engaged items, but falls short on less active users. We will come back to address
more about this issue in §3.5.2.

We also compare the impact of the two aggregation operators in ICR and UCR. As shown
in Fig. 3.3, attentive pooling consistently performs better than sum pooling in UCR. With

more data, the gap is also increasing. After 60 days of training, UCR attentive pooling get
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Figure 3.3: Comparison of ICR and UCR models in offline evaluation. Models are trained
recurrently on a daily basis and evaluated on future 10K activities using NCE (lower is
better).

0.44% gain over the sum pooling alternative. In contrast, the advantage of attentive pooling
in ICR is very minimal.

This also proves our hypothesis in §3.4.4. In ICR, the item ID is not well trained due
to the linearly increased ID space. As a result the attention score between history item and
target item does not learn useful signals, and attentive pooling falls back to mean (sum)
pooling. In UCR, user ID space is stable, and all ID embeddings could be optimized. This
finding verifies the potential to solve the quality saturation problem using UCR with more

training data.

Hybrid method results. We also compare the hybrid method with UCR and ICR. Be-
cause the consistently superior performance of sampling over clustering as reported before,

we only experimented with the sampling implementation. The results are shown in Fig. 3.4.

49



Table 3.2: Multi-task relative NCE percentage (%) change between ICR (baseline), UCR
and Hybrid models implemented with attention pooling. Baseline setting is denoted as “-".

Day 7 Day 14 Day 30 Day 60
Task||IC| UC |Hybrid| IC | UC |Hybrid| IC | UC |Hybrid| IC UC |Hybrid
1 - |-2.58 | -2.88 |-1.73]-4.01| -4.32 | -3.01 | -4.90 | -5.21 | -3.48 | -5.18 | -5.31
2 - 1-2.711-2.94 |-0.46|-3.23| -3.42 | -0.45 | -3.24 | -3.44 | -0.44 | -3.19 | -3.32
3 - |+1.84] -2.04 |-7.52|-7.60|-10.38]-10.96|-12.64|-14.29{-11.98|-13.98 | -12.78
4 - |-2.86 | -3.08 [-0.31]-3.23| -3.41 |-0.08 | -3.03 | -3.23 | -0.05 | -2.96 | -3.08
5
6

- [-2.88|-3.14 |-0.66|-3.61| -3.88 | -0.79 | -3.77 | -4.00 | -0.81 | -3.73 | -3.88
- 1-3.09 | -3.28 |-0.86|-3.97| -4.14 | -1.19 | -4.34 | -4.53 | -1.28 | -4.38 | -4.47

It seems that the hybrid method has very similar performance as the UCR counterpart,
albeit slightly better. This phenomenon is pretty consistent. We observe that the hybrid
method achieves the best NCE results across all the tasks. Considering that the hybrid
architecture, as shown in Fig. 3.1, includes both an UCR sparse sub-arch and an ICR sparse
sub-arch, the results are partly as expected (i.e., it should have the advantages of both UCR

and ICR) and partly surprising (i.e., it has the same parameter explosion problem as ICR).

Multi-task evaluation results. In our previous evaluations, we use one single task and
one single engagement history channel. In this section, for both ICR and UCR, we use all
the available engagement signal channels (one for each engagement type) and jointly train
the model on all of the six tasks. This multi-channel and multi-task setting allows the model
to capture correlations among different tasks as well as between the signal channel and the
task loss corresponding to different engagement types, which cannot be done in the previous
setting. The results are reported in Table 3.2, where the NCE is calculated relative to the
NCE of the ICR model at day 7. We observe that overall UCR models show clear gains when
compared to ICR counterparts across all the tasks; moreover, the hybrid model consistently
performs the best at all of the tasks, although the difference with the UCR models is very

marginal.
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Figure 3.4: Comparison of the hybrid model with its UCR and ICR counterparts.

Segment analysis. We segment users into five buckets based on their activeness (e.g.,
number of engagements within a given time window). In Fig. 3.5a, we show the NCE
differences between one UCR model (UC-Sampling) and one ICR model (IC-Sampling) for
each user segment. We can see that, although UCR performs better than ICR overall, the
gain mostly come from more active users. For less active users (e.g., engagement counts
< 10), UCR actually performs worse than the ICR baseline. This explains why the hybrid
methods tend to perform the best because it leverages both components to provide the better
of the two worlds. As a validation, Fig. 3.5b shows the similar analysis of the Hybrid model

over ICR, and we can see it provides gains across all the user segments.

3.5.3 Online Results

Based on the encouraging results on the sampled lab data, we took the step forward to

productionize the proposed techniques in our recommendation system. On the full-scale
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Figure 3.5: Distribution of NCE gains over ICR on different user activeness segments (neg-
ative means better).

production data, we observed up to 0.6% NCE gains compared to the production ICR model
when UCR models were trained with the standard workflow using a few days of training data
without any architecture changes. The best version was then tested live in the production
system.

A number of infrastructure optimizations were done to make this happen. For example,
we optimize the batching algorithm to put the same user’s data in one batch for ICR, so
the sum (attention) pooling of the item-centric features only needs to be computed once
and then could be shared within the batch. For UCR, we do the similar operation to
batch the same video’s data together. With the improvement on data locality, we can
lower down the memory consumption, and in turn improve the throughput for both training
and serving. Also, by using full-precision for training and lower-precision (e.g., FP16) for
inference, we were able to improve the inference performance (both throughput and latency)
without significant regression in prediction quality (e.g., NCE) and reduce the number of

GPUs required for serving by almost half. The online A /B experiments showed that quite
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significant wins were achieved across a wide range of topline metrics, in particular, one of the
key business metrics, video watch time was improved by 3.24%. An important observation
during our productionization process is that the offline NCE gain can be further enlarged
when we increase the amount of training data. In addition, if we scale up both training
data and model complexity, we could potentially obtain an outsized gain in terms of NCE

in offline evaluation.

3.5.4  Open Questions and Discussions

We are motivated to address the quality saturation problem in ranking. Our expectation is
that the UCR formulation should provide somewhat a remedy. However, from our experi-
ment results, this is only partially validated. In particular, we did see UCR models lead to
consistently better NCE than their ICR counterparts; we also saw a tendency of improving
NCE gain as we increase the training data. Nonetheless, the NCE gap between UCR and
ICR is not as big as we expected, and also that gap is being enlarged at a much slower speed,
far too slow if we compare it with the model parameter or collision rate growth curves. This
is kind of surprising.

In an attempt to understand the discrepancies, we have a few plausible explanations.
Firstly, we notice there’s a nontrivial discrepancy between the full-scaled production data
and our sampled lab data. The scaling characteristics of UCR models are significantly
better on production data than what we observed. This is partly related to the sampling
algorithm we used to generate this data set, and partly related to the nonlinearity between
the complexity that the data manifests and the scale at which the problem is examined.

Secondly, in the aforementioned areas where scaling has led to tremendous success, in-
cluding CV and NLP, the concepts we try to model are often static. In other words, there’s
usually a ground-truth model in hindsight and the goal of training is to approach that

ground-truth. However, in ranking it is fundamentally different. There is drastic and fre-
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Figure 3.6: Prediction quality (NCE) of pre-trained models over the next 24 hours indicates
there is a strong distribution drift in the data.

quent distribution drift due to the highly dynamic two-sided ecosystem and the interactive
highly counterfactual nature of the engagement process. Because of the distribution drift,
there is no ground-truth model (or you could say the optimal model is a moving target
instead of static). For example, Fig. 3.6 shows how a pre-trained static model performs in
the next 24 hours after it was trained. We can see a very significant deterioration of the
prediction NCE as the model becomes increasingly outdated. In a situation where the dis-
tribution is drifting dynamically, a model that scales well and does not saturate quickly in a
static context may not always scale well. To fully combat the obstacles for scaling ranking
models, deep understanding of and the ability to control such dynamics are critical.

Last but not the least, our current study is limited, without any changes to the model
architecture. We observed, especially for the smaller-scale lab data set, the absolute NCE

values are quite small and may be close to their limits for the architecture we used. At the
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same time, we noticed that ranking model’s architectures are significantly simpler than what
are commonly used in NLP and CV, which is of course a practical choice given the scales
in ranking. We believe that by using significantly more expressive architectures, we will be

able to improve the scaling property further.

3.6 Ablation Studies

3.6.1 Sampling vs. Clustering

In UCR, one of the key aspects to ensure good performance is to construct better and more
representative engaged user lists for each item, especially for those extremely popular items
that gain millions of user interactions. We implemented two of the approaches presented in
§3.4.2, namely UC-Sampling and UC-Clustering. Fig. 3.7 shows the comparison between
these two approaches. As can be seen, UC-Sampling seems to dominate UC-Clustering in
terms of NCE consistently across the entire time span and all the tasks involved. We want
to point out that this may not be definite as the performance highly depends on the choice
of implementation, e.g., the incremental Louvain algorithm [Blondel et al., 2008] used in our

experiments. If a better algorithm is used, the result can be different.

3.6.2 Parameter Search

To better understand how different configurations impact model performance, we conduct a
set of parameter sweep experiments. For this analysis, we set the number of training data
to be 30 days for all the runs. In addition, we use IC-Sampling and UC-Sampling with the

same single-task setting in our experiments.

Hash size. Parameter hashing maps user IDs or item IDs to embedding vectors by applying

a hash function. Though being space-efficient, it is essential to have a large enough hash space
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Figure 3.7: Comparison of the two implementation methods for UCR: sampling vs clustering.

so that a high collision rate between these IDs can be avoided. In this experiment, we further
examined how hash size affects model performance by varying it from the default value of
20 million. As hash size affects both IC and UC ranking, we test both IC-Sampling and
UC-Sampling as well as using both sum pooling and attentive pooling model architectures.
The results are reported in Table 3.3. Overall, increasing the hash size leads to a better
model performance. This trend is more evident for UCR. For example, increasing the hash
size from 1M to 30M for UC-Attn results in a 1.71% reduction in relative NCE. One reason
why UCR benefits more than ICR is that UCR has much fewer embedding vectors, the

reduction in hash collision is more dramatic for UCR when increasing hash size.

Embedding dimensionality. We conduct another ablation study on the dimensionality

of the embedding vectors. Our default embedding dimension is 192, and we tune it between
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Table 3.3: Relative NCE percentage (%) change from different models with varying hash
sizes. Baseline setting is denoted as “-".

1M oM 10M | 20M | 30M
IC Sum || +0.08 | +0.04 | +0.01 - +0.02
IC Attn || +0.12 | 40.05 | +0.05 | +0.07 | +0.06
UC Sum || -0.04 | -0.73 | -1.07 | -1.43 | -1.53
UC Attn || -0.24 | -1.13 | -1.48 | -1.84 | -1.95

Table 3.4: Relative NCE percentage (%) change from different models with varying feature
dimensions. Baseline setting is denoted as “-".

96 192 384
[C-Sampling || -0.05 - +0.01
UC-Sampling || -1.39 | -1.91 | -2.37

96 and 384. Results are illustrated in Table 3.4. We can see that IC-Sampling is not
able to utilize a larger embedding dimension, and its performance is worse when the largest
dimensionality is used. On the other hand, UC-Sampling shows consistent improvements

when higher dimensional embeddings are used.

3.7 Conclusion

We suspected that the item-centric formulation of ranking models may be contributing to
the quality saturation problems. We introduced user-centric ranking as an alternative formu-
lation. We showed that in general, UCR models have a stable model size (i.e., total number
of parameters) that will not grow as we increase training data. On a lab data set of sampled
production data, we observed that UCR models yield consistently better prediction quality
and have slightly better scaling property. We did not believe that this fundamental problem
in ranking has been fully solved. We listed a number of open problems from our study and

hope they can spark further investigations.
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CHAPTER 4
ROBUST REPRESENTATION LEARNING FROM NOISY
MULTIMODAL DATASET

While a novel, thoughtful data formulation specific to user-item interactions, as we have
shown in Chapter 3, can help transformer-based recommender models become capable of
learning large, abundant amount of data that often undergoes severe time-distribution shifts,
such formulation is hard to be extended to other domains, such as multimodal, vision-
language models, which are trained with large web-sourced text-image pairs [Jabeen et al.,
2023]. In fact, web-sourced large datasets offer a unique vantage point for training large-
scale multimodal DL models, particularly through self-supervised learning approaches. These
datasets, often vast and varied, mirror the complexity and diversity of the real world, pro-
viding a rich canvas for models to learn from. However, their inherent noise also presents
significant challenges. In this chapter, we explore both the opportunities and challenges
that arise from using noisy, web-sourced large datasets in self-supervised training of vision-
language models.

Among the ever-evolving development of vision-language models, contrastive language-
image pretraining (CLIP) [Radford et al., 2021a] has set new benchmarks in many down-
stream tasks such by leveraging self-supervised contrastive learning on large amounts of text-
image pairs. However, its dependency on rigid one-to-one mappings overlooks the complex
and often multifaceted relationships between and within texts and images. To this end, we
introduce RANKCLIP, a novel pretraining method that extends beyond the rigid one-to-one
matching framework of CLIP and its variants. By leveraging both in-modal and cross-modal
ranking consistency, RANKCLIP improves the alignment process, enabling it to capture
the nuanced many-to-many relationships between and within each modality. Through com-
prehensive experiments, we demonstrate the enhanced capability of RANKCLIP in effec-

tively improving performance across various downstream tasks, notably achieving significant
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gains in zero-shot classifications over state-of-the-art methods, underscoring the potential of
RANKCLIP in further advancing vision-language pretraining.

The chapter is organized as follows: §4.1 introduces the problem and its wider context,
with additional details provided. §4.2 reviews critical technical literature, including a general
discussion on language-image pretraining, as well as learning to rank, which are both perti-
nent to the proposed RANKCLIP. We illustrate the methodology details in §4.3, and in §4.4,
we present the experimental results demonstrating RANKCLIP’s superior performance on
various settings including zero-shot classification, robustness to natural distribution shifts,
classification with linear probing, and zero-shot image-text retrieval. §4.5 conducts abla-
tion studies on components and data sizes. Additional analysis focusing on modality gap,

alignment, and uniformity are studied in §4.6. Finally, we conclude the chapter in §4.7.

4.1 Introduction

In the realm of computer vision (CV) [Voulodimos et al., 2018|, natural language pro-
cessing (NLP) [Chowdhary and Chowdhary, 2020|, and multimodal deep learning [Jabeen
et al., 2023, Zhao et al., 2023b], the alignment between visual and textual modalities [Singh
et al., 2022, Chen et al., 2024| has emerged as a cornerstone for downstream applica-
tions, ranging from image captioning [Ghandi et al., 2023] to zero-shot classification [Pour-
panah et al., 2022|. Contrastive Language-Image Pretraining (CLIP) [Radford et al., 2021b]
marks a significant advancement in this field, demonstrating incredible performance from
training on large amounts of text-image pairs to create self-supervised models that under-
stand [Hendrycks et al., 2021a,b, Chen* et al., 2024b| and generate [Ramesh et al., 2021b,
Crowson et al., 2022| descriptions of visual contents. Despite its superior performance,
CLIP’s reliance on strict one-to-one mappings between images and texts overlooks the nu-
anced and often many-to-many relationships inherent in the real-world data [Chun, 2023,

leaving rooms for further improvements.

29



Following the success of CLIP and its contrastive learning paradigm, numerous recent
works have been developed and built upon the original CLIP. More specifically, these en-
hancements focus on optimizing data efficiency through intrinsic supervision within the text-
image pairs |Li et al., 2021b], as well as improving general performance, including zero-shot
classification and retrieval accuracy, via cross-modal late interaction mechanism [Yao et al.,
2021], hierarchical feature alignment [Gao et al., 2022|, additional geometric consistency reg-
ularization [Goel et al., 2022|, additional self-supervised learning [Mu et al., 2022, adaptive
loss [Yang et al., 2023], hierarchy-aware attentions [Geng et al., 2023], and softer cross-modal
alignment |Gao et al., 2024].

However, in spite of the improvements, these methods do not fully recognize the many-
to-many relationships between and within the image and text modalities, or leverage it
to further enhance the model’s understanding of complex visual-textual information. For
example, while the existing pretrained model, such as CLIP, is able to correctly classify dog
from cat and airplane, as shown in Fig. 4.1, they can not necessarily learn that dog and
cat are supposed to be more similar than dog and airplane in terms of both in-modal (i.e.,
dog text and cat text are more similar than dog text and airplane text) and cross-modal
(i.e., dog text and cat image are more similar than dog text and airplane image) similarity.
Because it is rooted from the current contrastive loss that only the correct pairs are identified
while the rest of the unmatched pairs are treated the same, resulting in a large amount of
information not used and unknown to the model during the training process.

Moreover, although very recent work such as SoftCLIP |Gao et al., 2024| proposes to
relax this hard-label relationship, it focuses only on the fine-grained cross-modal similarity,
and use it as the softened target. Under its setting, continuing with the earlier example,
the cross-modal similarity between the dog image and cat text will be smaller than the
similarity between the matched pairs (e.g., dog image and dog text), but larger than some of

the unmatched pairs, such as the dog image and airplane text. However, they miss on the
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Figure 4.1: An overview comparison between (a) CLIP and (b) RANKCLIP. Three text-
image pairs (dog, cat, and airplane) are shown, where matched pairs share the same-color
boundary line, i.e., red for dog, blue for cat, and magenta for airplane. Pairwise cross-
modal relationships are indicated by solid lines, while pairwise in-modal relationships are
denoted by the dotted (image-image) and dashed (text-text) lines respectively. In (a) CLIP,
as all the unmatched pairwise information, both in-modal and cross-modal, are treated
the same during training, the model does not learn that dog and cat are more similar to
each other in terms of both image and text modality than airplane. On the other hand,
this problem is fixed with RANKCLIP through training with ranking consistency, as more
secondary relationships were grasped, achieving deeper level of understanding.

in-modal relationships, which could also be very informative, as the dog and cat may both
have "coat" in their images, as well as in the corresponding texts. We hypothesize that the
similarity relationships between text-text, image-image, and image-text should be consistent,
based on the observation that similar images are more likely to have similar corresponding
texts, and vice versa.

Recognizing the many-to-many relationships inherent in the real-world data, as well as the
rich information contained both in-modal and cross-modal, we propose Ranking-Consistent
Language-Image Pretraining, or RANKCLIP in short, which leverages ranking consistency
as a proxy to characterize the similarity level consistency between and within the text-
image pairs in addition to the matched pairs during the self-supervised contrastive training.
More specifically, ranking consistency builds upon simple observations that similar texts

often correspond to similar images, such as the dog, cat and airplane example discussed
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above and shown in Fig. 4.1, and can be used to represent secondary similarity relationships
(i.e., relationships between the unmatched pairs) to help model learn for free in addition
to the matched pairs. And this is conveniently achieved through incorporating the ranking
consistency as an additional loss term added to the contrastive loss function, without the
need of including any additional external modules, so that this new loss function can be seen
as a drop-in improvement to many existing methods, including the one focusing more on
data-efficiency [Li et al., 2021b|, which may help achieve better performance in both aspects.

The main contributions of this chapter are: (1) RANKCLIP, a novel contrastive language-
image pretraining method that leverages ranking consistency to recognize and utilize the
many-to-many relationship of the real-world data to achieve better performance in down-
stream tasks such as zero-shot classification and retrieval accuracy; and (2) through extensive
experiments conducted on multiple datasets, we demonstrate RANKCLIP ’s effectiveness on
improving pretraining model performance without the need of any additional data or extra

computational resources.

4.2 Related Work

4.2.1  Vision-Language Pretraining

Vision-language pretraining has witnessed significant advancements over the past years. De-
spite the large number of different approaches [Chen et al., 2023b, Du et al., 2022b, Long
et al., 2022|, they can be predominantly divided into two categories [Goel et al., 2022|, which
are generative and contrastive. Of the two, generative models are not described further here
since they have little methodological connection to the proposed RANKCLIP.

In terms of the contrastive approaches, models such as CLIP [Radford et al., 2021b],
ALIGN [Jia et al., 2021] and their combined scaled-up version, BASIC [Pham et al., 2023|,

have revolutionized contrastive learning applied to text-image pairs, showcasing remarkable
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abilities in zero-shot classification and robustness. Many follow-up works have then been
proposed continuing the success of CLIP and its contrastive learning paradigm. Li et al.
[2021b] introduced DeCLIP, which is a more data-efficient training approach that improves
zero-shot performance with fewer data by leveraging intrinsic supervision within the text-
image pairs. Meanwhile, FILIP [Yao et al., 2021] enhances the expressiveness between image
patches and textual words upon CLIP through a cross-modal late interaction mechanism
that provides finer alignment between the tokens from the two modalities.

Encouraged by the improvements, Gao et al. [2022| further proposed PyramidCLIP using
hierarchical feature alignment between visual and textual elements across different seman-
tic levels to improve both efficiency and performance of the pretrained model. Besides,
SLIP [Mu et al., 2022] combines self-supervised learning and CLIP pre-training to enhance
visual representation learning and demonstrates additional accuracy improvements across
multiple benchmarks. And Goel et al. [2022] introduced a framework, CyCLIP, that aug-
ments CLIP with additional geometric consistency regularizers for cycle consistent represen-
tation learning, aiming to improve the performance and robustness on both standard and
distribution-shifted benchmarks.

Very recently, Yang et al. [2023] introduces an adaptive pre-training model, ALIP, that
integrates both raw text and synthetic captions for language-image alignment, employing
dynamic adjustment mechanisms to enhance pre-training efficiency and performance on
downstream tasks. HIiCLIP [Geng et al., 2023] enhances the CLIP model by integrating
hierarchy-aware attentions into both its visual and language branches, enabling it to pro-
gressively uncover semantic hierarchies in images and texts in an unsupervised manner. And
Soft CLIP [Gao et al., 2024] relaxes CLIP’s strict one-to-one constraint, achieving a softer
cross-modal alignment by introducing a softened target generated from fine-grained cross-
modal alignments.

Compared with existing approaches, RANKCLIP further exploits the many-to-many re-
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lationships inherent in each batch of the text-image pairs and encourages the model to learn
not only the matched pairs, but also the unmatched pairs that share either high or low simi-
larities through incorporating both in-modal and cross-modal ranking consistencies into the
contrastive training objective. More importantly, unlike all existing approaches, RANKCLIP
focuses on global optimization that considers the rankings of all the images and texts as a

whole within each batch, instead of pairwise similarities as seen in the existing works.

4.2.2  Learning to Rank

Among the initial development in learning to rank (LTR) is the pairwise approach, which
computes losses based on the relative ordering of item pairs [Burges et al., 2005, Joachims,
2002, Liu et al., 2009]. Despite the computational efficiency and scalability of pairwise
losses, they fall short by not accounting for the global ranking context, often leading to
suboptimal ranking outcomes [Liu et al., 2009, Burges, 2010|. To address these limitations,
list-wise approaches such as ListNet [Cao et al., 2007| and ListMLE [Xia et al., 2008] were
proposed, focusing on optimizing the entire ranking sequence instead. More specifically,
these strategies employ Plackett-Luce (PL) ranking models [Luce, 2005, Plackett, 1975] to
enhance the likelihood of achieving the most accurate item ordering. In RANKCLIP, we
incorporate ListMLE [Cao et al., 2007| as part of our training objective to optimize both

in-modal and cross-modal ranking consistencies.

4.3 Methodology

4.3.1 CLIP Preliminaries

CLIP [Radford et al., 2021b| has been a prominent method for learning detailed multimodal
representations through the alignment of images and texts. Given a set D = {(;, Tj)}é'\]: , of

N image-text pairs, where [; denotes an image and T} is the corresponding text, the goal is to
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learn representations that map semantically similar images and texts closer in the embedding
space, while dissimilar pairs are distanced apart. More specifically, the foundational CLIP
model employs two encoders: an image encoder f;: Z — R that processes raw images into
visual embeddings and a text encoder fr : T — R" which encodes textual data into text
embeddings. Then both the text and visual features are projected to a latent space with
identical dimension. Formally, the embeddings for a text-image pair (I;,T}) are denoted as
v, = fr(I;) and t; = fp(T}), respectively. The embeddings are then normalized to lie on an
unit hypersphere by enforcing lo-norm constraint:

R vj . tj

0 = m, tj = m (4.1)
so that the magnitude information is erased and only direction is preserved.

To align the image and text representations, a contrastive loss function, typically a variant

of the InfoNCE loss Oord et al. [2018], which optimizes the similarity of the matched pair

against unmatched pairs, is utilized, i.e.:

N STE iTo
o = 1 5 [log ;xp(vj tfﬁ) oz A(;Xp(tj va/T) (4.2)
2N < 2 k=10xp(0; 11/T) 2 k=1XP(t; 0p/7)

N J/ J/

@ ©)

Jj=1

where the first term @ contrasts images with the texts, the second term @ contrasts
texts with the images, and 7 denotes a temperature scaling parameter that adjusts the
concentration of the distribution. The optimization of Eqn. (4.2) results in embeddings
where the cosine similarity between matched image-text pairs is maximized in comparison
to unmatched pairs, thus achieving the desired alignment in the joint embedding space.
Despite the efficacy of CLIP in learning correlated multimodal embeddings, it inherently
relies on strict pairwise matched comparisons and fails to capture the more complex, fine-

grained nature of semantic similarity within and across modalities that are generally treated
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as unmatched. This observation motivates the development of RANKCLIP, which innovates
beyond binary pairwise contrasts to consider holistic listwise consistency within and across

modalities.

4.3.2 RANKCLIP

The key insight of RANKCLIP is to more efficiently leverage the many-to-many relationships
inherent in the real-world data that are usually underrepresented as secondary similarity
relationships, which is less explored by previous self-supervised contrastive methods Radford
et al. [2021b], Gao et al. [2024]. Thus to incorporate the latent consistency, RANKCLIP seeks
not only to discern whether a pair of image and text are a match but also to understand their

relative semantic similarity to other pairs in the dataset by considering ranking consistency.

Ranking Model Formulation.

RANKCLIP leverages the Plackett-Luce (PL) ranking model Plackett [1975], Luce [2005],
Guiver and Snelson [2009] to estimate the probability distribution over rankings for image-
text pair (/;,T}), so that the consistency in their relative ordering w.r.t. a reference ranking
can be measured. Specifically, for a given data pair (e.g. image-image, text-text, image-text),
we calculate its in-/cross-modal cosine similarity d; to serve as the score m(d;) to measure
the alignment of its ranking w.r.t. another reference ranking y,f. Following Plackett [1975],
we first sort the reference ranking in a descending order to construct the optimal ranking
y*, and assume that the ego ranking y is sampled from y*. Thus the probability that item
d; is ranked k™ in the ego ranking y from a set of items D is the score of e™d5) divided by

the sum of scores for the items that have not been placed yet:

em(d)

W(d | Y1:k—1> Yref D) = Y (43)
Zd/GD\ylskfl em(d)
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where y1.._1 = [y1, Y2, -, Yr_1] denotes the set of items ranked before d;. Specifically, we
incorporate a decaying factor p to scale the loss, so that the top-ranked items can obtain

higher weights:
1

" ok ¥ D) 4

I

Consequently, the probability of the entire ranking y is the product of individual placement

probabilities:

K
P, vret) = ] 1 7 | Y1:6-1: Yret: D). (4.5)
k=1

RANKCLIP’s objective is to maximize the consistency log-likelihood of the list ranking
in one modality towards the reference ranking (in the same/different modality), which aligns

with minimizing the negative log-likelihood loss:

Lpr, = —log P(Ya Yref) (4'6)

where y can be in either modality. Specifically, RANKCLIP considers in-modal and cross-

modal consistency with Eq. (4.6), respectively.

In-modal Consistency Ranking.

RANKCLIP first seeks to align the semantic consistency within each modality, i.e. image-
image and text-text, such that the secondary relationships within each modality can be
more efficiently exploited (e.g. in Fig. 4.1, while dog image/text is different from cat im-
age/text, they are both more similar than to the plane image/text). Mathematically, we

can reformulate Eq. (4.6) as:

Lin-modal = — log P(Ytext—text; Yimage—image) (4'7>

= —logP(t-tT,v-vT) (4.8)
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where t and ¥ are the text and image batch embedding matrix, respectively. Via Eq. (4.7),
the model can efficiently leverage the nuanced in-modal relationships to learn a richer and

more structured semantic representation.

Cross-modal Consistency Ranking.

RANKCLIP further prioritizes the alignment of semantic consistencies across different modal-
ities to leverage the secondary relationships between visual and textual representations (e.g.
in Fig. 4.1, while dog image/text is far from cat text/image, they are more similar than to

the plane text/image). Mathematically, we can reformulate Eqn. (4.6) as:

Lross-modal = —1og P(y image-text> Ytext—image) (4.9)

= —logP(v-tT,1-97) (4.10)

Thus by optimizing Eq. (4.9), RANKCLIP enhances its ability to bridge the semantic gap
across modalities by leveraging the more nuanced secondary correlations between modalities.
We can also interpret Eq. (4.9) as learning a symmetric cosine-similarity matrix to further

enforce the semantic consistency between both modalities.

RANKCLIP loss.

Combining both in- and out-modal consistency, the RANKCLIP loss can be formulated as:

ﬁRANKCLIP = ECLIP + )‘1£in—m0dal + )‘2ﬁcross—moda1 (4'11>

By augmenting the pairwise contrastive loss with in-/cross-modality ranking consistency
loss, RANKCLIP systematically arranges embeddings such that both global and fine-grained

secondary relationships can be fully leveraged to learn a more informative and accurate rep-
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resentations, which can better serve the subsequent multi-modal tasks (e.g. classification).

4.4 Experiments

4.4.1  Experimental Setup

Baselines.

The most direct baseline to RANKCLIP is the original CLIP [Radford et al., 2021b], as
RANKCLIP is built and developed upon it. In addition, to further demonstrate the supe-
rior performance of RANKCLIP, we also include ALIP [Yang et al., 2023|, a very recent
pretraining method that is also based on CLIP. However, ALIP shares no similarity with
RANKCLIP, as it leverages synthetic captions to enhance vision-language representation
learning. More specifically, it employs a unique architecture that dynamically adjusts sample
and pair weights to mitigate the impact of noisy or irrelevant data, which is quite orthogonal

to our approach.

Pretraining dataset.

All the models present through this chapter, including CLIP [Radford et al., 2021b], ALIP [Yang
et al., 2023] and the proposed RANKCLIP are pretrained on the Conceptual Captions 3M
(CC3M) dataset [Sharma et al., 2018|, which contains around 3.3 million text-image pairs.
While CC3M is admittedly much smaller than CLIP’s original dataset, which hypothetically
has a pretraining data size of at least 400 millions [Ilharco et al., 2021], it is adequately com-
prehensive in creating pretrained models that have relatively strong zero-shot capabilities
for performance evaluation and comparisons. In fact, training with CC3M has been widely

adopted in many language-image pretraining research [Carlini and Terzis, 2021, Li et al.,

2021b, Tejankar et al., 2021, Mu et al., 2022, Goel et al., 2022].
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Implementation details.

For CLIP [Radford et al., 2021b]|, we use the official implementation released by OpenAIl.
And for ALIP [Yang et al., 2023|, we also use the official implementation released by the
paper authors?. As the proposed RANKCLIP essentially shares the same model architecture
(separate vision, text encoders, projection layer, and a classification head) as CLIP, we build
upon the CLIP code repository for our model construction. We set the scaling parameters
for cross-modal (A\¢) and in-modal ()\;) ranking consistency to 1/16 and 1/16 respectively
throughout all the experiments unless otherwise noted. All CLIP, ALIP and RANKCLIP
models are initialized from scratch without loading any existing weights. And the embedding

sizes for both modalities all project to 1024 across the three models.

Training parameters.

Following CLIP [Radford et al., 2021b], we adopt the ResNet-50 [He et al., 2016] and trans-
former architectures [Devlin et al., 2018| for image and text encoding, respectively. Training
is conducted from scratch over 64 epochs using a single NVIDIA A100 GPU, with a batch size
of 512, an initial learning rate of 0.0005 employing cosine scheduling, and 10,000 warm-up

steps.

4.4.2  Zero-shot Classification

Zero-shot capability is one of the most significant and iconic improvements that CLIP [Rad-
ford et al., 2021b] achieves. Thus in this section, we first evaluate the zero-shot classi-
fication performance of CLIP |Radford et al., 2021b], ALIP [Yang et al., 2023] and the
proposed RANKCLIP. Following [Goel et al., 2022], we conduct our experiments on CIFAR-
10 [Krizhevsky et al., 2009], CIFAR-100 [Krizhevsky et al., 2009], and ImageNet1K [Deng

1. CLIP repository on GitHub: https://github.com/openai/CLIP.
2. ALIP repository on GitHub: https://github.com/deepglint/ALIP.
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Table 4.1: Zero-shot top-1, top-3 and top-5 classification accuracy on CIFAR-10, CIFAR-100
and ImageNet1K. RANKCLIP achieves higher accuracy than CLIP with an average top-1,
top-3, and top-5 improvements of +18.95%, +12.5%, and +9.73% respectively. RANKCLIP
also outperforms the state-of-the-art ALIP consistently across the datasets.

CIFAR-10 CIFAR-100 ImageNet1K
Topl Top3  Topb Topl Top3 Topb Topl Top3 Topb
CLIP 36.35% 70.28% 85.02% | 12.22% 24.93% 33.56% 12.08% 21.86% 27.48%
ALIP 35.71% 72.39% 88.77%| 13.67% 27.10% 34.76% 15.62% 26.90% 32.50%

RANKCLIP 37.03% 67.67% 83.09% | 13.98% 27.70% 36.17% 17.02% 28.44% 33.99%
( | 1.87(%) (-3.71%) (—2.27%) ( | 14.40(%)( | 11.11(%)( | 7.78‘3/{))( | 40.89‘%)( f 30.10‘%)( | 23.69(%)

et al., 2009, Russakovsky et al., 2015| dataset.

As shown in Table 4.1, RANKCLIP achieves significant advancements consistently across
CIFAR-10, CIFAR-100 and ImageNet1K over the original CLIP, resulting in an average ac-
curacy top-1, top-3 and top-5 increments of +18.95%, +12.5%, and +9.73% respectively. No-
tably, on the more challenging ImageNet1K [Russakovsky et al., 2015] dataset, RANKCLIP
achieves +40.89% better top-1 accuracy than the baseline CLIP, demonstrating that the
proposed ranking consistency terms truly help induce much more effective language-image
alignment and deeper understandings with the same amount of training samples and iter-
ations. The only two places that RANKCLIP falls short are the top-3 and top-5 accuracy
on CIFAR-10. However, we believe this is due to the fact that CIFAR-10 by definition is a
much simpler task, where top-3 and top-5 metrics further lower the difficulties, making it
less challenging and less demanding for model’s deeper understanding, making RANKCLIP
less advantageous.

We observe that RANKCLIP consistently outperforms ALIP [Yang et al., 2023] as well,
indicating that our ranking consistency helps model learn better text-image representations
and alignments, even without modifications made to synthetic captions, as proposed in ALIP.

Another trend we notice is that the most significant improvement of RANKCLIP is in
the top-1 accuracy (compared to top-3 and top-5). Given the common practice in real-world
applications to prioritize the topmost option, we believe that RANKCLIP stands to deliver
significant advantages in practical settings.
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Table 4.2: Linear probing top-1 accuracy on 11 downstream datasets. RANKCLIP achieves
higher accuracy than CLIP with an average improvement of +2.31%. RANKCLIP also
outperforms ALIP, although the improvement is marginal on average.

F
S $ £ S
; . < S oo ¢
< 7 < N & o S S =
§ g S 5 § & ¢ g s 0§ £
O @) Q & I & &5 S & %) ) Average

CLIP 72.40%  48.43%  49.89%  26.10% 48.59% 65.20%  77.49% 49.74%  53.71%  83.59%  44.80%  56.37%

ALIP 73.87%  51.00%  58.09% 27.72% 49.74% 60.34%  73.14% 59.36%  53.98%  87.94% 38.07% 57.56%
72.54%  49.16%  53.24% 24.99% 47.11% 63.37%  86.40% 54.10%  54.09%  86.10% 43.30% 57.67%

(+0.20%) (+1.50%) (+6.71%) (-4.25%) (-3.05%) (-2.81%) (+11.50%) (+8.77%) (+3.00%) (+0.71%) (-3.35%) (-+2.31%)

RANKCLIP

Table 4.3: Zero-shot image and text retrievals on Flickr30K and MSCOCO. RANKCLIP
achieves higher accuracy than both CLIP and ALIP on most cases.

Flickr30K MSCOCO
Text Retrieval Image Retrieval Text Retrieval Image Retrieval
Ra@1 Ra@5 R@10 Ral R@5 R@10 R@1 Ra@5 R@10 R@1 R5 R@10
CLIP 84.00% 88.70% 91.0%  8.70% 16.90% 21.20% 82.06% 85.24% 87.82% 5.04% 12.98%  18.32%
ALIP 84.40% 90.00% 92.50%  9.40% 17.60% 21.30% 82.56% 86.04% 88.26% 6.08% 13.96%  19.38%
84.10% 89.40% 91.90% 8.10% 16.40% 21.70% 82.90% 85.68% 88.00% 5.60% 13.20%  18.02%
(+0.12%) (+0.79%) (+0.99%) (-6.90%) (-2.96%) (+2.36%)|(+1.02%) (+0.52%) (+0.20%) (+11.11%) (+1.69%) (-1.64%)

RANKCLIP

4.4.3 Robustness to Distribution Shifts

Besides the strong zero-shot performance, another highlight of CLIP [Radford et al., 2021b] is
its resilience to natural distribution shifts, showcasing how its robustness to unconventional
image types, ranging from sketches [Wang et al., 2019a] and cartoons to images adver-
sarially [Hendrycks et al., 2021b| designed to trick the models. To assess the robustness of
RANKCLIP under these distribution shifts, we test CLIP [Radford et al., 2021b], ALIP [Yang
et al., 2023] and RANKCLIP across four benchmarks, ImageNetV2 [Recht et al., 2019], Im-
ageNetSketch [Wang et al., 2019al, ImageNet-A [Hendrycks et al., 2021b|, and ImageNet-
R [Hendrycks et al., 2021a], which are variants of the ImageNet1K dataset with different
types of distribution shifts.

As shown in Table 4.4, we see that RANKCLIP achieves consistently better performance
than both CLIP and ALIP. More importantly, an examination of both the zero-shot results
(Table 4.1) and zero-shot results under distribution shifts (Table 4.4) reveals that, on aver-

age, RANKCLIP achieves more significant improvements in accuracy over CLIP with top-1:
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Table 4.4: Zero-shot top-1, top-3 and top-5 classification accuracy on variants of ImageNet1K
that have natural distribution shifts. RANKCLIP achieves higher accuracy than CLIP with
an average top-1, top-3, and top-5 improvements of +45.55%, +30.24%, and +25.83% re-
spectively. Notice that the average improvements are more significant than when tested on
ImageNet1K without distribution shift, indicating higher robustness of RANKCLIP.

ImageNetV2 ImageNetSketch ImageNet-A ImageNet-R
Topl Top3 Top5 Topl Top3 Top5 Topl Top3 Top5 Topl Top3 Top5
CLIP 12.11% 22.66% 28.57% 3.20% 7.00% 9.83% 3.16% 8.81% 13.04% 11.34% 21.38% 27.10%
ALIP 15.62% 27.34% 32.82% 5.10% 10.37% 14.01% 3.53% 9.14% 13.61% 14.25% 25.74% 32.43%

17.03%  28.60% 34.18%  5.82%  11.35%  14.87% | 3.82%  9.16% 13.77% | 15.74%  27.51%  34.36%
(+40.63%) (+26.21%) (+19.64%) (+81.88%) (+62.14%) (+51.27%)|(+20.89%) (+3.97%) (+5.60%)|(+38.80%) (+28.67%) (+26.79%)

RANKCLIP

45.55%, top-3: +30.24% and top-5: +25.83% in scenarios with distribution shifts. These
gains surpass those seen in non-shifted conditions, which are top-1: +40.89%, top-3: +30.1%,
and top-5: +23.69%, indicating that RANKCLIP is more robust towards distribution shifts
than CLIP [Radford et al., 2021b]. Once again, this indicates that the introduced ranking
consistency is important for model to learn the fine-grained knowledge between texts and

images.

4.4.4  Linear Probing

In addition to the zero-shot generalization performance without and with natural distribu-
tion shifts reported in §4.4.2 and §4.4.3, we also evaluate whether the introduced ranking
consistency retains its advantages when supplemented with additional in-domain supervi-
sion. More specifically, we employ a technique widely known as linear probing [Radford
et al., 2021b|, where the pretrained encoders of CLIP [Radford et al., 2021b|, ALIP [Yang
et al., 2023], and RANKCLIP remain unchanged, and only the logistic regression classifier
is trained using a dataset that is specific to the domain under investigation.

We evaluate on a suite of 11 standard image classification datasets as our in-domain
datasets, which include CIFAR-10, CIFAR-100 [Krizhevsky et al., 2009], Describable Tex-
tures Dataset (DTD) [Cimpoi et al., 2014], Fine-Grained Visual Classification of Aircraft
(FGVG-Aircraft) [Maji et al., 2013|, Food101 |Bossard et al., 2014|, German Traffic Sign
Detection Benchmark (GTSDB) [Stallkamp et al., 2012|, ImageNet1K [Deng et al., 2009,
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Russakovsky et al., 2015], OxfordPets [Parkhi et al., 2012|, Stanford Sentiment Treebank v2
(SST2) [Socher et al., 2013], STL-10 [Coates et al., 2011], and Street View House Numbers
(SVHN) [Netzer et al., 2011] dataset.

The results are shown in Table 4.2. We can see that RANKCLIP outperforms the baseline
CLIP |Radford et al., 2021b] in most domains, yielding an improvement of 0.2% to 11.5%,
and resulting in a 2.31% accuracy increment on average. Comparing with ALIP [Yang et al.,
2023|, our proposed RANKCLIP also performs better on average, although the advancement

is relatively marginal.

4.4.5 Zero-shot Image-text Retrieval

In the last part of our experiments section, we assess the performance of RANKCLIP on
zero-shot cross-modal retrieval tasks, which includes both image-to-text and text-to-image
retrievals. Following Goel et al. [2022], Yang et al. [2023], we conduct zero-shot image-text
retrieval using Flickr30k [Plummer et al., 2015] and MSCOCO [Lin et al., 2014] datasets.
After Karpathy split [Karpathy and Fei-Fei, 2015], the sizes of the test sets of Flickr30K and
MSCOCO are 1k and 5k respectively. It is worth noting that, as each image features five
paired captions, text retrieval is inherently less challenging than image retrieval, simply due
to the richer context provided by multiple captions.

The results are shown in Table 4.3. We observe that on average, RANKCLIP outperforms
the two baseline methods. However, the advancements are less significant than previous tasks
as seen in Table 4.1, Table 4.4 and Table 4.2. We think the relatively lower improvements
may be because that the retrieval tasks require models to discern image-text similarities
across various resolutions, including different object sizes and different numbers of objects
per image. This is dramatically different from image classification tasks, which typically
involves matching a singular object to a straightforward captions. And it makes sense for

ALIP to have advantages on this task, as the additional generated synthetic captions may
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aid in alleviating this shift. In addition, ResNet-50, as the vision backbone, may not be able
to capture all the details during training, making it not only an alignment issue between two
modalities that the contrastive training paradigm could fix. Nevertheless, the on-average
improvement still indicate that, despite all the uncertainties, RANKCLIP still has its advan-

tage due to deeper understanding that ranking consistency brings into the language-image

training process.

4.5 Ablation Studies

Table 4.5:  Ablation zero-shot classification accuracy of cross-modal-only model
RANKCLIP and in-modal-only model RANKCLIP; on CIFAR-10, CIFAR-100 and Im-
ageNet1K datasets. Bold indicates the best performance, while blue indicates the second

best.

CIFAR-10 CIFAR-100 ImageNet1K
Topl Top3 Topb Topl Top3 Topb Topl Top3 Topd
CLIP |Radford et al., 2021b] | 36.35%  70.28% 85.02% | 12.22% 24.93% 33.56% 12.08% 21.86% 27.48%
RANKCLIP 37.03% 67.67% 83.09% | 13.98% 27.70% 36.17% | 17.02% 28.44% 33.99%
RANKCLIP; 37.47%  69.89% 84.53% 13.89% 27.34% 35.90% 16.66% 27.63% 33.15%
RANKCLIP¢ 28.26% 59.65% 75.45% 13.29% 26.85% 34.71% 16.98% 28.25% 33.90%

4.5.1 Ablation on Components

To better understand the effectiveness of the proposed ranking consistency, we train two
variants of RANKCLIP, where one contains only the cross-modal (RANKCLIP ¢ with A; = 0)
ranking consistency, while the other only contains the in-modal (RANKCLIP with A, = 0)
consistency. We train both RANKCLIP~ and RANKCLIP following the same pretraining
procedure from §4.4.1 and conduct the zero-shot classification experiment on ImageNet1K
as in §4.4.2.

The results are shown in Table 4.5, with bold font indicating the best performance,
and blue color representing the second best results. We can see that, while RANKCLIP

achieves the best performance, RANKCLIP~ and RANKCLIP; always achieve the second-
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best results, outperforming the original CLIP |[Radford et al., 2021b|, which can be seen
as RANKCLIP without neither cross-modal or in-modal ranking consistency, by an obvi-
ous margin. More importantly, we observe that RANKCLIP;, which is the model trained
with only the in-modal ranking consistency, achieves performance as good as RANKCLIP ¢,
underscoring the significance of in-modal consistency that is often overlooked by existing

literature [Gao et al., 2024].
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Figure 4.2: Ablation studies of CLIP and RANKCLIP trained with different data sizes. (a):
zero-shot top-1 classification accuracy on ImageNet1K with various data sizes randomly sam-
pled from CC3M. RANKCLIP consistently outperforms CLIP with significant margins. (b):
zero-shot top-1 classification accuracy on ImageNet1K (horizontal axis) and ImageNet1K-R
(vertical axis). RANKCLIP demonstrates better robustness as well as general accuracy.

4.5.2  Ablation on Data Sizes

To further demonstrate the performance of RANKCLIP, in this section, we ablate on the
size of the dataset and train both CLIP [Radford et al., 2021b] and RANKCLIP with 500K,
750K, 1M, and 3M text-image pairs randomly sampled from CC3M dataset, following the
same training procedure detailed in §4.4.1.

Fig. 4.2(a) shows the zero-shot top-1 classification accuracy of both models tested on
ImageNet1K. We observe that RANKCLIP consistently outperforms CLIP with significant
margins. More notably, stepping from 1M to 3M, we observe a higher performance increase

of RANKCLIP than CLIP, indicating that RANKCLIP has better potential when scaled
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to larger datasets, which is one of the most important characteristics for language-image
pretraining.

Next, we illustrate the robustness of RANKCLIP with varying dataset sizes. As shown
in Fig. 4.2(b), the plot has the horizontal axis represent the top-1 accuracy on standard
ImageNet1K, while the vertical axis denotes the accuracy on the shifted ImageNet1K-R.
Ideally, a robust model would not have performance downgrade from normal to shifted.
Graphically, this is referenced as a black diagonal line denoting the y = =z relationship.
Any deviations downwards from this line indicates non-perfect robustness. Besides CLIP,
another baseline is the red line fit to standard training [Miller et al., 2021], which represents
a known correlation between in-distribution and out-of-distribution generalization of models
trained on ImageNet1K. Graphically, staying above the red line indicates better robustness.
Quite significantly, we can see that our proposed RANKCLIP stays well above the baseline,
and behaves very closely to the perfect y = x relationship, indicating excellent robustness

towards distribution shifts consistently across different data sizes.

4.6 Analysis

4.6.1 Modality Gap

Modality gap [Liang et al., 2022] refers to a geometric phenomenon observed in the rep-
resentation spaces of multimodal models, where different data modalities (e.g., images and
texts, in our case) are embedded at a noticeable distance from each other, despite ideally
they are supposed to be uniformly distributed in a pairwise fashion. This gap, present even
at the initialization of models and preserved through the contrastive learning process as in
CLIP [Radford et al., 2021b], remains a fundamental challenge in language-image pretrain-
ing, as it affects how different types of data are jointly modeled and understood. More recent

studies [Srivastava and Sharma, 2024, Kumar and Marttinen, 2024, Oh et al., 2024| show that
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this modality gap should be alleviated in order to improve the multimodal representation as
well as the model performance on downstream tasks.

In this section, we visualize the modality gaps of CLIP and our proposed RANKCLIP.
We randomly sampled 250 text-image pairs, where each image and its corresponding text are
encoded into embedding space, and then reduced to two dimensions using UMAP [Mclnnes
et al., 2018a). We also plot the histogram of all the gaps for each method as a complement.
The results are shown in Fig. 4.3. We observe that RANKCLIP has significantly smaller
modality gap when compared to the original CLIP, indicating that our proposed ranking
consistency helps model learn more effectively about the text-image semantics, boosting

deeper understandings.

UMAP 2

UMAP 2

(b) RankCLIP

Figure 4.3: Scatter and histograms plots illustrating modality gaps of (a) CLIP and (b)
RANKCLIP.
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4.6.2  Alignment and Uniformity

Besides alleviating modality gap and learning representation space through driving closer
the embeddings of matched pairs, it is also commonly believed that a successful contrastive
learning method should as well ensure a broad and uniform distribution covering an hyper-
sphere in space [Wang and Isola, 2020]. These two goals, characterized as similarity and
uniformity, can be assessed with alignment and uniformity scores respectively. More specif-
ically, following |Goel et al., 2022| and notations defined in §4.3, we calculate the alignment

score S, and uniformity score Sy as:

N N
1 T B 1 Z Z 17Ty,

where with N being the total number of text-image pairs, S simply represents the av-
eraged cosine similarity between text and image embeddings, and Sy essentially averages
the dissimilarity measures (exponentiated negative dot products) between all unique pairs
of text-image embeddings in the dataset, quantifying how evenly these embeddings are dis-
tributed across the space.

A high alignment score represents a strong correlation or similarity between pairs of
text-image embeddings, indicating that the images and their textual descriptions are closely
aligned in the embedding space. A high uniformity score suggests that embeddings are not
uniformly distributed; they may be clustering together or not utilizing the embedding space
efficiently, which can indicate redundancy in the representations or a lack of diversity. On the
other hand, a low uniformity score suggests that the embeddings are well spread out across
the space, indicating a diverse and efficient use of the embedding space, which is generally
desirable for tasks like retrieval, where a wide and diverse coverage of possible queries are
preferred.

As shown in Table 4.6, we observe that, although CLIP learns representations that are
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Table 4.6: Alignment and Uniformity scores of CLIP, RANKCLIP, and its ablated variants
RANKCLIP; and RANKCLIP .

CIFAR-10 CIFAR-100 ImageNet1K
SA Su Z3-Topl | Sy Su ZS-Topl | Sy Su ZS-Topl
CLIP 0.40 -0.35 36.35% | 0.42 -0.35 12.22% | 0.44 -0.29  12.08%

RANKCLIP 0.23 -0.17  37.03% 026 -0.16 13.98% | 0.33 -0.11 17.02%
RANKCLIP; | 0.24 -0.16 37.47% | 0.26 -0.15 13.89% 032 -0.10 16.66%
RANKCLIP~ | 0.18 -0.12  28.26% 0.18 -0.10 13.29% 0.26 -0.09 16.98%

better aligned, as evidenced by its top-ranking alignment scores, these representations fail to
achieve uniform distribution across the hypersphere, as highlighted by its significantly higher
absolute uniformity scores. On the other hand, RANKCLIP, along with two of its ablated
version, RANKCLIP; and RANKCLIP >, presents much better balance between alignment
and uniformity, which results in improved downstream task performance as illustrated in
previous experiments as well as in the representative ZS-Topl results in Table 4.6. We
also find the results to be informative on a higher level where it indicates that optimizing
contrastive learning towards single objective such as alignment or uniformity would not

intuitively result in higher downstream task performance.

4.7 Conclusion

In this chapter, we introduce RANKCLIP, a novel language-image pretraining method that
incorporates ranking consistency into contrastive learning paradigm to pretrain models that
better understand the more complex, many-to-many relationships inherent within wildly-
sourced text-image pairs. Through a suite of comprehensive experiments across diverse
datasets and tasks, including zero-shot classification, robustness to distribution shifts, linear
probing, and zero-shot image-text retrieval, RANKCLIP has not only exhibited enhanced
performance but also showcased improvements in model robustness and the understanding of
nuanced semantic similarities, outperforming the baseline CLIP as well as another state-of-
the-art approach by significant margins. Through ablation studies and additional analysis,
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we reveal the importance of each component of RANKCLIP in augmenting the model’s per-
formance and semantic comprehension, thereby further illustrating that a holistic modeling
of relationships within and across modalities is imperative for the advancement of vision-
language pretraining. Moving forward, we hope the principles and methodologies introduced
by RANKCLIP can inspire further research, driving the development of models that not only
excel across a wide array of tasks but also possess a deeper, more nuanced understanding of

the complex interplay between visual and linguistic data.
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CHAPTER 5
DATA UTILIZATION IN EVALUATION

Previous chapters focused on enhancing data utilization on the training aspects of the DL
pipeline, as shown in Fig. 1.1. However, data utilization not only can improve model per-
formance, but also can be more cleverly designed so that the trained DL models are more
efficiently and fairly evaluated. This is especially important when the test data used for eval-
uation is limited, causing conventional scalar-based error metrics not a fair representation of
the true model performance.

In this chapter, we introduce the Non-Equivariance Revealed on Orbits (NERO) Evalua-
tion system to address the inadequacies of scalar-based error metrics in evaluating machine
learning (ML) models. While using traditional scalar-based error metrics provides a fast
way to overview model performance, they are often too abstract to reveal model weak spots
and properties, which has become more insufficient as ML has developed rapidly over the
years. To address this issue, NERO represents a paradigm shift to a more comprehensive
analysis pipeline directly through model equivariance and robustness. Specifically, NERO
employs a combination of a task-agnostic interactive interface, and a suite of visualizations to
intricately reveal model’s equivariance, provide a deeper understanding of model behaviors,
and enhance model interpretability. We demonstrate NERO’s versatility and effectiveness
through a range of case studies, including applications like 2D digit recognition, object de-
tection, particle image velocimetry (PIV), and 3D point cloud classification. Through these
studies, we showcase how NERO can vividly illustrate varying degrees of model equivariance
and offer insightful explanations of model outputs thanks to its interactive visualizations.
Furthermore, to extend NERQO’s applicability to unlabeled datasets, we propose the concept
of ‘consensus’ as a substitute for traditional ground truths, which allows for a more flexible
evaluation of model equivariance, broadening NERQO’s applicability across diverse machine

learning scenarios.
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The structure of this chapter is as follows: §5.1 introduces the problem along with its
broader context. §5.2 reviews critical technical literature relevant to our study, including
equivariant neural network (ENN) and interpretable machine learning (IML). In §5.4, we
provide essential mathematical background on group theory and equivariance definitions.
We illustrate the design philosophy, component choices and functionalities of the proposed
NERO through an easy-to-understand example in §5.4, §5.5 extends NERO to three ad-
ditional real-life use cases, demonstrating the usability and meaningfulness of our proposed

interactive visualization platform. The chapter concludes with a summary in 5.6.

5.1 Introduction

Applications of machine learning (ML) have enhanced and accelerated many research areas,
especially in computer vision [Voulodimos et al., 2018]. The evaluation process in ML,
unfortunately, remains largely unchanged over the past decade, hindering interpretation and
further innovation. Model quality is typically measured with a scalar, such as accuracy
for classification tasks, precision and recall for object detection, and mean squared error
for more quantitative tasks. Though straight-forward, comparing models via scalar metrics
can miss important details, limiting insight for ML researchers, and creating ambiguities
for practitioners. Two models can be quantitatively similar on average, but respond very
differently to meaningfully changing individual inputs. For example, Fig. 5.1 illustrates two
models trained to recognize humans crossing streets. A model that responds erratically to
translating the field of view (which should only translate the predicted bounding box) may
be less trustworthy even if it performs better on average on a fixed test set.

Empirical science provides especially challenging areas for applied ML, for at least two
reasons. First, specialized instrumentation means data is expensive to gather and labor-
intensive to label. Popular ML models, however, need not only huge training, but also testing

datasets, in part due to the simplicity of their scalar metric evaluations. The gold-standard
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{Scalar Metric Eval }

Model A

Model B

Figure 5.1: An example of scalar metric being ambiguous and misleading. Suppose object
detection model A and B have been trained on the same dataset to detect human that is
crossing the street. With standard evaluation procedure, both models are tested with some
images and compared via Intersection Over Union (IOU). Model A does a slightly better job
than B. However, current result fails to characterize models in a more complete way. As
shown in the dotted box, model A might perform worse in corner yet important cases where
the person is at the edge of the image, in which model B has an advantage.
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dataset for image object detection, Microsoft COCO |[Lin et al., 2015], has 328,000 labeled
images, and the more recent Object365 [Shao et al., 2019| has over 2 million. The ubiquity
of ML for object detection justifies and amortizes the cost of creating such datasets, but
this scaling does not generally apply to experimental science. Second, scientists in particular
value robustness, predictability and interpratability in their computational tools [Oviedo
et al., 2022|, in contrast to the black-box nature of deep learning. These issues have catalyzed
research in interpretable machine learning (IML) [Doshi-Velez and Kim, 2017|, which seeks
to intelligibly reveal ingredients of ML model predictions.

Our work complements IML research by revealing how ML models respond to changing
inputs, in a way that is intuitive but mathematically grounded. We focus on equivariance,
which captures how changes in model inputs map to changes in outputs. In Fig. 5.1, for
example, translating the input image should consistently correspond to translations of the
output bounding box. We organize our visualization of model equivariance around a math-
ematical group of input transformations and the set of all transformations (the orbit) of a
given input. This is captured in our proposed Non-Equivariance Revealed on Orbits (NERO)
Evaluation, which shows how equivariant a model is, and the structure of its equivariance
failures. In settings where practitioners can reason about their analysis task in terms of
mathematically predictable responses to data transforms, NERO evaluation gives an infor-
mative and detailed picture of ML model performance that is missing from prior scalar
summary metrics. More importantly, NERO provides a more data-efficient way of testing
ML models, making thorough and fair evaluations possible without the acquisitions of large
datasets.

The contributions of this chapter, are:

1. NERO Fwvaluation, an integrated workflow that visualizes model equivariance in an
interactive interface to facilitate ML model testing, troubleshooting, evaluation, com-

parison, and to provide better interpretation of model behaviors,
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2. and consensus, a proxy for ground truth that helps evaluate model equivariance with

unlabeled data.

5.2 Related Work

5.2.1 FEquivariant Neural Networks (ENNs)

Equivariant ML has become a popular research topic because models that are more equiv-
ariant have better generalization capability [Weiler and Cesa, 2021|, an important goal of
applied ML research. Equivariance sometimes occurs naturally in neural networks [Olah
et al., 2020], but guaranteeing equivariance requires more dedicated efforts. Various works
focus on improving equivariance of convolutional neural networks (CNN) with respect to
rotations [Kondor et al., 2018, Weiler and Cesa, 2021|, shifts |[Zhang, 2019, Chaman and
Dokmanié¢, 2021|, and scales [Ghosh and Gupta, 2019, Sosnovik et al., 2020| through net-
work architectural designs. Data augmentation during training is also effective for improving
equivariance [Chen et al., 2020b|, with examples in generative models [Antoniou et al., 2018,
Bayesian methods [Tran et al., 2017], and reinforcement learning [Ratner et al., 2017, Cubuk
et al., 2019].

Existing work often implicitly assumes that more equivariant models will have lower
errors when tested on large datasets, due to the close relationship between equivariance
and robustness [Engstrom et al., 2019, Lagrave and Barbaresco, 2021]. While equivariance
is indeed a close proxy for model robustness, the absence of evaluations directly showing
model equivariance hinders more accurate understanding of model behaviors, which inspired

our work on NERO evaluation.
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5.2.2  Interpretable Machine Learning (IML)

Deep neural networks (DNN) have achieved great success in a variety of applications involv-
ing images, videos, and audio [LeCun et al., 2015b|. However, advances in DNN research
are generally more empirical than theoretical [Poggio et al., 2020]. DNN models thus still
largely work as black boxes, limiting how practitioners interpret and understand model pre-
dictions [Benitez et al., 1997, Doshi-Velez and Kim, 2017|.

IML research addresses this with methods based on various strategies that can be broadly
summarized as: model components, model sensitivity, and surrogate models [Molnar et al.,
2020]. Of the three, surrogate models |Ribeiro et al., 2016, 2018a| are not described further
here since they have little methodological connection to our NERO evaluation. Visualiza-
tions for IML seek to transform abstract data relationships into meaningful visual represen-
tations [Hohman et al., 2018]. Studies have shown that interactive visualization is a key
aspect of sense-making when it comes to combining visual analytics with ML systems, which
shapes our designs in presenting NERO evaluation through an interactive interface [Chatz-

imparmpas et al., 2020].

IML via Model Components. Existing IML works that focus on model components
visualize the internals of a neural network. Abadi et al. [Abadi et al., 2016] developed the
dataflow graphs in TensorFlow [Abadi et al., 2016], which visualize the types of computations
happening within a model, and how data flows through these computations. Following this
work, Smilkov et al. [Smilkov et al., 2017| improved the dataflow graph by using visualization
cues to represent weights sent between neurons. While NERO evaluation does not visualize
model components, it employs similar visualization components.

Beyond static visualizations, Yosinski et al. [Yosinski et al., 2015| designed interactive
visualizations of learned convolutional filters in neural networks, and Kahng et al. [Kahng

et al., 2017] designed interactive system ActiVis for visualizing neural network responses to
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a subset of instances. The ActiVis interface supports viewing neuron activations at both
subset and instance level, similar to our NERO interface, though the underlying quantities

visualized and the goals differ.

IML via Feature Importance. Instead of visualizing model components, other ap-
proaches show feature importance by analyzing how model predictions change in response
to changes in input data, in a way that is agnostic to the choice of ML model. Friedman’s
Partial Dependent Plot (PDP) [Friedman, 2001] reveals the relationship between model pre-
dictions and one or two features by plotting the average change in model prediction when
varying the feature value. Goldstein et al. [Goldstein et al., 2014] built on this with In-
dividual Conditional Expectation (ICE) plots that show model prediction changes due to
changing features in individual data points, rather than the average.

More recent works visualize expected conditional feature importance |Casalicchio et al.,
2019], conduct sensitivity analysis [Strumbelj and Kononenko, 2014|, and further improve
PDP with less computation cost [Apley and Zhu, 2019|. Lundberg et al. [Lundberg and
Lee, 2017] present SHapley Additive exPlanations (SHAP) that assigns each feature an
importance value to explain why a certain prediction is made. Zhang et.al. [Zhang et al.,
2021] derived a more robust, model-agnostic method from high-dimensional representations
to measure global feature importance, which facilitates interpreting internal mechanisms of
ML models.

While NERO similarly employs data transformation and a response-recording mechanism,
it does not visualize feature importance per se. Instead, it collects model responses with
respect to data transformed by group actions as a whole, and supports visualizations at

both aggregate (group) and instance levels.
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5.3 Mathematical Background

5.3.1 Group Action and Group Orbit

In this section, we give a concise summary of some elements of group theory, a rich topic
meriting deeper consideration [Rotman, 2012|. A group G is a set with an operation “-”:
G xG — G that is associative ((f-g)-h = f-(g-h)), with an identity element e (g-e = e-g =€),

and with inverses (g - g l=¢g"1.¢g= e). A group action of group G on set X is a function

¢ Gx X — X that transforms an z € X by g, h € G according to ¢(g, ¢(h,x)) = ¢(g-h, )
and ¢(e,z) = x. The orbit of x € X under a group action ¢ is the set of all possible
transformations G(x) = {¢(g,x)|g € G}. We use group orbits to generate a mathematically
coherent family of ML model inputs, with which (human) users of the model can predict
and reason about corresponding model outputs. For example, Fig. 5.2 illustrates a single
28 x 28 MNIST [Lecun et al., 1998] digit image x, and its orbit under the rotation group
SO(2) through the space X of all possible 28 x 28 images. We currently make NERO plots
for spatial transformation group actions (shifts, rotations, flips), which have natural spatial
layouts (e.g. the circular domain of SO(2)), but we want to highlight that NERO plots
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should in principle work with any group that has an intelligible layout.

5.53.2  Equiwariance

Three terms — invariance, equivariance, covariance — for describing the relationship between
changes in inputs and outputs of ML models [Marcos et al., 2017|, can be introduced via a

commutative diagram (5.1).

model inputs X >Y model outputs
¢(9) é(9)

(5.1)

X >
h

The ML model hypothesis h maps from inputs X to outputs Y. For some group element
g, actions ¢(g) and ¢(g) transform X and Y, respectively. Assuming (5.1) is true for some
model (i.e., hypothesis h and transform é(g) always reach the same output as input transform

¢(g) followed by h), the following definitions describe how.

The model is invariant with respect to the group action ¢ if ¢ = I, the identity transform
on Y. In classification tasks, invariance means that the classification result is unchanging
while inputs are transformed in some way. A model is equivariant when the model inputs
and outputs are transformed in the same way: ¢ = ¢. For example, in object detection,
where model outputs are object bounding boxes, if the object is shifted 5 pixels to the right,
an equivariant model would predict the bounding box 5 pixels to the right. Covariance
is an extension of equivariance in which ¢ and gf; are mathematically distinct (because X
and Y have distinct types), but have a semantic linkage necessitated by the structure of
group G. For example, in particle imaging velocimetry (PIV), rotating the image inputs to
a covariant model will produce an output in which both the vector field domain and the

vectors themselves are correspondingly rotated. By a slight abuse of terminology, we use
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“equivariance” in this work to refer to all three commutative diagram properties.

5.4 Methodology of NERO

Data Set: MNIST_500 - DR Plot Layout: PCA - NERO Metric: Confidence - Input Image
Subset: All digits - DR Plot Sorting:  *Mean Models in Comparisons:

Aggregated Dimension  Variance Individual

NERO Plot Reduction Plot NERO Plot

_— * Original - @ Data Aug -

=3
)

Confidence

)

K 391500 K 0.4
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°
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Figure 5.3: The NERO interface has 5 sections from left to right: aggregate NERO plot,
dimension reduction (DR) plot, individual NERO plot, input image, and individual detailed
plot. Each section’s name is labeled with different colors for illustration purposes, where
the actual name labels are not part of the interface design. The sections are interactively
controlled, with linked views.

5.4.1 Qverview

Diagram (5.1) describes an ideal, perfectly equivariant model. Real models, applied to real
data, often fall short of this; NERO evaluations seek to reveal how through visualizations.
Fig. 5.4 defines the NERO plot as inspired by diagram (5.1): the thickest arrows at the
center of the figure, within and between X and Y, roughly correspond to the arrows of (5.1).

Input z, however, maps to ground truth y rather than model output h(z), and the purpose
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Figure 5.4: An ML model has inputs X and outputs Y. G is a transformation group acting
on X with ¢, and on Y with ¢. The group element ¢ € G transforms z to 2’ = o(g,x);
the set of all possible transforms is the orbit G(z). The model applied to z is § = h(z),
though this is not used in our method. Rather, the ground truth y € Y is transformed by

g to ¢(g,y), which serves as ground truth to evaluate (here with loss function /) the result
h(z") of evaluating the model on transformed input 2’. The NEROg , plot visualizes loss
over the orbit G(x).

of the NERO plot is to visualize the gap between h(z’) and 3/, where h(z') is the model
output on transformed input z’, and 3’ = g?)(g,y) is the transformed ground truth y. This
illustration uses an abstract depiction of group G to schematically indicate G(z) and G(y),
but some particular spatial layout of G' necessarily determines the shape of the NERO plot.
If the model is equivariant, then h(z') =4/, so the NERO plot is a flat constant. The visual
structure of a non-constant NERO plot shows the structure of model non-equivariance over
the group orbit.

The quantity shown in a NERO plot is some scalar metric (understandable to practition-
ers) that measures the gap between h(z’) and ¢/, including the standard metrics of model
prediction confidence, accuracy, mean square error (MSE) and more generally speaking, er-
ror metrics. The NERO plot illustrated in Fig. 5.4 (right) is an individual NERO plot,
as it depicts model non-equivariance along the group orbit G(z) around an individual input
sample x.

While §5.1 critiqued single scalars to summarize model results over a large dataset, infor-

mative NERO plots can also involve averaging. An aggregate NERO plot visualizes the
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average scalar metric over a dataset, or a subset of it, at each point along the group orbit
(i.e. with the same domain as the individual NERO plot), to show trends in the model’s
response to transformed inputs. Like PDP and ICE plots (§5.2.2), aggregate NERO plots
evaluate the model within some neighborhood around a given sample, but instead of varying
features in isolation, we traverse the orbit of some interpretable transform group.

To try to see degrees of freedom lost in the aggregate NERO plot, we can also treat the
individual NERO plots as n-vectors, and use dimensionality reduction. The resulting di-
mension reduction (DR) scatter plot organizes data points according to the similarity
of their patterns of non-equivariance, to help localize abnormal model behavior and identify
the connections between worse-performing cases. All of these visualizations are linked to-
gether in the interactive NERO interface that provides users with both the convenience
to see model equivariance in a high-level view across a whole dataset (through the aggregate
NERO plot), as well as navigating into detail views (through the individual NERO plot, e.g.,
a specific place in the orbit where the model has trouble).

The following subsections illustrate the components of NERO evaluation through a digit
recognition task on MNIST [Lecun et al., 1998], with the group action being continuous
rotations around the image center. More specifically, NERO evaluation is presented via an
interactive NERO interface, an example of which is in Fig. 5.3. The goal of using this task
and the MNIST dataset, is to utilize a well-known, easy-to-interpret task as an example to
make the illustrations of NERO evaluation more concretely. And NERO is not limited to
only such or similar tasks, as we will be showcasing how it could be applied to different use
cases in §5.5.

The CNN model here has six cascaded convolutional layers, six batch normalization (BN)
layers [loffe and Szegedy, 2015], six rectified linear units (ReLU) [Glorot et al., 2011, followed
by two fully connected layers. The detailed network architecture is illustrated in Fig. 5.5,

but we would like to point out that NERO evaluation is model-agnostic, and the purpose of
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explaining model structure is to ensure reproducibility.
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Figure 5.5: Network structure of the CNN model for digit recognition with MNIST [Lecun
et al., 1998]

For the proposed NERO evaluation to be effective, the first criterion is to ensure that the
associated NERO plots are distinguishable enough when evaluated on two models with dif-
ferent equivariance. To illustrate how NERO plots differ on equivariant and non-equivariant
models, the network in Fig. 5.5 is purposefully trained twice, first without and then with
rotational data augmentation, to create two models that differ predictably. That is, the aug-
mentation model should have better invariance, even though the total amount of training
(with or without rotation augmentation) is the same. However, we would like to note that
the reason why using data augmentations to generate different ML models is not to prove the
effectiveness of data augmentation, but to generate models with clear, controllable behavior

so that the correctness as well as expected behavior from NERO can be verified.

5.4.2  Indwidual NERO Plot

Individual NERO plots (Fig. 5.3 third from left) visualize model equivariance for a single
sample. The NERO metric in this case is confidence: the probability of correct classifica-
tion. Individual NERO plot displays polar plots of confidence over the image rotation angle
0, for a particular input image of a “4” (Fig. 5.3 upper-right corner). For a model with

perfect rotational equivariance, the individual NERO plot will be a circle, while any dips
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indicate non-equivariance. The NERO plots for the original model trained without data
augmentation, and for the DA model trained with augmentation, are in blue and magenta,
respectively.

The plots confirm our expectation that the DA model is more equivariant, with the
magenta plot being a near-perfect circle, while the blue (original model) plot is highest at
small rotation angles, which proves the plot being distinguishable between different models.
For a single interactively selected rotation angle (green line in polar plot), the details of the
models’ predictions are shown as a bar chart (Fig. 5.3 lower-right corner) showing confidences
for all possible digits. Such a detail view is necessarily specific to the model task and
data type, but the NERO interface should have any visualization of individual plots, input
data sample, and model details to be adjacent. Here, the DA model (magenta) has higher
confidence in recognizing “4” and essentially zero confidence for any other digit, unlike the
original model (blue), which is highest for “4” but with non-zero confidence for other digits.

Some insights about the structure of data and task can be gleaned from individual NERO
plots, for example, the digits 6 and 9 in Fig. 5.6. For both digits, the original and DA models
perform similarly at zero or small rotations angles while the original model fails as the angle
increases (rightward lobe in blue plots), whereas the DA model performs better (though
not uniformly) over all angles (magenta plots). The individual NERO plots show that the
original model confidence falls to near zero for large angles, but the detail bar charts (Fig. 5.6
right) provide additional insight: the original model mis-classifies the 170°-rotated 6 as 9,
and the rotated 9 as 6, consistent with these digits’ basic shapes. The DA model does not
have the same near perfect equivariance as with the “4” digit of Fig. 5.3, but the level of
equivariance here is still surprising: the DA model (magenta) gives moderate confidence of
“6” for the rotated 6, and highest confidence of “9” for the rotated 9, with lower confidence for
the incorrect digits. The performance of the DA model implies that the shapes of 6s and 9s

within MNIST are distinct enough (9s having a straighter side) that they may be correctly
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Figure 5.6: The individual NERO and detail plots of original (blue) and DA (magenta)
models, for two digits rotated 170°, “6” (top) and “9” (bottom), reveal the extent to which
data augmentation overcome the confusion between these two rotated digits.
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recognized even with rotation. This exemplifies how individual NERO plots with detail views
can not only visualize model equivariance on a single sample, but also help interpret model
characteristics. We will show more examples in §5.5 on how individual NERO plots and

detail views help visualize equivariance and provide model interpretations.

5.4.8 Aggregate NERO Plot

Aggregate NERO plots reveal over-all equivariance for a subset of a dataset, or an entire
dataset, using the same spatial orbit layout and the same visual encoding as in the individual
plots, though the scalar quantity visualized may be different. The aggregate NERO plots
on the left side of Fig. 5.3 show equivariance for 500 MNIST images, with 50 images of
each digit, using the same polar plots over the circular domain of the rotation group orbit.
The aggregate plots, however, show accuracy — the fraction of correct classifications over the
input samples — rather than the confidence shown in the individual plots. In our MNIST
example, the data augmented model (magenta) is much more equivariant for this subset of
images than the original model (blue).

Aggregate NERO plots also reveal additional properties of the task and data. Fig. 5.7
shows aggregate plots for 50 images of each digit. Digit 0 is already rotational invariant, so
both original and DA aggregate NERO plots show equivariance. The original model (blue)
aggregate NERO plot for “1” shows its 180° rotational symmetry with lobes at 0 and 180
degrees; the same holds for 8 and to a lesser extent for 5. The lack of rotational symmetry
of digits 2, 3, 4, and 7 are all confirmed by their blue plots. Even though NERO plots
cannot answer questions about why a model made the predictions it did (as pursued in other
interpretable machine learning work, §5.2.2), these examples suggest how aggregate NERO
plots can be used to help understand patterns of model behavior with specific input classes

over specific transforms.
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Figure 5.7: Aggregate NERO plots for the original (blue) model reflect the average rotational
symmetry of each digit.

5.4.4  Dimension Reduction (DR) Plot

Dimension reduction (DR) plots conceptually bridge the information in the aggregate and
individual NERO plots, and are thus shown in between them in the NERO interface (second
part of Fig. 5.3). The data vector underlying the individual NERO plot (all the metric values
evaluated over the group orbit) is considered as a point in some high-dimensional space, and
a dimensionality reduction method is applied to lay out the data points in a 2D scatterplot.
Our current interface supports layout via principle component analysis (PCA), independent
component analysis (ICA), as well as non-linear ISOMap, t-SNE [van der Maaten and Hinton,
2008], and UMAP [Mclnnes et al., 2018b]; Fig. 5.3 shows results with PCA. The intent is
that data samples with similar patterns of non-equivariance should be nearby in the DR plot,
to give an over-all sense of the varieties of non-equivariance from that model, and to highlight
any outlier inputs requiring detailed attention. The scatter plot dots are color-encoded by
either the mean or the variance of the individual NERO plot values; mean for showing trends
in over-all model performance, and variance for showing which inputs exhibited the best or
worst equivariance.

In our interactive interface, users can click on a dot of interest in the scatterplot to trigger
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Figure 5.8: DR plot color-mapped by mean confidence, annotated with some associated
individual NERO plots, with input digits shown at the top-left corners.

display (to the right) of the corresponding individual NERO and detail plots; in Fig. 5.3 the
selected point is indicated with a small red circle. Fig. 5.8 shows an expanded view of this
scatterplot, annotated with individual NERO plots for selected points. These suggest that
the DR plot is successful in presenting a navigable view of the different patterns of non-
equivariance, with similar individual plots (Fig. 5.8 left) arising from nearby points. More
distant points have distinct individual plots (Fig. 5.8 right), though in this case the similarly

shaped plots are quantitatively distant because of their different orientations.

5.4.5 NERO Interface

The previously described components of the NERO interface (Fig. 5.3) are designed with
the general logic of overview on the left and details on the right; this spatial layout is the
same across different applications, as will be shown in more case studies in §5.5. All sections

are individually controllable and interactively linked. On the left, the dataset and subset of
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interest are selected via drop-down menus, with the resulting aggregate NERO plot below.
The DR plot section supports choosing the scatterplot layout and coloring, and selection
of individual data points within the scatterplot updates individual and detail views to the
right. The individual NERO plot domain is the group orbit, and the interface permits moving
within the orbit to look at a particular transform of a single sample, with real-time updates
of the model output. In the MNIST interface, for example, clicking and dragging within the
polar plot selects and changes the rotation angle, and updates the resulting rotated digit
image and the models’ outputs from it. Our interface is implemented in PySide (Python

bindings for QT) as a desktop application, running on the same machine as the model.

5.4.6  Consensus

Although existing scalar metrics (accuracy, confidence) serve well as NERO metrics to in-
corporate easier adaptions for practitioners, NERO evaluation should ideally also work on
unlabeled data lacking ground truth. Because, as shown in Fig. 5.4, equivariance is revealed
through the gap between h(z') and 3/, which technically should not depend on the existence
of ground truth. However, given that existing metrics all require ground truth, an additional
modest contribution of this work is consensus, which serves as a proxy for ground truth in
the metric evaluation, when making NERO evaluations for models with desired equivariance
or covariance (as opposed to invariance). The consensus for input z is roughly the average
of the un-transformed model outputs on all transformed inputs within the orbit. Relative to

Fig. 5.4, we have

consensus(z) = <¢(g_1, h(¢(g,x)))> (5.2)

geG
The average () depends on the structure of output space Y, while G depends on the
equivariance of interest. For object detection, Y is the set of bounding boxes defined by
corners (Xpmin, Ymin) a0d (Xmax, ymax), and an element (x,ty) of translation group G acts

on the bounding box by component-wise addition. In this case, (Eq. (5.2)) can be computed
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by simple arithmetic mean of the translated bounding box corners.

5.5 Experiments - Applying NERO to Various ML Cases

We illustrated in §5.4 the designs and components of NERO evaluation through a 2D digit
classification task with MNIST |Lecun et al., 1998|. As mentioned before, NERO evaluation
is model- and task-agnostic. In this section, we demonstrate how NERO could be applied to
evaluate different ML models in three different research areas: object detection (classification
and localization in 2D photographic images), particle image velocimetry (velocity measure-
ments in fluid dynamics), and point clouds recognition (classification in 3D computer vision)
in §5.5.1, §5.5.2 and §5.5.3, respectively. In all subsections, we end with qualitative feedback
from researchers in our institution who are knowledgeable in each area, but not involved in

the development of NERO evaluation.

5.5.1 Object Detection

Object detection is a staple of computer vision research, witnessing dramatic advances from
deep learning [Zhao et al., 2019, Deng et al., 2020]|. Despite the great successes, recent
research discovers that object detectors can be very vulnerable to small translations [Manfredi
and Wang, 2020|. As noted in §5.1, scalar-metric evaluations give no direct insight about
equivariance, which is a natural concern for applications like autonomous driving, which
requires high equivariance not just by average.

In this section, we demonstrate how NERO could be a better evaluation pipeline. Faster
R-CNN [Ren et al., 2015] and MSCOCO |[Lin et al., 2015] are used, although the creation

and display of NERO plots for this task is independent of model or dataset.

Data Preparation. The architecture of Faster R-CNN does not guarantee translational

equivariance, so models with different equivariance properties can be obtained by training
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Figure 5.9: NERO interface for object detection, for models trained with 0% (upper row)
and 100% (lower row) jittering. Sections for aggregate, dimension reduction, individual, and
detail plots are organized as in the MNIST interface (Fig. 5.3). Two aggregate NERO plots
on left edge show intermediate jittering levels for comparison.

with datasets with different augmentations, as we show here. We selected 5 out of the 80
MSCOCO classes for demonstration: car, bottle, cup, chair and book. We selected objects
that belong to these 5 classes as key objects and cropped the original images to a 128 x 128
window around these objects. As showed in Fig. 5.10, translational shifts (by between —64
and 64 pixels in both directions) are achieved by cropping with shifted bounds, so that the
key object positions change within the field of view.

To ensure interesting cropped images, the MSCOCO images are filtered with following
criteria: (1) include a key object whose ground truth class label is in the 5 selected classes;
(2) ensure that for all shifts the cropped fields of view does not extend past the original
image edges; and (3) ensure that the key object’s ground truth bounding box is not less

than 1% or more than 50% of the cropped 128 x 128 region.

Model Preparation. We predict that different levels of model equivariance can be created

by different levels of random shifts, or jittering, in the training dataset of cropped images.
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Ground Truth

Figure 5.10: Key objects are shifted by cropping the original MSCOCO image to shifted
bounds (the non-masked square).

At 0%-jittering, key objects are never shifted and stay at the center of the cropped images
for training, while at 100%-jittering key objects are shifted randomly (uniformly) within the
[—64, 64] range during training. Jitterings are performed like other data augmentations, i.e.,
cropping happens in real-time in data loaders. A model trained with 0% jittering is expected
to only do well on unshifted images, while a model from 100% jittering is expected to be

more equivariant (perform well regardless of shift).

Results. Fig. 5.9 shows the full NERO interface for models with 0% and 100% jittering. As
in the MNIST example of Fig. 5.3, equivariance of the two models is evaluated and visualized
with both aggregate and individual NERO plots, connected with dimension reduction plots,
with a different task-appropriate detail display on the right. The left edge of Fig. 5.9 also
shows aggregate NERO plots from two other intermediate jittering levels. Matching our
expectations, the amount of jittering is visually reflected in the width of the NERO plot
peak, with high equivariance in 100% jittering (lower row) evident in the wide uniform
plateau of high values in that heatmap, versus the small bright spot at 0% jittering (upper
row) indicating non-equivariance.

Aggregate NERO plots give a quick overview of model equivariance, but individual NERO

plots enable detailed investigation. For example, in Fig. 5.9, the individual NERO for the
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Figure 5.11: Individual NERO and detail plots further investigating model performance.
Top: investigating 100% jittering model’s dark spot on its individual NERO plot. Bottom:
investigating a nearby spot (input image similarly shifted) that has much better results of
from the same 100% jittering model.

100% jittering model has dark regions on the left edge, indicating worse performance at
certain shifts. A curious practitioner can simply click on those spots to scrutinize model
details, as showed in Fig. 5.11, which investigates a small change in shift between the top and
bottom row. We learn that at both shifts, the model gives three bounding box predictions,
one with a high IOU of about 0.7, but the confidence ranking of the three boxes is different
in the two locations. The individual NERO plot shows the IOU only for the most-confident
prediction, creating the dark regions. In this way, NERO plots allow practitioner to explore

and understand model edge cases.

Consensus. Consensus (§5.4.6) in this case is the average of unshifted bounding box pre-

dictions from shifted input images. Fig. 5.12 shows the individual NERO plots computed
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Figure 5.12: Consensus boxes computed from model outputs (left column), individual NERO
plots of each model computed from ground truth (middle column) and from consensus (right
column).

from ground truth and consensus. The strong similarity of the two plots suggest that, at
least for this image, the amount and structure of equivariance showed by NERO plots is
nearly the same with or without ground truth, increasing the applicability of NERO plots

for unlabeled data.

Expert Evaluation. A researcher with knowledge in both computer vision and equivariant
ML, tried our NERO evaluation for object detection. The evaluation was semi-guided,
meaning that the expert was free to explore himself after we walked him through examples
similar to those earlier in this section. The ensuing discussion focused on the NERO plot
idea itself and its value; quotes below from the expert are in italics.

It 1s intuitive to present equivariance with simple group theories — the expert understood
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how we transform samples along group orbits, and measure results on transformed samples.
Aggregate NERO plots are quick to look at when comparing two models — the expert felt that
NERO plots do not create excessive visual complexity for users. clicking on these dots to
locate single samples is very helpful ... — the expert said about the DR plots — ... now [
can see what are the reasons behind the different performance — the expert looking at the
corresponding individual and detail plots. After using the interface for about 10 minutes,
the expert concluded: Using equivariance as an evaluation strategy is interesting. Everyone
knows there is more going on underneath the average errors we see everyday, but we are not
able to easily, systematically capture and compare them until using NERO. I think NERO

would benefit anyone who cares about model equivariance or develops better ENN.

5.5.2  Particle Image Velocimetry (PIV)

Particle Image Velocimetry (PIV) is an important tool for physicists studying experimentally
constructed (as opposed to simulated) fluid dynamics. PIV estimates velocity flow fields
from frames of video of illuminated particles moving through a flow domain. Traditional
PIV algorithms [Westerweel, 1997, Heitz et al., 2010| work for simple flows, but researchers
are interested in the promise of ML-based methods for faster computation and complex
flows |Lee et al., 2017, Cai et al., 2019a]. However, a more thorough assessment than simple
scalar-metrics (e.g. RMSE) must be established before physicists can trust the ML-based
models. In this section, we demonstrate how NERO may just be the right tool for physicists
to thoroughly evaluate these novel scientific ML applications, through detailed information
on equivariance. As PIV is closely related to the optical flow problem in the broader computer
vision sense, we believe this example also suggests how NERO plots may work for the optical
flow models [Hur and Roth, 2020].

To demonstrate how NERO reacts distinctively between models with different equivari-

ance, we use a traditional, theoretically equivariant Gunnar-Farneback method [Farnebéck,
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Figure 5.13: The NERO interface for PIV comparing an ML method (top row) with a non-
ML method (bottom row). This has the same sections as in previous interface examples,
but with a small-multiples display of the vector field domain for each element of the discrete
orbit.

2003], and compare with a recent deep learning method, PIV-LiteFlowNet-en [Cai et al.,
2019a]. Training and testing images used for PIV-LiteFlowNet-en are obtained from the

Johns Hopkins Turbulence Database [Perlman et al., 2007].

Data Preparation. In total, 8,794 pairs of images covering 6 different types of flows,
namely Uniform, Backstep, Cylinder, SQG, DNS, and Isotropic, are used during training.

120 image pairs are used in testing when generating the NERO plots.

Model Preparation. PIV-LiteFlowNet-en [Cai et al., 2019a] is trained with 8,794 pairs
of particle images as explained above; Gunnar-Farneback does not require training. Both
are tested with the same test dataset consisting of 120 image pairs. Apart from performance

as measured by RMSE, we expect Gunnar-Farneback to be naturally equivariant, without
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Figure 5.14: NERO for PIV with left plotting spatially averaged error and right plotting
detailed display of the per-location error.

bias towards any flow direction. On the other hand, we expect less equivariance from PIV-

LiteFlowNet-en, even though the training and testing flow types are the same.

Results. Fig. 5.13 shows our NERO interface for comparing PIV-LiteFlowNet-en (top row)
and Gunnar-Farneback (bottom row). The top right corner shows a controllable animation of
the particle image sequence that PIV analyzes. As before, higher equivariance is showed with
brighter and more uniform NERO heatmaps; dark spots indicate non-equivariance. Despite
the similar use of a heatmap, NERO plots for PIV are richer than those used for object
detection (Fig. 5.9, Fig. 5.11). In object detection NERO plots, each pixel represents one
point in the orbit, i.e., a specific shift. Carrying the same idea to PIV would create NERO
plots like Fig. 5.14, (left) with 16 squares for each element of the (discrete) group orbit, as
indicated with symbols in each bottom right corner (F is original, F’ is time-reversed, at
all possible orientations), with the heatmap showing RMSE over the whole flow domain.
Drilling down further, Fig. 5.14 (right) and Fig. 5.13 use a small-multiple display to show

16 copies of the flow domain, to reveal the spatial locations of flow for which the model was
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least equivariant. The Show averaged NERO checkbox in the interface toggles between the
two.

As expected, Fig. 5.13 shows that Gunnar-Farneback performs consistently better, with
almost perfect equivariance. To investigate further into model outputs, the individual detail
plots include an enlarged view of the non-averaged "pixel" in the individual NERO plot, and

a vector glyph visualization overlays the predicted field on the ground truth.

Expert Evaluations. A physicist with expertise in PIV tried our NERO PIV interface
and gave qualitative feedback. We followed the same procedure as in §5.5.1.

It is very good to see so much more information than an average value, ..., for a turbulence
flow the interesting and hard part is not everywhere, often much less than the boring part,
so the average error really does not help much. — the expert likes that NERO plots show
richer information than conventional scalar metrics. Being able to locate high-variance (less-
equivariant) samples from the DR plot is great — the expert said when looking at the DR plots
— it 1s tmportant to bring out the actual interesting samples to investigate — the expert thinks
the design is effective in helping user traverse through samples and locate the interesting
one. Yes, definitely, NERO would save me so much time analyzing PIV model outputs. —
the expert said when asked about if he would personally use the evaluation method in his

research.

5.5.83 3D Point Cloud Classification

Point cloud classification is a fundamental task in 3D computer vision that involves assigning
semantic labels to 3D point clouds [Grilli et al., 2017]. Among many research areas in this
area, equivariant point cloud classification is a recent development that aims to battle the
significant performance downgrade caused by rotations by taking advantage of symmetry

and invariance properties of 3D objects [Chen et al., 2021a, Luo et al., 2022, Finkelshtein
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Figure 5.15: NERO interface for 3D point cloud classification comparing Point Transformer
model trained without (top row) and with (bottom row) rotation augmentations. Interface
has the same sections as in previous examples.

et al., 2022|. In this section, we demonstrate how NERO can be applied to promote better
evaluation.

To visualize results from 3D rotations in 2D NERO plots, we conduct our NERO evalu-
ation based on a subset of rotations. More specifically, suppose each rotation is represented
via an axis-angle representation, we define each rotation axis to be a 3D vector sitting within
one of the three 2D slicing planes, namely z-y, z-z, and y-z, with the vector’s one end at
the origin. The angle in the axis-angle representation is a rotation angle between 0 and 180
degrees. The angles between the rotation axis and its horizontal axis in the plane, along with
the value of rotation angle, are visualized intuitively in a polar-coordinate plot, as showed
in both aggregate and individual NERO plots in Fig. 5.15. Point Transformer [Zhao et al.,
2021] and ModelNet40 [Wu et al., 2015 dataset are the choices of model and dataset in this

section, though such selections could be arbitrary.
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Data Preparation. We use the ModelNet10 subset of the widely adopted ModelNet40 [Wu
et al., 2015|. And by convention, we follow the same data preparation procedure as in Qi et.

al. [Qi et al., 2017].

Model Preparation. When applying deep learning models on point cloud classifications,
permutations of the point clouds orderings is another common source of invariance besides
rotations. To make this demonstration more predictable, we exclude the effect from permuta-
tions by choosing the Point Transformer [Zhao et al., 2021] model, which is by design invari-
ant to permutations thanks to its self-attention operator. To show how NERO evaluations
distinguish between a non- and equivariant model, similar to §5.4, the Point Transformer
model was trained twice, first without and then with rotation augmentation, to create two

models that differ predictably.

Results. Fig. 5.15 shows the NERO interface for the two models discussed above. As in
the MNIST example of Fig. 5.3, model invariance is evaluated and visualized via aggregate
and individual NERO plots, connected with dimension reduction plots, with a different task-
appropriate detail display on the right. Looking at the aggregate NERO plots on the left,
we can observe that the original model (top) has a bright spot at the center, indicating that
it only performs well up to small rotations (both axis and rotation angles), whilst the DA
model (bottom) has a more uniform display across the plot, indicating that it is much more
invariant to rotations.

Individual NERO plots enable detailed investigations. The specific sample showed in
Fig. 5.15 is a bathtub. And its default orientation in the dataset is vertical in terms of the
x-y plane. From the bright yellow stripe in the top individual plot, we can observe that the
original model is only able to recover after rotations along vertical (z) axis, which are much
easier, while the augmented model (bottom) recognizes the bathtub across all axis-angle

represented rotations very well.
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Expert Evaluations. We invited the same expert from §5.5.1 to give us evaluations again.
This time, we focused more on collecting how it feels going from one interface (application)
to another.

It feels very similar, I am still able to quickly navigate myself to the places I am interested
in — the expert agrees that the similar high-level interface design successfully helps researchers
quickly adapt from one application to another — it is showing evaluation results way beyond
scalar metrics, which could be very useful when evaluating and debugging model behaviors
— the expert agrees again that NERO evaluation provides more thorough and informative

results than standard scalar metrics.

5.6 Conclusions

NERO represents a novel, interactive ML evaluation system that is built on model equiv-
ariance and basic group theory to address the inadequacies of evaluating ML models with
scalar metrics. The examples we have showed in §5.4, §5.5.1, §5.5.2, and §5.5.3 demonstrate
four settings where NERO evaluations better assess model performance by revealing model
equivariance and making black-box models more interpretable. In principle, the idea of using
aggregate, dimension reduction, and individual NERO plots, linked in an interactive inter-
face, extends natively to many other areas of ML research as well, facilitating findings and

explorations of various model behaviors.
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CHAPTER 6
DATA UTILIZATION IN INFERENCE

Auto-regressive models, commonly utilized in the field of NLP, have paved the way for decod-
ing algorithms that enhance model performance during inference time without the need for
additional training or finetuning [Bond-Taylor et al., 2021]. These models generate sequences
one token at a time, predicting each subsequent token based on the tokens generated so far.
This sequential generation process is pivotal for implementing novel decoding strategies that
dynamically adjust the generation based on the context established by preceding tokens. By
leveraging the inherent structure of auto-regressive models, novel decoding algorithms can
introduce real-time adjustments and optimizations during the sequence generation process.
Such enhancements can significantly improve the model’s accuracy, coherence and trust-
worthiness in generating responses. In this chapter, we introduce a data-centric decoding
approach, showcasing how enhanced data utilization can help achieve better performance
during decoding.

While large vision-language models (LVLMs) have demonstrated impressive capabilities
in interpreting multi-modal contexts, they invariably suffer from object hallucinations (OH).
In this chapter, we introduce HALC, a novel decoding algorithm designed to mitigate
OH in LVLMs. HALC leverages distinct fine-grained optimal visual information in vision-
language tasks and operates on both local and global contexts simultaneously. Specifically,
HALC integrates a robust auto-focal grounding mechanism (locally) to correct hallucinated
tokens on the fly, and a specialized beam search algorithm (globally) to significantly reduce
OH while preserving text generation quality. Additionally, HALC can be integrated into
any LVLMs as a plug-and-play module without extra training. Extensive experimental
studies demonstrate the effectiveness of HALC in reducing OH, outperforming state-of-the-
arts across four benchmarks.

This chapter is organized as follows: §6.1 discusses the general background of LVLMs
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and how OH has been a persistent challenge. §6.2 presents a critical review of the technical
literature that includes the assessment of OH as well as more detailed discussions on the
current challenges. §6.3 provides a clear problem formulation, analyzes the root cause of OH,
and proposes a possible solution, which later leads to the detailed illustration of our proposed
HALC in §6.4. We present the theoretical analysis on the key components of HALC in
§6.5, and illustrate empirical results in §6.6. The chapter concludes with a summary in §6.8,

synthesizing the main findings and contributions.

6.1 Introduction

The confluence of natural language processing (NLP) and computer vision (CV) has un-
dergone a transformative shift over the past years with the introduction of vision-language
models (VLMs) [Long et al., 2022, Zhu et al., 2023, Liu et al., 2023b|. Although VLMs
have shown exceptional proficiency in integrating and interpreting intricate data across both
textual and visual modalities, a significant challenge emerged as the phenomenon of object
hallucination (OH), where VLMs erroneously generate hallucinated objects and descriptions
within their outputs [Rohrbach et al., 2018]. Based on the different parts of the sentences that
are being hallucinated, OH can be categorized into three types: object ewxistence, attribute,
and relationship hallucinations |Gunjal et al., 2023, Zhai et al., 2023|.

OH has been a persistent challenge since the earlier stages of the VLM development [Rohrbach
et al., 2018]. And it has been gaining increased attention, especially when recent research
indicates that even the much more sophisticated and capable large vision-language models
(LVLMSs) are not immune to it [Dai et al., 2022, Li et al., 2023, Guan et al., 2023|. Nu-
merous efforts have been devoted to mitigating OH in the context of LVLMs; including a
post-hoc approach that corrects the LVLM output after completion [Zhou et al., 2023], a
self-correction pipeline for OH mitigation [Yin et al., 2023|, and various decoding strategies

that are tailored towards reducing OH via better textual or visual priors utilization [Huang
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et al., 2023, Leng et al., 2023].

Despite the efforts, these approaches are not yet fully satisfying in terms of eliminating
OH. More importantly, they mainly focus on mitigating object existence hallucination, while
assuming the attribute- and relationship-level hallucinations can be consequently corrected
through autoregressive decoding. Furthermore, their reliance on more powerful external
LVLMs [Yin et al., 2023|, repeated processing [Zhou et al., 2023] or additional data [Gunjal
et al., 2023] complicates their adaptations to existing LVLMs and restricts their use cases.
The importance of OH reduction combined with the limitations in existing methods under-
score the urgent need for developing novel approaches.

To this end, we introduce Object Hallucination Reduction through Adaptive Focal-
Contrast decoding (HALC), a novel decoding strategy designed to effectively counter OH
and can be easily integrated into any open-source LVLMs such as MiniGPT-4 [Chen et al.,
2023c|, LLaVA [Liu et al., 2023b] and mPLUG-Owl2 [Ye et al., 2023]. HALC addresses
all three types of OH (existence, attribute, and relationship) while preserving linguistic
quality in both local and global levels; locally, it employs an adaptive focal-contrast grounding
mechanism to locate the fine-grained optimal visual information to correct each generated
token that might be hallucinating; and globally, it incorporates a matching-based beam search
that utilizes a visual matching score to steer the generation of the final outputs to balance
both OH mitigation and text generation quality.

The main contributions of this chapter are: (1) HALC, a novel, plug-and-play decod-
ing algorithm that significantly reduces OH in LVLMs while preserving outputs generation
quality; (2) an open-sourced platform that unifies all major OH reduction baselines and
state-of-the-arts (SOTAs) [Chuang et al., 2023, Zhou et al., 2023, Yin et al., 2023, Huang
et al., 2023, Leng et al., 2023|, including HALC, into one framework providing convenient
evaluations supporting major LVLM backbones [Zhu et al., 2023, Chen et al., 2023c, Liu

et al., 2023b, Dai et al., 2023| and OH benchmarks and evaluation metrics [Rohrbach et al.,
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2018, Fu et al., 2023, Li et al., 2023, Liu et al., 2023a] and (3) comprehensive experimen-
tal studies that thoroughly evaluates HALC, demonstrating its superior capability in OH

reduction over existing approaches.

6.2 Related Work

6.2.1 Object Hallucination and its Assessment

OH refers to the phenomenon where vision-language models (VLMs), including both the
earlier BERT-based models [Li et al., 2019, Radford et al., 2021b] and the more recent
LVLMs [Liu et al., 2023b, Zhu et al., 2023, Tu et al., 2023, Cui et al., 2023, Wang et al., 2024],
erroneously generate unfaithful contents. More specifically, Gunjal et al. [2023] and Zhai et al.
[2023] proposed that OH could be categorized into three types: object ezistence hallucination
for the creation of non-existent objects, object attribute hallucination for providing mislead-
ing descriptions, and object relationship hallucination for depicting incorrect inter-object
relationships.

The most well-adopted metric specifically designed to evaluate OH is CHAIR [Rohrbach
et al., 2018|, which was motivated after Rohrbach et al. [2018] discovered that existing metrics
that measure the output’s text quality, such as CIDEr [Vedantam et al., 2015], is misleading
at representing hallucinations (higher CIDEr score may correlate with higher OH). Another
notable and more recent metric is POPE [Li et al., 2023], which transforms the assessment of
OH into a binary classification problem where metrics such as precision, recall and accuracy
are used to represent the level of OH. In our evaluations, we utilize CHAIR and propose a
new metric based on POPE, named OPOPE, for thorough assessments of OH, while keeping
the standard text generation quality metrics such as BLEU [Papineni et al., 2002|, as an

additional indicator to make sure little sacrifice in quality was made when mitigating OH.
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6.2.2 Challenges and Fxisting Approaches

OH has been a persistent challenge over the past years [Rohrbach et al., 2018]. Despite
numerous advancements in LVLMs [Dai et al., 2022, Li et al., 2023, Zhou et al., 2024|,
none of them can produce faithful outputs without suffering from some level of OH. Various
strategies have been developed to this matter. For instance, Zhou et al. [2023] and Yin et al.
[2023| proposed post-hoc and self-correction pipelines, respectively. Huang et al. [2023]
and Leng et al. [2023] developed decoding strategies emphasizing better prior utilization.
While effective, these approaches often require powerful external LVLMs or additional data,
limiting their adaptability.

Distinct from these methods, HALC offers a novel decoding strategy that effectively re-
duces OH without necessitating extra LVLMs, training, or data. Integrating a novel adaptive
focal-contrast grounding mechanism, HALC addresses both local and global contexts in OH
reduction. Its compatibility with open-source LVLMs like MiniGPT-4 [Zhu et al., 2023| and
LLaVA [Liu et al., 2023b]| further enhances its applicability. And as previous approaches
often study the problem under different settings and metrics [Zhou et al., 2023, Yin et al.,
2023, Huang et al., 2023, Leng et al., 2023|, to promote the development of OH reduction in
general, we implement an open-source platform which hosts both the proposed HALC and

other methods, supporting various LVLM backbones and evaluation metrics.

6.3 Background and Motivation

6.3.1 Problem Formulation

We consider an LVLM MIQNLM parameterized by €, with a general architecture consisting of
a vision encoder, a vision-text interface module, and a text decoder. For an image-grounded
text generation task, given a textual query x and an input image v, v is first processed by

the vision encoder into a visual embedding, then transformed by the interface module as
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the input to the text decoder together with the query x, and finally decoded into a textual

response y autoregressively. Formally, we have

Yt ~ p@("vux7y<t) X €exp f0<'|U75571/<t) (61)

where 1 denotes the tth token, y«¢ is the token sequence generated up to time step ¢, and
fo is the logit distribution (unnormalized log-probabilities) produced by M{;VLM.

OH happens when some parts of the text generation y conflicts with the input image
v. The goal of OH reduction is to minimize the occurrence of hallucination tokens and

preserve the faithfulness to v when addressing the query x, while maintaining a high-quality

generation of text y.

6.3.2 Why Does OH Occur?

OH in VLMs can be attributed to various factors, including but not limited to the inherent
biases in the training data caused by co-occurrence [Biten et al., 2022, Zhou et al., 2023|,
visual uncertainty due to model’s statistical bias and priors |[Leng et al., 2023|, as well as
the limitations in current models’ ability to discern context and fact accurately during the
entire output generation process [Daunhawer et al., 2021|. Studies have also shown that OH
is not random but exhibits certain patterns and dependencies, such as its co-existence with
knowledge aggregation pattern [Huang et al., 2023], and the tendency to occur with objects
positioned later in the generated descriptions [Zhou et al., 2023|.

A closer examination of these analysis suggests that the autoregressive nature of the
LVLMs may be a fundamental factor contributing to their hallucinatory behaviors. Specifi-
cally, autoregressive decoding makes LVLMs progressively rely more on textual information
including both the query x and the increasing history generations y¢, while unavoidably

reducing reliance on the visual input. This imbalance results in a significant deviation from
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accurate representation of the visual input, ultimately culminating in OH with behaviors and
patterns observed in the aforementioned studies [Zhou et al., 2023, Leng et al., 2023|. This
is especially obvious when longer responses are generated, which explains the correlation

between higher OH and larger maximum token lengths, as seen in Huang et al. [2023].

6.3.3 Fine-grained Visual Knowledge Reduces OH

To mitigate the disproportionate reliance on the textual and visual information during the
autoregressive text generation, the process can be enhanced by continuously incorporating
targeted visual information. As faithful text generations should guarantee that object-related
text tokens are well grounded in the visual input, we hypothesize that the generation can
benefit from focusing more on the fine-grained visual context for different object-related
tokens. For example, for an image showing a man holding a clock on the beach as in Fig. 6.2,
the generation of the clock token can be well grounded in a smaller region of the image, which
we call a specific visual context, ideally excluding the beach which is distracting. Therefore,
our key insight in mitigating OH lies in identifying a token-wise optimal visual context to
provide the most informative visual grounding while decoding a specific token.

We verify our hypothesis through an empirical pilot study. Fig. 6.1 shows the oracle per-
formance of OH levels when we rely on optimal visual contexts for tokens through brute-force
search, with greedy decoding on the MME benchmark [Fu et al., 2023| on three categories of
OH.! We can see that for most cases, there are optimal visual contexts where decoding from
them eliminates over 84.5% of the hallucinations. This motivates our approach of identifying
different visual contexts for object-related token generations through adaptive focal-contrast

decoding, which is introduced in detail in the next section.

1. Details of this oracle analysis can be found in Appendix A.2.2
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Figure 6.1: On average, over 84.5% of the observed existence, attribute, and relationship
hallucinations are reduced by leveraging some optimal visual context v*. Blue bar denotes
number of hallucinated tokens on each corresponding MME sub-task, while orange bar de-
notes results when decoding from the oracle v*.

6.4 Methodology of HALC

An overview of the proposed HALC method is shown in Fig. 6.2. It operates at the token
level during generation, with reliance on fine-grained visual information represented by sam-
ples of different visual contexts. By recomputing the token distributions from different visual
context inputs and contrasting them, object-related token probabilities are redistributed to
reduce hallucinations dynamically within the generation steps. We describe the full proce-

dures below.

6.4.1 Object-related Token Identification

To focus on the most-probable hallucination sources and optimize time efficiency, we first

identify tokens that are related to objects to be processed by HALC. In particular, at each
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Figure 6.2: An overview of HALC. As LVLM autoregressively generates texts w.r.t. an image
input (e.g. a man holding a clock on the beach), the conventional decoding method may
hallucinate the clock as surfboard. However, HALC corrects this potential hallucination by
first locating its visual grounding v, then sample n distinctive yet overlapping FOVs (e.g.
Us, Ug, U7). Next, all FOVs are fed back into the LVLM, along with the current ongoing
response, obtaining n logits distributions. Then we compute Jensen-Shannon Divergence
(JSD) between each pair of the n distributions, and select the top m pairs, providing 2m next-
token candidates by bi-directional contrasted logits distributions. Each of the 2m candidates
are then appended to the k£ ongoing beams (beam search omitted in the figure for simplicity),
resulting in 2mk response candidates. Finally, k£ best responses are selected according to the
global visual matching score between current text and original image, completing the current
decoding round with the hallucinating token surfboard successfully corrected to clock.

generation step t, we acquire the part-of-speech (POS) tag [Honnibal and Montani, 2017]2
of the currently generated token from the model M%VLM. If the token belongs to noun, ad-
jective/adverb/number/verb/pronoun, or preposition, which correspond to object existence,
attribute, and relationship hallucinations, respectively, we redo the current token genera-
tion with HALC. For example, as seen in Fig. 6.2, the newly generated token surfboard is

identified as it may contribute to the object existence hallucination. Notice that we do not

2. We use the small-sized spaCy English pipeline (https://spacy.io/models/en) for tagging each
complete word.
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make any assumptions on whether or not the current token is hallucinating, instead, we only

determine if the token can be prune to hallucination solely based on its syntactic category.

6.4.2 Visual Context Retrieval

To identify the fine-grained visual information for the current token, we first retrieve a visual
context window vy = (wg, hg, pg) corresponding to the token, where wy and h,; are the width
and height of the visual window, and p, is the center point. Specifically, we employ a zero-
shot detector G, such as Grounding DINO [Liu et al., 2023c| or OWLv2 [Minderer et al.,
2023| to locate the token within the original image input v. Notably, despite the most
common use case of these zero-shot detectors is to locate objects, they are trained to also
provide good visual reference for adjective or prepositional phrase. This is because during
pre-training, the objective of these detection models is to associate words in text descriptions
with specific regions in images |[Liu et al., 2023c|, which naturally includes attributes and
relationships besides names.

Interestingly, we find that although the current token may technically be non-existing
when it represents a hallucination (e.g., surfboard in Fig. 6.2), it can still be accurately
located by the detector in practice, especially when the detector confidence threshold is set

to lower values.

6.4.3 Adaptive Focal-contrast Grounding

While off-the-shelf detectors establish a meaningful reference v; within the original image
input v, it is often not the optimal visual context for decoding. In Fig. 6.3, we show an
example of how token probabilities representing different objects change with different visual
context windows, or field of views (FOVs) input to the vision model in MIQJVLM. In this
generation step, the ground-truth token “clock” (we call a wvictim token) is hallucinated to

“surfboard”. Although direct decoding from v, does not correct the hallucination as the
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Figure 6.3: Log-likelihood of object tokens w.r.t. visual context samples in the FOV space, at
the generation step in the example of Fig. 6.2. Exponentially expanding FOVs are adopted.
While obvious objects (e.g. beach, man) are stable with high likelihood, hallucinating objects
are either noisy (e.g. book) or shift gradually with the context (e.g. surfboard). The victim
token (e.g. clock) usually display a drastically peaking pattern (local maximum).

probability of “clock” is still low, we can see that there exists a better visual context window
v1 that can correct the hallucination, and the curve corresponding to the faithful token
“clock” displays a drastically peaking pattern. This is a sharp difference from the patterns of
other tokens, which display smaller contrasts when the visual contexts vary. This observation
motivates our approach of focal-contrast grounding to adaptively adjust the object-related
token probabilities, by sampling and selecting a range of most contrasting FOVs based on

their decoding probabilities to best approximate the optimal visual contexts.

FOV sampling. We first sample a sequence of n FOVs, vy, v9, ..., vy, based on the initial

visual context vg;. There could be different approaches to come up with different FOVs
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conditioning on v,. To attain a larger coverage of the input image quickly, one strategy to

sample FOVs is through an exponential expanding function, by setting

v; = (w;, hi, pi) = ((1 +N)wg, (14 )‘>ihdapd) (6.2)
where wj, h;, p; are the width, height, and center of the FOV v;.

Dynamic visual context selection. Based on the observation from Fig. 6.3, we now
select a set of FOVs based on a contrastive criterion in the text decoding space to better
approximate the optimal visual context for the current token. In particular, after obtaining
n different FOVs, we feed these visual contexts back into the model? M%VLM, resulting in n
different probability distributions p; = pg(-|v;, ©,y<¢) with i = 1,2,...,n. Between any two
candidate FOVs, we adopt the following distance measure for the discrepancy between their

decoded token probability distributions

d(vi,vj) = ISD(pg(-|vi, v, y<t) || po(-vj, 2, y<t)) (6.3)

where JSD is the Jensen-Shannon divergence, a symmetric metric that measures the differ-
ence between two distributions. With the idea that more different FOV pairs are more likely
to include the optimal visual context for the current victim token generation, we dynamically

select the top m pairs with the largest distance according to Eq. (6.3).

Contrastive decoding. After obtaining top m visual context pairs with most discrep-
ancies in influencing the token output, we contrast the decoding probability distributions
(pi,p;) within each pair in order to amplify the information residing in one visual context
over the other. This would potentially recover the victim token over the hallucinated token

as the victim token enjoys a sharper contrast in the probability comparisons, especially when

3. We directly feed the cropped image to the FOV in the model.
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one of the visual contexts under comparison is near the optimal grounding. Specifically, we
redistribute the probabilities based on the contrast in log space [Li et al., 2022b] for a given

FOV pair (vj,v;), resulting in the following distribution

pq}i/vj('lviv Ujs -T,y<t) X exp [(1 + a)fa('|viﬂ xay<t)

—afy(fvj, @ y<)] (6.4)

where fy again is the logit distribution, « is the amplification factor where larger a indicates
a stronger amplification of the differences between the distribution pair (o« = 0 simplifies
Eq. (6.4) to regular decoding from v; without contrast).

Unlike existing uni-modal contrastive decoding methods [Chuang et al., 2023, Gera et al.,
2023, Shi et al., 2023| that assign an expert and an amateur distribution in the contrast by
assuming the final or context-aware layer contains more factual knowledge, in our case defin-
ing an asymmetric expert distribution among a random pair of FOVs is non-trivial. For
example, the optimal visual context usually resides midway among growing FOVs, making
either overflowing or insufficient context result in hallucination, as seen in Fig. 6.3. There-
fore, as we have no knowledge where the optimal visual context resides, for each pair of
FOVs, we propose to contrast them bi-directionally, which contains both positive (larger
over smaller-sized FOV) and negative (smaller over larger-sized FOV) contrast to preserve
the completeness of FOV representations (as shown in Fig. 6.2). Essentially, this process
results in 2m candidate tokens by individual greedy decodings which will be further selected

by the matching-based beam search algorithm next.

6.4.4 Matching-based Beam Search

While our adaptive focal-contrast grounding in §6.4.3 focuses on local token corrections at

a single generation step, we adopt a sequence-level beam search algorithm [Anderson et al.,
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2016a] to globally maintain the text generation qualities. Specifically, with a beam size
of k, at an HALC decoding step at time ¢, the & beam sequences would generate 2mk
token candidates for y; in total from top m focal-contrast pairs. Different from existing
beam score designs |[Borgeaud and Emerson, 2019] based only on textual information, we
rely on a global visual matching score to select the top k beams from 2mk candidates, by
comparing the similarity between the current text sequence y<; and the original image v.
This maintains a diverse but faithful set of generations within the search. In practice, we
employ the Bootstrapping Language-Image Pre-training (BLIP) model [Li et al., 2022a| for
both text and image encoding and compute their similarity scores.

Combining all components, the full procedure of HALC is summarized in Algorithm 2.
Notice that by utilizing the fine-grained visual information at different levels for a single
generation step, we admittedly trade in some computation time for correcting token hal-
lucinations. More specifically, according to Biber et al. [2000], nouns, adjectives, adverbs,
numbers, verbs, and pronouns, which are tokens that will actually pass through HALC
decoding, comprise approximately 35% of the total words in modern English (we observe
similar sparse patterns in our experiments). POS tagging is observably fast in practice (we
used the spaCy package, which is highly optimized on CPU with the smallest tagger model,
which is only 12 MB in size?). Thus we will mainly discuss the time cost w.r.t. other modules
in HALC.

For each individual token, after its original decoding, HALC will utilize the detection
module to initialize the FOV sampling, for which we use T}; to represent the detector time
cost. Next, each one of the n FOVs (in our experiments, n = 4, as shown in Table A.2)
are fed back into the LVLM for decoding, resulting in n % Ty 1,37 time cost, where Ty s
represents the LVLM decoding time for a single step (although this may increase slightly as

the sequence grows longer). Other computations on top of the multiple decodings such as

4. https://spacy.io/models/ent#ten_core_web_sm
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contrasting the distributions can be ignored in comparison. Therefore, in summary, without

any parallelization, for a sequence of L tokens, HALC will cost approximately:

LxTryvoav +L 035 (Td + n * TLVLM) =L % ((1 + 0.35?1) *Trvim + O.35Td) (6.5)

In practice, when n = 4 and Ty is relatively much smaller than Ty 1,57 (the detection model
Grounding DINO we used was based on the Swin-Tranformer® with 341M parameters), we
expect HALC to cost around 2.4x of the normal greedy decoding time expense.

However, the decoding passes for the extra m FOVs can essentially run in parallel
as they do not depend on each other. With parallelization, the time cost with n FOV
decoding is equal to the time cost for 1 FOV decoding, so the expected time cost will be
only approximately 1.35x of the greedy decoding. When the detection model time can not be
ignored and in the worst case it is the same as the decoding step time (which is unlikely as the
LVLMs we experimented with are 7B), the expected time cost would be 1.7x of the normal
greedy decoding. One way to increase the HALC decoding speed is through parallelization
of decoding from different visual contexts, where we can hope to spend at worst roughly

twice of the regular decoding time at HALC steps considering the whole sequence.5

6.5 Theoretical Analysis on FOV Sampling

Based on our observation (in Fig. 6.1 and Fig. 6.3) that there exists some underlying optimal
visual context v* within the original image v that can largely reduce the object hallucination
at the token level, our method aims to recover this optimal visual context v* based on a
sampling process conditioned on v;. To do so, we first select the visual contexts, or FOVs,

by taking a sequence of FOV samples starting from the initial v; based on an off-the-shelf

5. https://huggingface.co/docs/transformers/model_doc/swin

6. As HALC does not happen at every decoding step. There are also other overhead such as visual
grounding affecting the runtime.
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Algorithm 2 HALC Decoding

Require: LVLM M%VLM, text query z, image input v, grounding detector G;, FOV sample
size n, beam size k, number of contrast FOV pairs m.
output Model response ypew-
1: repeat
2: At every decoding step t:

3:  for b =1 to beam size k do

4: M{;VLM decoding, obtain current token yf

5: if yé’ € {existence, attribute, relationship} then

6: Retrieve visual context vg — gd(yé’, v) > §6.4.2
7: end if

8: if vg # {@} then

9: Sample n FOVs vy, ..., v, by expanding vg

10: else

11: Randomly sample n FOVs vq,..., v, from v

12: end if > §6.4.3
13: Compute pair-wise JSDs d(v;, vj), Vi # j > §6.4.3, Eq. (6.3)
14: Select top-m candidate pairs > §6.4.3
15: for i =1tom do

16: Apply bi-directional contrast (pvi Jujs Pu; /vz)’

17: get a pair of redistributed logits > §6.4.3, Eq. (6.4)
18: end for > 90w with 2m candidates obtained
19:  end for
20:  Select top k£ candidates by visual matching > §6.4.4
21:  if vg # {2} and y0,, = yff’ then
22: 3t — [IDK] >y is hallucinating, but no correction token was found
23: end if
24: y? — ygew > Hallucinating token yg’ corrected

25: until each beam has terminated

detector. While we cannot guarantee that the initial visual grounding v, is sufficiently
accurate to approximate v* (and directly using v, could result in unstable behaviors), we
could effectively certify the robustness of our FOV sampling strategy in Theorem 6.5.1. To
preserve generality, consider the sampled FOVs are taken from a distribution 7 (+|vg), where 7
can either follow normal distribution sampling around v, or obey an exponential expansion

sampling strategy starting from v,.

Theorem 6.5.1. Let v* = (w*, h*,p*) be the optimal visual context. Assume there exists

a tolerable neighborhood B(v*,e) = {0 : ||[v — v*|| < €} around v*, such that decoding from
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visual contexts within the neighborhood is robust:
D(pg(-|v™), pg(-8)) < 0 < 1, Vo € B(v", ¢) (6.6)

where D(-,-) € [0,1] is a symmetric discrepancy measure between two probability distribu-
tions, such as the Jensen-Shannon divergence, or the total variation distance.

Let vg = (wg, hg,pq) be the initial detection and vg = v* + n with perturbation n. The
minimum deviation of token probabilities from the optimum with n samples vi,va,...,vn

distributed according to m(-|vg) is denoted as

ha(v*,n) = min D (py(-[v*), py(-|vs)) (6.7)

i=1,...,

(a) For normal distribution sampling mq(-lvg) ~ N (vg, 0?I), the minimum deviation above
is bounded as

hag(v",n) <0+ (1 = Cyle,n;0))" (6.8)

where Cy(e,n;0) € (0,1) is a constant depending on €,7,0, and the upper bound goes to §
when n — oo.

(b) For exponential expansion sampling me(-|vg) ~ U(r € [Fmin, "max])) with samples vy =
(L+XN)"wg, (L+X)"hg,pg) uniformly from the r-space, under the conditions (i) |pg—p*| < €

and (i) wg/hg = w*/h*, the minimum deviation in Eq. (6.7) is bounded below
(0%, ) < 6+ (1= Cele,o", 0 A)" (69)
where Ce(e,v*,vg; N) € (0,1] is a constant depending on €,v*,v4, A, and the upper bound goes

to 6 when n — oo.

The proof of Theorem 6.5.1 is detailed in Appendix A.1. The neighborhood radius €

around the optimal v* can be roughly interpreted as a valid range of optimal visual context
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to yield the correct prediction (e.g., [v1,v9] in Fig. 6.3). Typically the detection perturbation
Inl] > €, making v, outside of the e-neighborhood of v*. Through FOV sampling according
to some 7(-|vg), the above theorem establishes a formal guarantee that at least one of the n
samples achieves good approximation of the optimal v* in the decoding probability space, as
the deviation is closer to 6 when n grows. The normal sampling distribution, concentrated
around vy, is preferred when v; has minimal perturbations from v*. And an exponential
expansion sampling distribution, with a more averaged coverage of the sampling space, is
preferable when less prior of the task is available. In practice of our algorithm, we take
discrete integer values of r under the exponential expansion distribution for deterministic

sampling with n = 4, acquiring good efficiency and performance.

6.6 Experiments

Table 6.1: CHAIR evaluation results on MSCOCO dataset of LVLMs with different decoding
baselines and SOTAs designed for mitigating OH. Lower CHAIRg and CHAIR; indicate
less OH. Higher BLEU generally represent higher captioning quality, although existing work
has reported weak correlation between CHAIR and text overlapping quality metrics. Bold
indicates the best results of all methods.

Method MiniGPT-4 LLaVA-1.5 mPLUG-Owl2
CHAIRg | CHAIR; | BLEUT |CHAIRg ] CHAIR;] BLEUT [CHAIRg | CHAIR;] BLEU?T

Greedy 30.8745.45 12.3349.07 14.3310.00 | 20.8040.08 6.77+0.07 15.9310.00]23.2010.35 8.33+0.28 15.3710.00
Beam Search|29.561609 11.369.99 14.9410.00|18.6710.38 6.3010.05 16.171000|21.6711.61 7-6310.40 15.7710.00
DoLA 30874952 11.7010.13 14.9340.00 | 21.0010.67 6.701+0.38 15.93+0.00 | 24.6010.24 8.7310.30 15.40+0.00
OPERA 30.0040.43 11.6710.92 14.8710.00|21.1310.12 6.7310.18 16.2710.01|22.1310.86 7-57+0.16 15.93+0.00
VCD 30.2710.44 12.6040.45 14.3310.00 | 23.3345.66 7-90+053 14.6710.01|27.271732 9.7341120 14.4040.00
Woodpecker | 28.871999 10.204085 15.300.01|23.854462 7.5040.01 17.0510.00|26.3341.98 8.4310.80 16.4310.00
LURE 27.884995 10.2040.85 15.0340.11 19484935 6.54038 15.9710.01|21.2710.06 7-67+0.16 15.65+10.05
HALC |17.8040.03 8.1040.14 14.9140.00 |13.8040.08 5.5040.14 16.1040.01 |17.833+430 7-4340.11 16.2740.00

Benchmarks. We evaluate HALC on three benchmarks including (1) quantitative metrics
CHAIR [Rohrbach et al., 2018| and POPE [Li et al., 2023] on MSCOCO |[Lin et al., 2014]
dataset; (2) general-purposed Multimodal Large Language Model Evaluation (MME) [Fu
et al., 2023| benchmark; and (3) qualitative evaluation benchmark LLaVA-Bench [Liu et al.,
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2023a|. These experiments comprehensively assess HALC’s capability on reducing OH in im-
age captioning, visual-question answering (VQA) and more challenging tasks that generalize

to novel domains.

Baselines. To effectively evaluate HALC, besides regular greedy decoding and beam search
baselines, we further involve layer-wise contrastive decoding SOTA DoLa [Chuang et al.,
2023|, as well as SOTA methods specifically designed to mitigate OH, including OPERA [Huang
et al., 2023|, VCD |Leng et al., 2023], Woodpecker [Yin et al., 2023] and LURE [Zhou et al.,
2023| in our analysis. All the results are acquired and benchmarked consistently with our

unified implementation. Please refer to Appendix A.2.1 for the detailed setting of our HALC.

LVLM Backbones. Three LVLMs including MiniGPT-4 V2 [Chen et al., 2023c|, LLaVA-
1.5 [Liu et al., 2023b] and mPLUG-OwI2 [Ye et al., 2023] are used for both HALC and all
aforementioned baselines except Woodpecker and LURE, where Woodpecker utilizes Chat-
GPT [Brown et al., 2020b] during its self-correction process and LURE distills an extra

reviser model from GPT-4 [Achiam et al., 2023].

6.6.1 CHAIR and POPE on MSCOCO

Following existing evaluation procedures [Huang et al., 2023, Yin et al., 2023, Liu et al.,
2023b], we randomly sampled 500 images from the validation split of MSCOCO [Lin et al.,
2014] and conduct evaluations with both CHAIR and POPE. For each metric, we repeat
the experiments five times with different random seeds and report average and standard

deviations of all the runs.

CHAIR. Caption Hallucination Assessment with Image Relevance (CHAIR) [Rohrbach
et al., 2018] is a tailored tool created to evaluate the occurrence of OH in the task of image

captioning. Specifically, CHAIR measures the extent of OH in an image description by
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determining the proportion of the mentioned objects that are absent in the actual label set.
This metric includes two separate evaluation aspects: CHAIRg, which performs assessments
at the sentence level (proportion of the hallucinated sentences over all sentences ), and
CHAIRy, which operates at the object instance level (proportion of the hallucinated objects
over all generated objects). Lower scores indicate less OH.

We prompt all methods with “Please describe this image in detail.” and the results are
illustrated in Table 6.1. Besides CHAIRg and CHAIR, we also report BLEU [Papineni
et al., 2002| as an assessment of the text generation quality. Table 6.1 demonstrates that
our proposed HALC consistently outperforms all the existing methods by a large margin.
Notably, a major advantage of HALC is its strong robustness, as can be observed by its much
lower standard deviations, especially when compared to the non-OH specific baselines. While
Woodpecker [Yin et al., 2023| has the highest generation quality BLEU scores, this can be
largely attributed to the fact that Woodpecker adopts ChatGPT, a much more capable LLM,
to organize the final outputs, which is not exactly a fair comparison to the other methods.

We also investigate how HALC performs with longer responses, as showed in Fig. 6.4,
where we plot both the number of generated (dashed) and hallucinated (solid) objects with
randomly sample 100 images. This experiment is important to further assess HACL’s ro-
bustness, as it is commonly believed that OH happens more with objects positioned later
in the responses [Zhou et al., 2023|, as well as in longer responses [Huang et al., 2023|. We
observe that HALC is the only method that can keep even smaller number of hallucinations
while the number of generated objects increases, demonstrating its superior performance and

advantageous robustness in reducing OH.

POPE. Polling-based Object Probing Evaluation (POPE) |Li et al., 2023| evaluates OH
via a streamlined approach, which incorporates a list of yes-or-no questions to prompt LVLMs
for presence of positive and negative objects. When selecting negative (non-existing) objects

for prompting, POPE provides three sampling options: random, popular, and adversarial.
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Figure 6.4: Comparing four mainstream methods on the ratio of hallucination objects
(CHAIRj) v.s. the number of max tokens. The right axis (dashed line) indicates the total
number of generated objects. HALC outperforms all other methods by maintaining a low
ratio of hallucination with the increasing of generated objects.

We refer detailed explanations of the different options to its original paper [Li et al., 2023].

One distinct difference between POPE and CHAIR is that POPE relies on interacting
with the examined LVLM directly. While this requirement is not an issue when evaluating the
decoding-based baselines, it limits its adaptation to post-hoc methods such as LURE |Zhou
et al., 2023]. It also creates larger instabilities when the examined LVLM incorporates smaller
language backbones such as LLaMA-7B [Touvron et al., 2023], which has less robust chat
capability. To these concerns, we propose offline POPE (OPOPE), which keeps the object
sampling and yes/no query strategy from POPE, but replaces the live interactions with offline
checks. Specifically, instead of querying the model with “Is there a {} in the image?”, where
“{} is the queried object, we first ask the examined LVLM to give its detailed descriptions
of the image, and then manually check if the sampled positive/negative objects exist in the

captions when computing the OPOPE scores.

133



Table 6.2: Proposed OPOPE evaluation results on MSCOCO dataset of LVLMs with differ-
ent decoding baselines and SOTAs designed for mitigating OH. Higher accuracy, precision,
and F score indicate better performance. Bold indicates the best results of all methods.

Method MiniGPT-4 LLaVA-1.5 mPLUG-OwI2
Accuracyt PrecisionT Fs—p2® Accuracyt Precisiont Fs_p2® Accuracyt PrecisionT Fgpa®
Greedy 66.78 107 90.434051 85.79118.7|70.564151 91.081906 87.72416.3]69.7711.18 91.071178 87.454+139
Beam Search|67.22974 91.204144 86.57+10.8 |69.871137 91.724904 88.0141597/69.201999 91.904151 87.914117
DoLA 67.0641.19 90.8449031 86.221173(70.691150 90.871198 87.59115.74(70.171169 91.9719045 88.30419.2¢
OPERA 67.2641.04 90.76420.0 86.2054150(069.731134 91.104194 87.464153 |69.264045 93.061501 88.8316.14
VCD 05.78+40.96 90.02+20.7 85.004151 | 70.67+1.22 91.621167 88.194133|69.814065 92704110 88.76+8.49
Woodpecker |67.7810.88 91.33116.66 86.91+112.6|69.8010.54 91.804841 88.0416.56|68.9011.02 92.22117.98 88.05413.77
LURE 68.14 .99 90.95117.34 86.76113.23| 70.001153 90.891919 87.38417.3(69.2411 60 90.54.103 37 86.85118.28
HALC ‘66.761_0,68 91.95150 86.921_11_1‘ 70.5940.82 92.94. 1918 89.2219'55‘ 70.121098 91.94115.1 88.26411.85

We also adjust the main metrics for comparison. As it is more random for descriptions
to include the exact sampled hallucinated objects, false-negative (FN) and the resulting
recall become less trustable in the offline checks. Therefore, we propose to use F-beta,
instead of F-1, as the main metric of OPOPE, so that the final score relies less on the FN.
Specifically, we have Fig = (1+ 32) - (precision - recall) /(32 - precision + recall), where we use
£ = 0.2 throughout our experiments. The evaluation results incorporating OPOPE is shown
in Table 6.2. All the numbers are averaged results of the three sampling methods (random,
popular and adversarial, as in the original POPE), while the complete version of the table

is shown in Appendix A.4. HALC outperforms other methods in most of the settings.

6.6.2 MME

The Multimodal Large Language Model Evaluation (MME) [Fu et al., 2023| benchmark is
a comprehensive tool designed to quantitatively compare multimodal LLMs. Following Yin
et al. [2023], Leng et al. [2023], we utilize the “existence" and “count" subsets to evaluate the
object existence hallucinations and the “position" and “color" subsets for object attribute
and relationship hallucination. Please refer to Appendix A.3 for experiment details. The
comprehensive results across six methods are reported in Fig. 6.5, where HALC significantly
outperforms all the other methods on each sub-task, indicating an overall performance gain

in reducing OH while preserving generation quality.
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Figure 6.5: Comparison across OH baselines and SOTAs on four OH-critical MME subsets.
All methods adopt MiniGPT-4 as LVLM backbone. HALC outperforms all other methods
with a large margin: existence: +10.7%; position: +18.3%; color: +19.4% and count:
+20.2% in average.

6.6.3 LLaVA-Bench Qualitative Study

LLaVA-Bench [Liu et al., 2023a] is a collection of 24 images, where each image is paired with
a detailed, manually-crafted description and carefully selected questions. The questions are
divided into three categories: simple QA (conversation), detailed descriptions, and complex
reasoning. In this experiment, we leverage LLaVA-Bench as a case study to qualitatively
compare the decoding outputs of HALC with other methods. The results are shown in

Appendix A.5.

6.7 Analysis and Ablation Studies

6.7.1 Adaptive Focal-contrast Grounding

FOV Sampling initialization. The visual context retrieval process described in §6.4.2
utilizes detector output as a key component of the adaptive focal-contrast grounding algo-
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rithm introduced in §6.4.3. However, it is important to note that HALC primarily uses the
detector output as a initialization for the field of view (FOV) sampling process, rather than
depending heavily on it. In this section, we present empirical results to compare different
methods of sampling initialization, which include random sampling (selecting a random FOV
within the image), center initialization (selecting a fixed region in the center of the image),
original image initialization (using the entire image) and detector initialization (using the
detector output). More specifically, we include an extra detector model, OWLv2 [Minderer
et al., 2024], in addition to the Grounding Dino [Liu et al., 2023¢]| illustrated in previous
sections.

Table 6.3: HALC performance with different sampling initialization.

nit.  |CHAIRg | CHAIR; | OPOPE 4 POPE 1 BLEU 4

Random 25.6 11.8 83.33 67.67 15.10
Center 23.9 11.2 86.62 69.10 14.80
Original 27.8 12.2 85.20 68.33 15.50
G. Dino 22.0 8.8 88.20 70.67 16.40
OWLv2 23.4 10.8 84.47 67.50 15.70

As shown in Table 6.3, both random and center initialization perform better than using
the original image as the visual input. This result confirms the robustness of the proposed
FOV sampling process. Additionally, both detectors deliver better performance than the
other initializations, further demonstrating that using a detector-grounded FOV provides an

effective starting point for the subsequent conditional FOV sampling process.

Exponential Expanding ratio. Besides initialization, another important parameter used
in adaptive focal-contrast grounding is the expanding ratio A, which determines each sam-
pling FOV as in Eq. (6.2). Thus we further analyze the performance of HALC with different

expanding ratios.
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Table 6.4: HALC performance with different expanding ratios.

A | CHAIRg| CHAIR;| OPOPEt POPE{ BLEU 1}
0.2 22.0 8.5 86.45 69.63  16.60
0.4 18.0 7.6 87.33 70.20  16.10
0.6 22.0 8.8 88.20  70.67  16.40
0.8 28.0 9.6 86.45 69.63  14.80
1.0 26.0 8.9 84.32 69.63  14.70

Table 6.4 demonstrates that an expanding ratio of 0.6 is optimal. We hypothesize that

the poorer performance associated with smaller or larger expanding ratios is due to that

smaller ratios increase the number of FOV samples, which presents greater challenges for

the global beam search. On the other hand, larger ratios decrease the granularity of the

FOV in the image, potentially leading to more severe hallucinations.

Beam sizes.

6.7.2 Global Beam Search

As is common with all beam search algorithms, beam size k is a major

hyperparameter. Thus here we examine the performance of HALC w.r.t. different values of

k.
Table 6.5: HALC performance with different values of beam size k.
k | CHAIRg | CHAIR;| OPOPE{ POPE+t BLEU 1t
1 36.0 14.6 88.20 70.49 15.40
2 22.0 8.8 88.74 70.67 16.40
3 26.0 9.8 87.65 70.67 15.40
5! 29.6 11.1 86.33 70.14 15.70
8 33.3 13.8 87.73 70.14 15.50

Table 6.5 shows improved performance as the beam size initially increases from one. How-

ever, when the beam size reaches or exceeds two, the number of FOV samples also increases,
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making it more challenging for the global beam search module to select the optimal visual
context from all the samples, thus leading to a higher rate of hallucination. Furthermore,
as the beam size continues to increase, the variance of HALC’s performance also increases,
indicating that it will be more difficult to select the top candidate as the global matching

model also suffers from hallucination.

Scoring methods. Finally, we compare the BLIP and CLIP scoring models with random

selection to rank the beams.

Table 6.6: HALC performance with different scoring methods.

CHAIRg | CHAIR; | OPOPE{ POPEt BLEU {

Random 26.6 12.8 85.45 68.45 15.20
BLIP 22.0 8.8 88.20 70.67 16.40
CLIP 23.4 10.0 87.67 71.96 15.60

As shown in Table 6.6, different scoring methods do not lead to large variations and they

all outperform random selection.

6.8 Conclusion

We present HALC, a novel decoding algorithm designed to mitigate OH in LVLMs. HALC
operates on both local and global levels, integrating a robust adaptive focal-contrast ground-
ing mechanism to better utilize fine-grained visual information for correcting hallucinated
tokens, and a specialized beam search algorithm that promotes further visually matched
generations. Comprehensive experiments demonstrate that HALC effectively reduces OH,
achieving SOTA performance while preserving sequence generation quality, and can be con-
veniently integrated into existing LVLMs without additional training or data. A benchmark-
ing tool was also built to support convenient comparisons across all available OH reduction

strategies comprehensively.
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CHAPTER 7
CONCLUSION

7.1 Overview of Dissertation Contributions

This dissertation has explored several critical aspects of data utilization in DL, emphasizing
on improving model robustness, efficiency, and trustworthiness. Key contributions include
the development of Direct Acquisition Optimization (DAO, Chapter 2) for efficient data
collection in environments with limited labeling resources; User-Centric Ranking (UCR,
Chapter 3) to improve data formulation in data-abundant situations such as training recom-
mender systems with large amount of user-item interactions; and RANKCLIP (Chapter 4), a
novel pretraining method that enhances the robustness of vision-language models by incorpo-
rating ranking consistency. Additionally, this dissertation has proposed NERO (Chapter 5),
an evaluation tool that leverages interactive visualizations to provide a nuanced analysis of
model behaviors, and HALC (Chapter 6), a decoding strategy that significantly mitigates
object hallucinations in language models, thereby increasing the trustworthiness of their

outputs.

7.2 Implications of Findings

The methodologies developed in this dissertation advance the field of data-centric Al by
providing tools that not only enhance the performance of DL models but also contribute
to their interpretability and reliability. DAO and UCR demonstrate that effective data
utilization strategies can drastically optimize between model performance and dataset, in-
cluding both scarcity and abundance cases. RANKCLIP offers a framework for leveraging
complex multimodal relationships, enhancing the generalization capabilities of Al systems
across diverse domains. NERO introduces a paradigm shift in model evaluation, moving be-

yond traditional metrics to a more nuanced understanding of model behavior across varied
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scenarios. HALC underscores the importance of context and fine-grained visual information

in generating reliable and meaningful outputs from language models.

7.3 Future Research Directions

While the approaches developed herein represent significant advancements, they also open
several avenues for further research. Future investigations could focus on enhancing the scala-
bility of DAO and UCR across larger datasets and diverse domains. Extending RANKCLIP
methodologies to additional forms of multimodal data could further underscore its utility
and adaptability. Enhancements to NERO could involve accommodating a wider variety of
data sets and model architectures, thus broadening its applicability. Additionally, further
refinement of HALC could explore its efficacy in reducing hallucinations across other types

of generative models, broadening its impact.
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APPENDIX A
ADDITIONAL PROOF AND RESULTS OF HALC

A.1 Proof of Robust Certification of FOV Sampling in

Theorem 6.5.1

This section proves theoretical analysis on the robustness of HALC in approximating the
optimal visual context v* via sampling in the FOV space (Theorem 6.5.1). With certain
assumptions on v* and v, we focus on demonstrating the certified robustness on the decoding
token probability distribution compared with that from the optimal visual context v*, when
sampling different FOVs based on v; which is initially determined by an detector G;.

The objective of HALC is to approximate the unknown optimal visual context for a
decoding step, thereby mitigating hallucination and enhancing the truthfulness of the LVLM
outputs. We approach the optimal proxy by sampling a series of n FOVs in the original image
v, starting from v, according to some sampling function 7(-|vg). We focus on bounding the
minimum deviation of the decoding token probabilities from the optimum among the n FOV
samples, with the hope that we can always find some sample that is close to the optimal
v* during this process. And as the sample size n becomes larger, the minimum deviation
becomes smaller, indicating that we can better cover the optimal visual context v* within

the samples.!

Proof. Let v* = (w*, h*, p*) be the optimal visual context, represented by a 3-tuple of its
width, height, and center point. The corresponding optimal token decoding probability dis-
tribution is py(:|v*), where 6 denotes the parameters of the LVLM M%VLM, and we ignore

the condition on the textual query z and previously generated tokens y.+ for simplicity.

1. The subsequent selection of the best sample is another question, which is not concerned in this proof.
We theoretically justify the existence of an “optimal” sample in the proof here, and HALC selects such a
sample by contrasting FOV pairs based on the observation illustrated in Fig. 6.3.
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We rely on a symmetric discrepancy measure D(-,-) € [0, 1] to compare the disparity be-
tween two probability distributions, such as the Jensen-Shannon divergence, or the total
variation distance. We assume that the model prediction is robust around v* against small
perturbations. In particular, we assume that there exists a tolerable small e-neighborhood

B(v*,e) = {0 : [|v — v*|| < €} around v*, such that

g9(v",0) = D(pg(-1v*),pg(10)) < 0 <1, VD € B(v”, ¢) (A1)

Essentially, for any visual context window (or FOV) close enough to v*, the output token
probability disparity is tiny, which is likely to result no difference in greedy decoding.

From the FOV detector G, the output visual context is denoted as vg = (wg, hq, Pg),
which is in general not the optimal. We assume v; = v* 4+ 7 in the 3-tuple vector space,
where 7 is the perturbation vector from the optimal. The detection perturbation is often
large enough with ||n|| > €, making v, outside of the e-neighborhood of v*.

vg — v If we directly use the detector output v, as an approximation of the optimal
visual context v*, the output distribution deviation from the optimum, measured by g(v*,vy),
is often unpredictable, when v; does not fall in the hypothetical tolerable region B(v*, ).
An example can be seen as the inaccurate detection v, in Fig. 6.3 results in the wrong token
prediction book. This prompts the need for our proposed FOV sampling approach with the

hope to find samples close to the optimal v*.

7(-lvg) — v*:  Thus we consider sampling conditioned on v, in the FOV space to enhance
the robustness of optimal visual context approximation, hoping to find some sample that
is close to the optimal. To do this, we obtain an upper bound on the minimum deviation
from the output distribution among a collection of FOV samples. Assume 7(-|vg) € € is an
arbitrary sampling function conditional on the initial FOV detection v;, where €2 denotes

the sampling space over all potential visual contexts in the entire image v. 7 can either
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be a deterministic sampling function, or a stochastic sampling process with a probabilistic
distribution over ). Suppose we acquire n samples v{,v9,. .., v, according to 7(-|vg), we
denote the minimum deviation of the resulted token probability from that of the optimal

visual context v* as

he(v®,n) = min g(v* v;) = i:I{li.{f_lnD(pe('|v*),p9('|vi)) (A.2)

1=1,...,n

where D is the aforementioned symmetric discrepancy measure between two probability
distributions, which is within the range of [0,1]. Having a small value of hr(v*,n) would
indicate that we can find some visual context that is close to the optimal v* through n
samples.

We proceed to estimate the minimum deviation hr(v*, n) from the optimal visual context
v* with n samples. We introduce a partition based on the occurrence of two probabilistic
events: the event A where at least one of the samples falls into the e-neighborhood B(v*, €)
close to v*, and its complement. Let us denote the probability of at least one sample falling
within B(v*,€) as P(A), and the complementary event’s probability as P(—A) = 1 — P(A).
Hence, we can express the minimum divergence hr(v*,n) as a marginalization over these

events:
hr(v*,n) = P(A) - [hr (0", n)|A] + P(=A) - [hr(v", n)[=A] (A.3)

Recognizing that for the one sample in the vicinity of v* in the event of A, its decoding
token probability deviation from the optimal is bounded by § < 1 based on our assumption.

Hence we have

he(v*,n) <P(A) -5+ P(=A) 1 < 5+ P(—A) (A.4)
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Next, we consider two instances of the sampling function 7(-|vg) that yield an upper bound

for hy(v*,n).

Normal Distribution Sampling. Suppose sampling from 7 follows a stochastic process
following a normal distribution around v;. We denote this sampling process as my(-|vg) ~
N (vg,0%I), where we assume a variance of o2 for each element of the visual context repre-
sentation (width, height, center) independently. For © € €, the probability of sampling ©
following the multivariate normal distribution is

~ 1 1 . .
q(0;v4,0°1) = W exp (—ﬁ(v —vg) (0 - Ud))

where s = 3 is the dimension of the FOV representation vector. The probability of event

—A happening, which is none of n FOV samples falling within the e-neighborhood of v*, is

P(=A) = P([vr = v*| > A P(Jug — 0| > ) A+ P(llon —v* > &) (A5)
— P(|s —v*]| > )" (A.6)

= P([o = (vg =)l > )" (A7)

From the normal distribution assumption of o, we know that o — (vg — ) also follows a

normal distribution N (5, o%I). Therefore,

P(=A) = (1 —P(|t — (vg—n)| < &))" (A.8)
O Y G W RECTRE P RN
N (1 /1/1||V||§6 (271'02)5 p( 202( n) - ( 77)) d ) (A.9)

= (1= Glema)” (A.10)
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where we use Cy(e,n;0) € (0,1) to denote the constant value given €, 1, and o. Following

Eq. (A.4), we now have

i, (v%,0) < 6+ (1 = Cyle, m;0))" (A.11)

where the second term goes to 0 as n is increasing to larger values.

Exponential Expansion Sampling. Now suppose sampling from 7 follows an expo-
nential expanding process, where a sample can be expressed as v, = (wy, hyp,pr) = (1 +
AN'wg, (1 4+ X)"hg, pg) with an expanding factor A (assuming A > 0 without loss of gener-

ality) and some 7.2

Essentially, the sample space comprises all fields of view (FOVs) that
maintain the same aspect ratio (i.e. wg/hg) and the same center p; with vy, Assume
the sampling is uniform among all possible FOVs in the sample space, which we denote as
Te(:|vg) ~ U(r € [Fmin, "max]), Where rpin and rmax correspond to the smallest FOV al-
lowed (such as a few pixels) and the largest FOV possible (i.e. the entire original image v),
respectively.

For this sampling distribution, we introduce two moderate assumptions regarding the
initial detection v,. First, the center of the detection is relatively close to the optimum, such
that |pg—p*| < e. Second, The detection v4 and the optimum v* share the same aspect ratio,
meaning wg/hg = w*/h*. This assumption is reasonable since the optimum is unknown,

and we can assume it adheres to the aspect ratio used by a standard detector.

We begin by deriving the range of r such that v, falls into the small neighborhood B(v*, ¢€)

2. Besides expansion, this could also be an exponential shrinking process when r is negative. We abuse
the use of “expansion” for both.
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around v*. We need

o —v*| < e (A12)
= (wr —w*) (b — B2+ (pr — pH)? < € (A.13)

— (LN wg— W PN B~ B (g —p") < €
(A.14)

2 2
waw* + hah* h2h* w w*
= (w]+h3) ((1 FA) A ) <~ (pg—p")? - e (4 — )2

(w + h3) (w2 +h2) hy b
(A.15)
= —(pg—1p")* >0 (A.16)

2 k)2 * *
€ —(pq—p*) and Cb _ wqw +hgh

Denoting constants Cy, = (wI+h2) (wZ+h2)
a4 d’d

, we get the range of r such that

v € B(v*,€) as

max (rmin, log(Ch — Ca)) < r < min (rmax, log(Ch + Oa)) it Cp>+/Cyq

log(1+ A) log(1 4 \)
(A7)
. log(Cy + vC .
Or Tmin < 7 < min (Tmax, g1<ogl()1 Y a)) if Cp<+\Cq

(A.18)

We further denote this range as r € [Chin(€,v*,v4; A), Cmax (€, 0™, vg; A)], with rpi <
Chin(6, v, v;A) < Cmax(€,v*,v7;\) < rmax. Based on the independent uniform sam-
pling assumption, the probability of the event —A that none of the n samples fall into the

e-neighborhood around the optimum B(v*,¢€) is

B Cmax(@ v*, Ud; )\) - Cmin(ea v, Ud; )‘)

Tmax — "min

P(=A) = (1 ) = (1 = Ce(e,v™,04: M) (A.19)
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where we use Ce(e,v*,v4;\) € (0,1] to denote the constant value depending on €, v* v, A.

Following Eq. (A.4), we then have
hr,(v5,n) <84 (1= Ce(e,v™, vg;N)))" (A.20)
where the second term goes to 0 as n is increasing to larger values.

Discussion. In the above, we demonstrated that beginning with the initial detected visual
context vy, under certain mild conditions, acquiring n samples according to a distribution
7(-|vg) is an efficient method for identifying a sample that leads to a small bounded deviation
in the token decoding probabilities from those derived from the optimal visual context v*.
The more samples acquired, the tighter the bound is. This provides a simple and robust way
of approximating the optimum.

Different sampling distributions have distinct characteristics. For normal distribution
sampling 74 (-|vg) ~ N(vg, o21), the variance parameter o2 determines the spread of the
samples and thus the likelihood of approximating the optimal v* within B(v*,€). For expo-
nential expansion sampling me(-|vg) ~ U(r € [Fmin, "max]) With samples v, = ((14+X)"wy, (1+
A)"hg,pg), the parameter A controls the rate of growth for the sampled visual contexts. In
practice, we apply discrete integer values of r to acquire different samples efficiently, thus A
affects the sample coverage of the visual information around v*.

The choice of the sampling distribution 7 is contingent upon factors such as the quality of
the detector G4, the LVLM backbone M{;VLM, the textual query z, and the visual input v.
Specifically, the continuous normal distribution is advantageous for concentrated sampling
around vy, which is particularly effective when the detection perturbation 7 is small (meaning
vg is near v*). In contrast, exponential expansion sampling covers an extended range of
visual contexts quickly, which is preferable when limited context information is obtained. In

scenarios where significant underestimation or overestimation in (G; detection is present, the
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exponential expanding strategy can discover the optimal visual context more effectively. [J

A.2 HALC Experimentation Details

A.2.1 Ezxperimental Setups

The overall experiment settings is reported in Table A.1. While the regular greedy decoding

follows this setting, the beam search variant in our experiment essentially applies a token-

wise beam search based on accumulated probability scores of the previous tokens y—;. We

use the default code for implementation of these two baselines in HuggingFace Transformer-

sRepository [Wolf et al., 2020].3

Table A.1: Overall Experiment Settings

Parameters Value
Maximum New Tokens (CHAIR) 64
Maximum New Tokens (POPE) 64
Maximum New Tokens (MME) 128
Top-k False
Top-p 1
Temperature 7 1

The complete hyper-parameters for HALC in our experiments in §6.6 is reported in

Table A.2. Specifically, there are four major hyper-parameters that can actively adjust the

effectiveness of HALC to adapt to different task settings:

1. FOV Sampling Distribution: Typically, a normal distribution, which concentrated

around v,, provides a tighter bound under minimal perturbations, while an exponen-

tial expansion sampling distribution, with a more averaged coverage of the sampling

3. https://huggingface.co/docs/transformers
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space, is preferable when less contexts of the task is available. Thus to preserve gen-
erality in our experiment, we have employed the exponential expansion sampling with

exponential growth factor A = 0.6.

. Number of Sampled FOVs n: n determines the number of sampled FOVs in the sample
space. According to Theorem 6.5.1, while increasing n and adjusting the distribution
parameters can efficiently reduce minimum token probability deviations and enhance
the robustness against perturbed initial detection, it’s notable that the runtime costs

also raise with n. Consequently, we set n = 4 across all our experiments.

. JSD Buffer Size m: For each beam in the overall beam search process (beam size
k), our bi-adaptive visual grounding module samples n visual contexts, which through
interpolated JSD calculation would produce M JSD values in total. Then we
select the top m FOV pairs with relatively large discrepancy to produce contrastive

candidate distributions.

. Beam Size k: The beam size k is set to adjust the diversity and range for HALC to
search for the best candidate captions. Essentially, the global visual matching score
module selects the top k diverse captions from 2m - k text sequence candidates passed
from the local adaptive visual grounding module. While a larger k involves a larger
search space and hopefully a better generation, the runtime cost also raises linearly
w.r.t. k. HALC adopts Bootstrapping Language-Image Pre-training (BLIP) [Li et al.,
2022a] for both text and image encoding when computing their cosine similarity scores.
Notably given the global search capability of our visual matching score module, HALC

seeks to preserve a more diverse set of captions within the beam buffer.

. Other Hyperparameters: Our implementation inherits an additional hyperparameter,

adaptive plausibility threshold, originally from DoLLA [Chuang et al., 2023|.
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Table A.2: HALC Hyperparameter Settings

Parameters Value
Amplification Factor o 0.05

JSD Buffer Size m 6

Beam Size 1

FOV Sampling Exponential Expansion
Number of Sampled FOVs n 4
Exponential Growth Factor A 0.6

Adaptive Plausibility Threshold 0.1

Regarding the comparison of HALC with SOTAs that are specifically designed for OH
mitigation, we adopt the code, hyper-parameters, and pre-trained models of each method
outlined in their public repositories and papers respectively. Specifically, the hyper-paratermers
for DoLa [Chuang et al., 2023]* is reported in Table A.3; OPERA [Huang et al., 2023]° is
reported in Table A.4; and the hyperparatermers for VCD [Leng et al., 2023]6 is reported in
Table A.5. For each of these baselines, we strictly follow their implementations and default

hyper-parameters as reported in the paper to reproduce their results.

Table A.3: DoLa Hyperparameter Settings

Parameters Value
Repetition Penalty 6 1.2
Adaptive Plausibility Threshold S 0.1
Pre-mature Layers 0,2---,32]

4. https://github.com/voidism/DoLa
5. https://github.com/shikiw/0PERA
6. https://github.com/DAMO-NLP-SG/VCD
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Table A.4: OPERA Hyperparameter Settings

Parameters Value

Self-attention Weights Scale Factor 6 50

Attending Retrospection Threshold 15
Beam Size 3
Penalty Weights 1

Table A.5: VCD Hyperparameter Settings

Parameters Value

Amplification Factor a 1

Adaptive Plausibility Threshold | 0.1

Diffusion Noise Step 500

Regarding post-hoc correction method woodpecker [Yin et al., 2023]7 and LURE [Zhou
et al., 2023]8 , we also strictly follow their implementations and hyper-parameters as reported
in the paper to reproduce their results. For woodpecker, we adopt their original code and
use OpenAl API to access GPT-3.5 Turbo. In average, per 500 images would result in
approximately $4.5 cost. For LURE, we also directly adopt their pre-trained projection
layer model (based on Minigpt4) to reproduce the results reported in this paper. All the
hyper-parameters are default.

Notably, to construct a standardized evaluation platform, we reorganize these repositories
and form a unified object hallucination evaluation benchmark released at https://github
.com/BillChan226/HALC. This benchmark repository provides at ease a unified access to

most of the announced LVLMs for various VQA tasks, evaluated by CHAIR [Rohrbach et al.,

7. https://github.com/BradyFU/Woodpecker
8. https://github.com/YiyangZhou/LURE
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2018] , POPE [Li et al., 2023|, offline POPE (OPOPE), linguistic quality metrics and MME

scores [Fu et al., 2023| in a standardized pipeline.

A.2.2  Empirical Studies on Optimal Visual Contexts

We verify our insight that optimal visual context is important in correcting object hallu-
cination through an empirical pilot study. Fig. 6.1 shows the oracle performance of OH
levels when we rely on optimal visual contexts for tokens through brute-force search, with
greedy decoding on the MME benchmark [Fu et al., 2023] on three categories of OH sources.
Specifically, each MME sub-task contains 30 images, and we have followed [Leng et al.,
2023] and selected four sub-tasks (including existence, count, color, position) to evaluate the
hallucination in our analysis, in total 110 distinct images. Based on these images, we manu-
ally constructed multiple challenging questions (2-4 per image) that are likely to induce the
LVLM to hallucinate (e.g. queries based on co-occurrence statistics illustrated in [Li et al.,
2023] on some plausible but unfaithful objects that are likely to co-occur, some minor objects
in the distance). Then we take each question as a count unit and calculate the number of
hallucinations on word level (instead of token level) which could be attributed for each of
the three sources. Then for each question with a hallucination occurring, we search across
the original image input using a brutal-force breadth-first algorithms until the hallucinating
token is corrected to be consistent with the ground truth. This process effectively succeeds
to retrieve the optimal visual context for 54.0% of the questions. For those questions that
fail this brutal-force search, we further manually select the visual context candidates based
on human priors. In total, 84.5% of the questions that contain these three sources of hallu-

cinations can be eliminated with an explicit optimal visual context v*.
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A.3 MME Experiment Details

The experiment details mostly follow Appendix A.2.2, where we adopt each sub-task of 30
images from the MME benchmark dataset 9 and reconstruct the question prompt following
offline POPE. Specifically, instead of simply asking a question with a binary yes/no answer,
we first ask the decoder to generate a detailed caption of the provided image and then check
whether the target positive/negative word existes in the caption. The detailed results are

reported in Table A.6. The corresponding figure result is shown in Fig. 6.5.

Table A.6: Comparison of Decoder Performances on 4 MME sub-tasks

Decoder Existence Position Color Count Max Tokens Num of Samples

HALC 155 73.33  141.67 93.33 128 110
Greedy 145 63.33  118.33 85 128 110
DoLa 145 60 118.33 85 128 110
Opera 135 56.67 115 80 128 110
VCD 135 70 133.33 70 128 110
LURE 140 60 108.33  68.33 128 110

9. https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models/tree/Evaluation
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A.4 Comprehensive OPOPE Results

Table A.7: Detailed OPOPE results with random, popular and adversarial samplings.

Setting Model Decoding Accuracy Precision Recall Fo.2 Score
Greedy 68.30 97.24 37.67 91.67
Beam Search 68.37 96.30 38.20 90.98
. DoLa 68.50 97.27 38.07 91.78
MiniGPT-4 OPERA 68.67 96.98 38.53 91.63
VCD 67.10 96.22 35.60 90.30
Woodpecker 69.07 96.99 39.366 91.83
Random LURE 69.50 96.65 40.4 86.76
HALC 67.90 97.36 40.4 91.74
Greedy 73.20 9717 15.73 93.14
Beam Search 71.33 97.48 43.80 93.09
DoLa 72.30 96.78 46.13 92.86
LLaVA-1.5 OPERA 71.20 96.76 43.87 92.47
VCD 72.07 96.89 45.60 92.87
Woodpecker 70.83 95.89 43.53 91.65
LURE 71.67 97.24 44.6 93.02
HALC 71.87 97.86 44.73 93.58
Greedy 71.27 96.91 13.93 92.62
Beam Search 70.50 97.26 42.20 92.61
DoLa 71.47 96.92 44.33 92.69
mPLUG-Owl2 OPERA 70.17 96.92 41.67 92.22
VCD 70.93 97.31 43.07 92.81
‘Woodpecker 70.27 97.99 41.38 93.09
LURE 70.83 96.71 43.13 92.30
HALC 71.50 97.38 44.20 93.07
Croedy 66.43 38.70 37.67 84.30
Beam Search 67.00 90.09 38.20 85.62
o DoLa 66.8 89.50 38.07 85.08
MiniGPT-4 OPERA 66.80 88.65 38.53 84.43
VCD 65.47 65.47 35.60 83.64
Woodpecker 67.37 89.47 39.37 85.29
Popular LURE 67.8 89.38 40.4 85.40
HALC 66.37 90.02 36.80 85.27
Croedy 70.27 89.79 1573 86.58
Beam Search 69.80 91.25 43.8 87.6
DoLa 70.43 89.75 46.13 86.60
LLaVA-1.5 OPERA 69.63 90.51 43.87 86.95
VCD 70.57 91.08 45.60 87.71
‘Woodpecker 69.37 90.07 43.53 86.51
LURE 69.63 89.32 44.6 86.00
HALC 70.03 90.74 44.67 87.28
Croedy 69.30 89.13 13.93 8574
Beam Search 68.83 90.27 42.20 86.48
mPLUG-Owl2 DoLa 69.53 89.35 44.33 85.99
OPERA 69.03 92.02 41.67 87.94
VCD 69.43 91.10 43.07 87.35
‘Woodpecker 68.58 90.73 41.38 86.75
LURE 69.17 89.99 43.13 86.38
HALC 69.63 89.95 44.20 86.50
Croedy 65.60 5535 37.67 3138
Beam Search 66.3 87.21 38.20 83.11
o DoLa 65.87 85.74 38.07 81.80
MiniGPT-4 OPERA 66.3 86.66 38.53 82.68
VCD 64.77 85.44 35.60 81.08
) Woodpecker 66.88 87.53 39.37 83.60
Adversarial LURE 67.13 86.82 40.4 83.14
HALC 66.00 88.47 36.80 83.94
Groedy 69.23 56.30 1573 83.44
Beam Search 68.47 86.45 43.8 83.33
DoLa 69.33 86.07 46.13 83.30
LLaVA-1.5 OPERA 68.37 86.01 43.87 82.95
VCD 69.37 86.91 45.60 83.99
Woodpecker 69.20 89.45 43.53 85.96
LURE 68.7 86.1 14.6 83.13
HALC 69.87 90.21 44.67 86.80
Greedy 65.73 87.16 13.93 3.8
Beam Search 68.27 88.17 42.20 84.63
DoLa 68.87 87.02 44.33 83.91
mPLUG-Owl2 OPERA 68.57 90.22 41.67 86.35
VCD 69.07 89.69 43.07 86.10
‘Woodpecker 67.85 87.94 41.38 84.29
LURE 67.73 84.91 43.13 81.86
HALC 69.23 88.50 44.20 85.21
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A.5 Experiment Results on LLaVA-Bench

As discussed in §6.6.3, we leverage LLaVA-Bench [Liu et al., 2023a| as a case study to
qualitatively compare the decoding outputs of HALC with other methods. Results generated
by HALC and other OH reduction baselines incorporating mPLUG-Owl2 [Ye et al., 2023,
MiniGPT-4 [Zhu et al., 2023, Chen et al., 2023c|, and LLaVA [Liu et al., 2023b| LVLM
backbones are shown in Fig. A.1, A.2 and A.3 respectively. In all the plots, red fonts

indicate OH, including any of the object existence, attribute or relationship hallucinations.
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HALC: The image is a painting of a face, resembling the famous
Mona Lisa’s portrait. The painting is done in a modern style,
with a blend of colors and textures. The woman's face is the
main focus of the painting, and her expression appears to be
calm and serene. The background is slightly blurred, adding
depth to the artwork.

OPERA: The image features a painting of the famous Mona
Lisa, a portrait of a woman attributed to the Renaissance artist
Leonardo da Vinci. The Mona Lisa is known for her enigmatic
smile and captivating gaze. The painting is displayed on a wall,
showcasing the artwork's beauty and historical significance.

Greedy: The image is a painting of a woman, possibly a Mona
Lisa-style portrait, with a smile on her face. She is wearing a
necklace and appears to be looking directly at the viewer. The
painting is set against a backdrop of a mountain landscape,
adding a sense of depth and beauty to the composition.

VCD: The image is a painting of the famous Mona Lisa,
capturing the enigmatic smile of the subject. The artwork is
displayed on a wall, and it features a blue background that
accentuates the painting's colors and the subject's eyes,
making the painting stand out. The Mona Lisa is the central
focus of the artwork, showcasing her famous smile and
captivating gaze.

HALC: The image showcases a beautiful view of a mountain range with a
large, sandy beach in the foreground. The beach is bustling with activity,
with numerous cars and trucks parked along the shore. In the
background, the city can be seen, stretching across the landscape. The
sky above the scene is filled with clouds, adding to the picturesque
atmosphere. The combination of the mountain range, the beach, and the
city creates a captivating and dynamic scene.

OPERA: The image showcases a breathtaking view of a mountainous area
overlooked by water. A sandy beach stretches along the coast,
surrounded on three sides by mountains. In addition to the beach, there
are several boats visible in the water, adding to the picturesque scene. A
few people can be seen scattered around the beach, enjoying the
beautiful surroundings. Some of them are closer to the water, possibly
swimming or sunbathing, while others are further back on the beach.

Greedy: The image showcases a beautiful view of a mountain range with
a large, sandy beach in the foreground. The beach is bustling with
activity, with numerous people enjoying the sunny day. Some of the
people are standing closer to the water, while others are scattered along
the beach, engaging in various activities. In the background, the
mountain range stretches across the horizon, creating a picturesque
scene. The combination of the sandy beach, the lush green mountains,
and the blue ocean creates a serene and inviting atmosphere.

VCD: The image depicts a picturesque view of a mountainous landscape
with a beautiful blue ocean in the background. The ocean water is visible
near the bottom of the image, with a sandy beach extending along the
shoreline. The water appears to be calm and inviting, creating a serene
atmosphere. The mountainous area is characterized by a series of hills
and mountains, with some of them rising steeply and others gently. A
few people can be seen scattered throughout the scene, likely enjoying
the natural beauty of the area.

Figure A.1: LLaVA-Bench results comparing HALC and other methods with mPLUG-
Owl2 [Ye et al., 2023] backbone.
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HALC: The image shows a dining table with a
variety of items on it, including a bowl of noodles, a
cup of green tea, and some other dishes. The bowl|
is placed in the center of the table, surrounded by
several bowls containing different foods. A cup of
green tea is near the top right corner of the table. A
spoon can be seen resting on the table, close to the
bowl of noodles.

OPERA: The image shows a bowl of ramen noodles
with chicken and vegetables on the side. The bowl
of ramen noodles has a clear broth with chicken and
vegetables on the side. The noodles are cooked and
have a chewy texture. The chicken is cooked and
has a crispy texture. The vegetables are cooked and
have a crunchy texture. The table is made of wood
and has a red and white checkered tablecloth on it.

Greedy: The image shows a bowl of noodles with
chopsticks and a spoon on the side. The bowl of
noodles is filled with a variety of ingredients,
including meat, vegetables, and sauce. The
background of the image is a wooden table with a
red and white checkered tablecloth. There are also
two glasses of beer on the table.

VCD: The image is a table with a bowl of noodles
and some vegetables in it. There are also some
chopsticks on the table. There are two chairs on
either side of the table, and a vase of flowers on the
table. The background of the image is a wall with a
large window with a view of a city street.

HALC: The image is a toy of a dinosaur with glasses
on its face. The dinosaur is made of plastic and has
a red and orange flame on its back. The flame is
made of plastic and has a red and orange color.
The dinosaur is standing on its feet and has a pair
of glasses on its face. The dinosaur has a smiling
expression on his face.

OPERA: The image is of a toy dinosaur with glasses
on its face. The dinosaur is made of plastic and has
a red and orange flame on its back. The dinosaur is
standing on its hind legs and has a smile on its face.
The image is of a toy dinosaur with glasses on its
face. The dinosaur is made of plastic and has a red
and orange flame on its back. The dinosaur is
standing on its hind legs and has a smile on its face.

Greedy: The image is a toy of a dinosaur with
glasses on its face. The dinosaur is made of plastic
and has a red and orange color scheme. The
glasses are made of plastic and have a black frame
and lenses. The dinosaur is standing on its hind legs
and has a long tail. The image is a toy of a dinosaur
with glasses on its face. The dinosaur is made of
plastic and has a red and orange color scheme.

VCD: The image is a toy flamingo with a red body
and orange wings. It has a pair of glasses on its
head and is standing on its hind legs. The toy is
made of plastic and has a smooth surface. The
image is a toy flamingo with a red body and orange
wings. It has a pair of glasses on its head and is
standing on its hind legs. The toy is made of plastic
and has a smooth surface. The flamingo has a
cartoonish appearance, with large eyes and a
smiling expression.

Figure A.2: LLaVA-Bench results comparing HALC and other methods with MiniGPT-
4 [Zhu et al., 2023, Chen et al., 2023¢c| backbone.
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HALC: The image features a man standing on the
back of a yellow taxi cab, holding a blue white
towel. He appears to be ironing clothes while riding
in the taxi. The taxi is driving down a busy with
other such as a and a car visible in the scene. The
man manages to balance himself on the back of the
taxi, making the scene quite unique and interesting.

OPERA: In the image, a man is standing on the back
of a yellow taxi cab, ironing clothes. He is wearing a
yellow shirt and appears to be focused on his task.
The taxi is surrounded by other vehicles, including a
truck on the left side and a car on the right side of the
scene. Additionally, there is a handbag placed near
the center of the scene, possibly belonging to the
man ironing clothes or someone else in the vicinity.

HALC: The image features a young boy wearing a suit
and tie, with a red bow tie. He is wearing glasses
and has a smiling expression on his face. The boy
appears to be the main focus of the scene, with the
rest of the image being blurry. The suit and tie give
him a formal and polished appearance.

OPERA: The image features a young boy wearing
glasses and a red bow tie, standing in front of a
building. He appears to be the main focus of the
scene. The boy is wearing a suit and tie, giving him a
formal and polished appearance. The building in the
background adds to the overall setting of the image.

Greedy: The image features a man standing on the
back of a yellow taxi cab, holding a blue shirt. He
appears to be ironing the shirt while the taxi is in
motion. The taxi is driving down a busy street, with
other vehicles such as a truck and a car visible in the
scene. Additionally, a traffic light can be seen in the
background, indicating that the taxi is driving
through an intersection.

VCD: The image depicts a busy street scene where a
man is standing on top of a car, ironing clothes. He
is positioned towards the center of the scene, and
there are multiple other people visible in the area.
Various vehicles are present on the street, including
a truck on the left side, a bus on the right side.
There are also a few more cars on the right side of
the image, near the background.

Greedy: The image features a young man wearing a
suit and tie, with a red bow tie. He is wearing
glasses and has a smiling expression on his face. The
man appears to be the main focus of the scene,
with the rest of the image being blurry. The suit and
tie combination, along with the red bow tie, gives
the impression that the man is dressed up for a
special occasion or event.

VCD: The image depicts a young boy wearing a blue
suit with a red bow tie. He is dressed in a business
suit, and his face is adorned with a pair of glasses.
The boy has a charming smile and appears to be
posing for a picture. In the background, there is a
person partially visible, possibly taking the photo.

Figure A.3: LLaVA-Bench results comparing HALC and other methods with LLaVA [Liu

et al., 2023b| backbone.
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