
Toward Data-Efficient Multimodal Learning

Liangke Gui

July 2025

School of Computer Science
Carnegie Mellon University

Pittsburgh, PA 15213

Thesis Committee:
Alexander G. Hauptmann, Carnegie Mellon University

Yonatan Bisk, Carnegie Mellon University
Emma Strubell, Carnegie Mellon University

Daniel Fried, Carnegie Mellon University
Po-Yao (Bernie) Huang, Meta AI

Submitted in partial fulfillment of the requirements
for the degree of Doctor of Philosophy.

Copyright © 2025 Liangke Gui





Abstract
Multimodal learning, which integrates information from vision, language, and

sound, plays a central role in human perception and cognition. Humans naturally
combine inputs from different modalities to understand complex environments, learn
from limited examples, and generalize across tasks. Inspired by this ability, recent
advances in multimodal learning have led to significant progress in tasks such as visual
question answering, image-text retrieval, and multimodal information extraction.
Despite these achievements, existing models face key challenges that limit their
scalability and applicability in real-world scenarios.

One major limitation is the heavy reliance on large-scale, manually annotated
datasets for both pre-training and downstream tasks. Collecting such data is labor
intensive, costly, and difficult to scale, especially for complex modalities such as
open-ended reasoning and video understanding that require contextual and temporal
reasoning. Moreover, these models often struggle to generalize in low-resource
settings, where annotated data is limited. In addition, many state-of-the-art models
are trained in a closed-book fashion, where all knowledge is stored in the model
parameters. This hinders their ability to incorporate external knowledge sources
dynamically, such as structured databases or large language models, limiting their
flexibility and explainability in open-domain reasoning.

This thesis addresses these limitations by advancing data-efficient multimodal
learning through three key strategies. First, we investigate how structured human
priors can be embedded into model design and training to improve learning efficiency
and generalization in low-data regimes. Second, we explore the use of weak supervi-
sion signals, such as natural-occurring image-text pairs and external knowledge bases,
to enhance representation learning without relying on extensive manual annotation.
Third, we introduce preference-leraning frameworks that leverage large language
models to guide training in complex tasks, particularly in video understanding and
open-domain reasoning, where traditional labels are difficult to define or scale. Across
these components, this thesis aims to reduce the need for explicit supervision while
improving model performance, interpretability, and adaptability, contributing to the
development of more scalable and robust multimodal AI systems.
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Chapter 1

Introduction

1.1 Motivation of Research

Human perception naturally combines different types of sensory inputs, such as vision, language,

and sound, to understand and interact with the world. This ability allows people to quickly learn

new concepts, generalize in different situations, and adapt to new tasks with minimal supervision.

Inspired by this, the goal of multimodal machine learning is to develop models that can process and

reason across multiple modalities in a similar way. Recent advances in large-scale pretraining have

led to rapid progress in multimodal tasks like visual question answering(VQA) [9, 80, 166, 206],

image-text retrieval [151, 185], image captioning, optical character recognition (OCR) [178, 211],

and multimodal information extraction [95, 96]. However, several challenges still limit the

scalability and practical use of multimodal systems.

High Dependence on Extensive Human Supervision.Most existing multimodal models [48,

67, 115, 133, 134, 143, 212, 276] rely on large-scale human-annotated datasets for both pre-

training and �ne-tuning. Although this enables strong performance, creating such datasets is

costly and time-consuming, especially for complex tasks like video understanding or open-ended

reasoning. Reducing this dependence is the key to making multimodal systems more scalable.

Limited Generalization in Low-Data Scenarios. Despite achieving impressive results in

benchmark datasets, multimodal models [49, 67, 115, 133, 143, 276] often struggle when applied

to unseen data distributions and novel tasks. Unlike humans, who can use prior knowledge and

context to adapt, current models have limited ability to generalize in a few-shot and zero-shot

learning settings. Improving this requires the use of human-inspired priors and weak forms of

supervision.
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Lack of Dynamic Knowledge Integration in Open-Domain Tasks. Most state-of-the-art

multimodal models [5, 45, 245, 269] operate in a “closed-book" fashion, where all knowledge is

embedded within the model parameters. This limits their �exibility and their ability to incorporate

new information or provide explainable reasoning. Open-domain tasks, such as visual question

answering and multimodal reasoning, would bene�t from models that can access and use external

knowledge, including structured databases and large language models.

Challenges in Video Understanding and Temporal Reasoning.Video-based tasks, such as

instruction following, captioning, and question answering, introduce additional complexities due

to the need for temporal reasoning and contextual understanding. Traditional supervised learning

approaches require extensive human annotations, making large-scale video dataset annotation

impractical. A promising alternative is to align model predictions with human preferences using

large language models, reducing the need for manual labels.

This thesis focuses on improvingdata-ef�cient multimodal learning , with the goal of reduc-

ing human supervision, improving generalization, and enabling models to reason in open-domain

and video-based tasks. To achieve this, we explore three key strategies: (1)incorporating human

priors to improve model adaptability in low-data scenarios; (2)Leveraging weak supervision

from naturally occurring image-text pairs and external knowledge; and (3)integrating preference

learning with large language models to guide training, especially in tasks that are dif�cult to

annotate, such as video understanding and open-ended reasoning. These strategies aim to reduce

the reliance on labeled data while building more general and practical multimodal systems.

1.2 Thesis Organization

This thesis explores multimodal learning in the data by gradually reducing the dependence on

human supervision. It follows a structured approach, beginning with leveraging human priors,

then incorporating weakly supervised signals, and ultimately utilizing the implicit knowledge

embedded within large language models. Each part builds upon the previous one, forming a

coherent progression from manual encoded knowledge to automated learning from large-scale

models.

Part I: Human Priors for Data Ef�ciency The �rst part of the thesis investigates how human

prior knowledge can enhance multimodal learning. Humans naturally use contextual and structural

information to recognize patterns and generalize from limited examples. By embedding these

priors into machine learning models, we can improve data ef�ciency and learning effectiveness.

Chapter 2 examines the challenges of handwritten text recognition, particularly Arabic script,
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which exhibits complex structures and contextual dependencies. This chapter explores how human-

inspired priors, such as character dependencies within local contexts, can improve recognition

accuracy. By embedding these priors into the learning process, the proposed approach enhances

model robustness while requiring fewer labeled examples.

Chapter 3 addresses the learning of a few shots, a setting in which models must generalize

from a limited number of labeled samples. This chapter introduces a data augmentation method

guided by human priors, leveraging the intuition that similar objects exhibit similar behaviors. By

generating realistic variations, the proposed approach improves model performance in low-data

scenarios, demonstrating the effectiveness of human-inspired augmentation strategies.

Although human priors provide valuable information to reduce supervision in speci�c tasks,

a more scalable approach is needed for generalizable multimodal learning. The next part of

this thesis investigates how weakly supervised signals can be leveraged to improve multimodal

representation learning, reducing reliance on explicit annotations.

Part II: Weak Supervision for Multimodal Representation Learning The second part of this

thesis explores how weakly supervised signals can serve as an alternative to large-scale labeled

data. Instead of relying on explicit human annotations, models can utilize naturally occurring

associations, such as image-text pairs, and external knowledge sources to learn meaningful

representations with minimal supervision.

Chapter 4 investigates the use of image-text pairs as a source of weak supervision, demonstrat-

ing how leveraging loosely aligned data improves multimodal representation learning.

Chapter 5 extends this approach by integrating structured external knowledge bases and

implicit knowledge stored in large language models to improve reasoning capabilities, particularly

for open-ended tasks such as visual question answering.

Although weak supervision improves multimodal learning across static image-based tasks,

video understanding presents additional challenges due to temporal dependencies and the need for

sequential reasoning. The �nal part of this thesis explores how large language models can further

reduce annotation costs while improving model adaptability in video-based tasks.

Part III: Preference Learning for Video Understanding The third part of the thesis focuses on

using large language models to facilitate data-ef�cient learning in video-based tasks. Unlike static

image-text learning, video understanding requires capturing sequential dependencies and aligning

actions with human intent. By incorporating preference learning with large language models, we

can mitigate the need for extensive human annotations while improving the adaptability of the

model.

Chapter 6 introduces a preference learning framework that leverages large language models
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to align predictions with human expectations in video-based tasks such as instruction following,

captioning, and question answering. Learning from implicit signals rather than explicit labels

signi�cantly reduces annotation costs while improving model performance.

Summary of Contributions This thesis contributes to the �eld of multimodal learning by

reducing the reliance on labeled data through the use of human priors, weak supervision, and

preference learning. By transitioning from explicit supervision toward learning from broader, less-

curated sources, it presents a step-by-step approach for developing more ef�cient and adaptable

models. The �ndings support both theoretical progress and practical applications, paving the way

for more scalable and generalizable AI systems in real-word scenarios.
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Part I

Human Priors for Data Ef�ciency
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Chapter 2

Arabic Handwriting Recognition with

Human Prior Knowledge

This chapter explores the incorporation of human prior knowledge into the recognition of Arabic

handwriting. Speci�cally, the inherent dependence of a letter on its local context is utilized to

improve recognition accuracy. By modeling such contextual dependencies, this work demonstrates

how leveraging domain-speci�c priors can enhance the performance of handwriting recognition

systems while reducing reliance on extensive labeled data.

2.1 Overview

Handwritten text recognition has been a ubiquitous research problem in the �eld of computer

vision. Most existing approaches focus on the recognition of handwritten words without consider-

ing the cursive nature and signi�cant differences in the writing of individuals. In this paper, we

address these problems by leveraging an adaptive context-aware reinforced agent which learns the

actions to determine the scales of context regions during inference. We formulate our approach

in a reinforcement learning framework. Speci�cally, we construct the action set with a number

of context lengths. Given an image feature sequence, our model is trained to adaptively choose

the optimal context length according to the observed state. An attention mechanism is then

used to selectively attend the context region. Our model can generalize well from recognizing

isolated words to recognizing individual lines of text while remain low computation overheads.

We conduct extensive experiments on three large-scale handwritten text recognition datasets. The

experimental results show that our proposed model is superior to the state-of-the-art alternatives.
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Figure 2.1: Two samples from KHATT dataset. The shape of the same character�H (red) varies

under different surrounding context, while two different words ofA	K(blue) and 	à(green) share a

similar shape. Correctly inferring a character depends on its correlated characters which we denote

aslocal context. We refer to the number of adjacent characters needed to make an inference as

context length.

2.2 Motivation

Handwritten text recognition (HWR) is commonly used to extract natural languages from images.

It remains an open research problem, in which noisy, real-valued input streams are annotated with

strings of discrete labels, such as letters or words. Handwritten text recognition presents relevant

applications such as bank check reading, mail sorting, and content preservation of historical

documents. Due to the importance of these applications, it has attracted increasing research

attention in recent years.

Despite recent advances in scene text recognition [29, 52, 132, 209, 236], recognizing hand-

written text, due to the cursive nature of handwritten characters and signi�cant differences in the

writing of individuals, remains challenging. Several attempts using convolutional neural networks

(CNNs) [23, 121, 186] have been shown to produce impressively low error rates on handwritten

word datasets. However, these systems use �xed-size CNNs and focus on isolated words which

are rarely readily available in real world applications. Another general approach is to use recurrent

neural networks (RNNs) associated with connectionist temporal classi�cation (CTC) [82]. They

are capable of recognizing a line of text without word-level segmentation. Doetschet al [64] use

a stacked bidirectional long short-term memory (BLSTM) [83, 93] with PCA-based features. In a

recent German handwritten text recognition competition [201], the top methods use architectures

which generally consist of CNNs and RNNs and achieve remarkable performance. Blucheet

al [26] propose a MDLSTM-attention system to recognize handwritten text from paragraphs by

incorporating multi-dimensional LSTM [81] and attention mechanism. We are inspired by this

idea but propose signi�cant modi�cations.

One observation is that the reading order of characters is typically established by convention

(e.g., a primary order from right to left in Arabic scripts). Therefore, while LSTM is capable of
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capturing long-term dependencies in the handwritten text recognition task, the local context around

a target position is informative to determine a character, as illustrated in Figure 6.1. Characters

may rely on different scales of context region. For example, due to the cursive writing, inferring

the character in dash-line box may rely on the context in solid-line box. Meanwhile, within the

context region, the characters may contribute differently to the inference. Motivated by this, we

propose to introduce an adaptive context length selection and soft attention mechanism into the

handwritten text recognition task.

To address the above mentioned issues, we present a framework that treats context regions

localization as a decision making process, by which an agent would adaptively select a context

length according to the observed states. In our framework, we prepare a number of context

lengths as the action set. Choosing the context length is formulated as a reinforcement learning

framework. By applying a policy network, an agent learns to select the optimal length of context

region by analyzing the observed content. To keep the policy execution lightweight, we take all

the decisions in a single step which can be seen as an instantiation of associative reinforcement

learning [222]. Thus we maximize the negative loss as the global reward of our policy network.

We refer the proposed framework as Adaptive Context-aware Reinforced Agent. Our contribu-

tions are summarized as follows:

• We make the �rst attempt to address the handwritten text recognition problem in a rein-

forcement learning framework. By learning an adaptive context-aware reinforced agent, our

proposed model is capable of selectively attending context regions during inference.
• Unlike previous work on Arabic words recognition, we solve a more challenging task of

Arabic handwritten text line recognition.
• We show that our proposed model generalizes well from isolated words to text lines

recognition and achieves the state-of-the-art performances on several benchmarks.

Our paper is structured as follows. We �rst overview the recent research on handwritten text

recognition, attention mechanism, and reinforcement learning in Section 2.3. We then present

our model in Section 2.4, followed by a description of experiments in Section 2.5 and results in

Section 2.5. We conclude and present future directions in Section 5.7.

2.3 Prior Work

We �rst discuss widely used approaches for handwritten text recognition. We then discuss the

recent advances in attention mechanisms and reinforcement learning which our work builds on.

Handwritten Text Recognition. Traditional approaches to handwritten text recognition are

mainly focused on two key elements: the strategy to extract features and the way to decode the

output of the classi�ers to predict the sequence of characters [215]. Poznanskiet al [186] propose
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a CNN-N-Gram model to estimate the n-gram frequency pro�le given a handwritten word image.

Despite of the remarkable performance on several handwritten benchmarks, the manually de�ned

N-gram CNN model has a large number of output nodes which increases the training complexity.

Shiet al [209] propose a CRNN model to recognize text in the wild and is closely related to our

work. In their work, a CNN model is used to extract feature sequences from input images and a

recurrent network is built for making prediction for each frame of the feature sequence. While

their approach is designed for scene word recognition with a constrained image scale, our model

is focused on handwritten text recognition and can generalize from single word to text lines.

Attention Model . “Attention-based" methods have shown to be successful for machine transla-

tion [14], image caption generation [53, 261] and speech recognition [32, 54]. Attention-based

mechanisms can allow the model to learn alignments between different modalities. Many re-

searchers have explored different attention methods to solve the image-based text recognition task.

Denget al [61] propose a coarse-to-�ne attention mechanism to convert images into presentational

markup by constructing a sparse coarse attention to reduce the number of �ne attention cells. To

recognize the text in the wild, Leeet al [123] propose a R2AM model to selectively exploit image

features in a coordinated way by incorporating soft attention [261]. Blucheet al [26] propose

a multi-dimensional LSTM architecture associated with an attention mechanism to recognize

handwritten text in paragraphs without explicit segmentation. Different from previous work, we

follow the idea oflocal attention [162] which can be viewed as a blend between hard and soft

attention. Our model focuses on the local context around the target states and avoids the expensive

computation incurred in the soft attention. Thus, our model is scalable to images with long

character sequences. Mnishet al [173] proposes a recurrent neural network to extract information

from an image or video by adaptively selecting a sequence of regions or locations. Different from

their work, we focus on handwritten text recognition and attend different regions during training

and inference.

Reinforcement Learning. Reinforcement learning (RL) is to learn a policy network that deter-

mines certain actions under particular states. It is effective to optimize the sequential decision

problems. Recently, several attempts have applied RL to computer vision tasks [30, 104, 108, 147,

253, 283]. Zhaoet al [283] and Wuet al [253] explore deep RL to dynamically choose layers

of CNNs during inference.A video object segmentation model [108] is proposed to learn object

foreground-context regions by incorporating a reinforcement cutting-agent learning framework. In

our work, we adopt a policy network to select context regions to attend according to the observed

states during inference. Inspired by the BlockDrop model [253], we view our decision making

process as an instantiation of associative reinforcement learning where all the decisions are taken

in a single step.
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Figure 2.2: The framework of our proposed model. The policy network (PN) is trained to choose

an optimal context length from the action set according to the observed state. The attention

module then selectively attends to this context region and explicitly encode it into the local context.

The context captured by LSTM and the local context are simultaneously taken into consideration

during inference.

2.4 Context-aware Reinforced Agent

In of�ine handwritten text recognition tasks, the goal is to build a system which, given an

image, produces a prediction of the image transcription. Our insight is that it is bene�cial to

simultaneously leverage both local context (as illustrated in Fig. 6.1) and global context. The

key idea is that we adaptively select context region to attend during inference according to the

observed states. Fig. 2.2 shows an overview of our framework.

Formally, given a datasetS = f (I; z )g, I is an image andz is the textual transcription. We

take a raw image as input and encode it into a feature sequences, wherest is the state at time-step

t. We train an adaptive context-aware reinforced agent to predict the context length ofst . We then

derive the expectationct within the window size by leveraging the soft attention mechanism.ct is

applied as the adaptive local context during inference. Details of the model are demonstrated in

the following sections.

11



Visual Features Encoder

The visual features of an image are extracted from a fully convolutional neural network which

consists of max-pooling layers. We model it using the CNN network [209] for OCR from images

(Speci�cation is given in Table 2.1). The network takes the raw inputs and produces feature maps

that are robust and contain high-level descriptions of the input images. Suppose the feature maps

are of sizeD � H � W, whereD denotes the number of channels andH andW are the height

and width of the feature maps.

According to the translation invariance property of CNN, each column of the feature maps

corresponds to a local image region as the receptive �eld. The feature maps are then �attened into

a sequence with a length ofW, each of which hasD � H dimensions. Speci�cally, each feature

vector of the feature sequence is generated from left to right on the feature maps by column. We

denote the the visual feature sequence asv = ( v1; : : : ; vW ). We follow the same settings [209],

and �x the height of each columnH as a single pixel.

Restricted by the sizes of the receptive �elds, the feature sequence leverages limited image

contexts. We run a RNN over the feature sequenceV to model the long-term dependencies

within the sequence. Formally, a RNN is a parameterized function that recursively maps an input

vector and a hidden state to a new hidden state. At timet, the hidden state is updated with an

input vt in the following manner:ht = RNN (ht � 1; vt ; � ). For simplicity we will describe the

model as a RNN, but all experiments use the BLSTM. We denote the encoded states fromv as

h = h1; : : : ; hW .

Conv MaxPool Conv MaxPool Conv Conv MaxPool Conv Conv MaxPool Conv

3 � 3 2 � 2 3 � 3 2 � 2 3 � 3 3 � 3 2 � 2 3 � 3 3 � 3 2 � 2 2 � 2

num: 64 num: 128 num: 256 num: 256 num: 512 num: 512 512

sh:1 sw:1 sh:2 sw:2 sh:1 sw:1 sh:2 sw:2 sh:1 sw:1 sh:1 sw:1 sh:2 sw:1 sh:1 sw:1 sh:1 sw:1 sh:2 sw:1 sh:1 sw:1

ph:1 pw:1 ph:0 pw:0 ph:1 pw:1 ph:0 pw:0 ph:1 pw:1 ph:1 pw:1 ph:0 pw:1 ph:1 pw:1 ph:1 pw:1 ph:0 pw:1 ph:0 pw:0

Table 2.1: The CNN architecture con�guration.

Context Features Decoder

Considering the cursive and imprecise nature in the handwritten text recognition problem, our

insight is that explicitly encoded local context (as illustrated in Fig. 6.1) is complementary to

global context when determining observed states into characters. Given a feature sequence,

learning the context region localization agent would result in a nearly continuous decision-making

process. To simplify this problem, we discretize the context regions into an action set and leverage

a policy network to make decisions in selecting appropriate context regions.
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We introduce an adaptive context-aware agent to select and attend different context regions

given states at different time-steps. We �rst leverage a BLSTM to extract higher level of abstrac-

tions from the encoder outputss asst = RNN (st � 1; ht ; � ).

Adaptive Context-aware Reinforced Agent. Our method is based on Q-learning, a kind of

reinforcement learning, which focuses on how an agent ought to take actions so as to maximize

the �nal reward. The Q-learning model consists of anagent, statesand a set ofactions.

We adopts as the sequencestates. The searching action setA contains different context

lengths and is denoted asA = f d1; : : : ; dng, wheren is the number of context lengths. For an

inputst , we design a policy network to learn the expected adaptive context-aware reinforced agent,

which determines the action policya(st ) according to the observedst . Both thestateandaction

are �nite and discrete to ensure a relatively small searching space. Given a(st ; a(st )) , we adopt

the negative loss de�ned in Sec. 2.4 as our reward. Following the training strategy [253], we train

the policy network to predictall actions at oncewhich is different from the standard reinforcement

learning algorithms and is essentially a single-step Markov Decision Process (MDP) given the

input states. This can also be viewed as contextual bandit [122] or associative reinforcement

learning [222].

Formally, given a sequences, we de�ne an action policy as a multinomial distribution:

� W (ajs) =
TY

t=1

pat
t ; (2.1)

p = f pn(s; W); (2.2)

wheref pn denotes thepolicy networkparameterized by weightsW andp is the output of the

network after the softmax function. We denote the probability of the corresponding actionat

at time-stept aspat
t . To learn the optimal parameters of the policy network, we maximize the

following expected reward:

J = Ea� � W [R(a)]: (2.3)

To maximize Eqn. 2.3, we utilize policy gradient [222], one of the seminal policy search meth-

ods [60], to compute the gradients ofJ . The gradients can be derived as:

r W J = E[R(a)r W log� W (ajs)]; (2.4)

WhereW denotes the parameters of the policy network. We approximate the expected gradient in

Eqn. 2.4 with Monte-Carlo sampling using all samples in a mini-batch. To reduce variance [222]

in these gradient estimates, we utilize a self-critical baselineR(~u) as in [197] and Eqn. 2.4 can

thus be rewritten as:

r W J = E[(R(a) � R(~a))r W log� W (ajs)]; (2.5)
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where~a is de�ned as the maximally probable con�guration under the current policy. For example,

~a is the action fromA with the index ofargmax(pt ).

To further encourage exploration in policy searches, we adopt a parameter� to bound the

distributionp and prevent it from saturating. The modi�ed distributionp0can be formulated as:

p0 = � � p + (1 � � ) � (1 � p): (2.6)

The modi�ed distributionp0 is applied when we sample the action policies.

Local Attention. Since not every time-step of the sequence is relevant for the prediction, the

model should extract the salient parts. Our local attention mechanism selectively focuses on a

small window of context. In concrete details, given a predicted window sizeD at time-stept,

the source hidden states within the window are denoted ash[t � D
2 :t+ D

2 ]. We follow past empirical

work [162] and compute the attention weight vector as:

aatt = sof tmax (sT
t Wah[t � D

2 :t+ D
2 ]); (2.7)

whereWa is the projection vector which will be jointly trained with the model. Then the context

at time-stept is de�ned as an expectation ofs within the window of[t � D
2 : t + D

2 ]:

ct =
X

i

aatt
i hi : (2.8)

To take both the global context and explicitly encoded local context into consideration, we use the

concatenation ofst andct as the representation at time-stept.

In summary, our model works as follows:f pn is used to decide which window size to attend

conditioned on the input feature sequence. A prediction is generated by running a forward pass

and we aim to maximize the total expected reward, or equivalently minimize the negative expected

reward as our loss.

Transcription Layer

Transcription is a process of converting the per-frame predictions made by the decoder module

into a label sequence. Mathematically, transcription procedure is to �nd the label sequence with

the highest probability conditioned on the per-frame predictions.

In this section, We adopt Connectionist Temporal Classi�cation (CTC) [82] layer to transform

variable-width feature tensor into a conditional probability distribution over label sequence. The

probability ignores the position where each per-frame prediction is located and avoids the labor of

labeling positions of individual characters.

Formally, letL be the alphabet and̂L = L [ f�g where� is a blank character. Given an

input imageI , the generated predictions� = f � 1; : : : ; � T g, whereT is the sequence length and

14



� 2 R L̂ . The probability distribution over the alphabetL̂ is denoted asy = f y1; :::; yT g. We

denoteyt
� t

as the probability of generating label� t at time-stept. The sequence� may contain

blank characters and repeated labels. CTC de�nes a map functionB which maps� to a concise

representationl by removing blank characters and repeated labels (e.g., hhee–ll-lo–=hello).

Thus, the probability of� is de�ned asp(� jy) =
Q T

t=1 yt
� t

. The conditional probability of

observing the output sequencel is then given as:

p(l jy) =
X

� :B(� )= l

logp(� jy): (2.9)

Due to the exponentially large number of summation items, directly computing Eqn. 2.9 is

computationally infeasible. While Eqn. 2.9 can be ef�ciently computed using the forward-

backward algorithm [82].

2.5 Empirical Evaluation

Experimental Setup

In this section, we present our experiment setups by introducing the benchmarks, the experiment

settings and evaluation metrics used for evaluation.

Datasets. We present results on the commonly used handwritten text recognition benchmarks.

The datasets used are KHATT, IAM and RIMES, which contain images of handwritten Arabic,

English and French, respectively. We use the same network for all experiments and no language

speci�c information is needed except for the character set of each benchmark. A brief description

of these benchmarks is as follows.

The KHATT [164] database is an of�ine handwritten text recognition database of cursive

Arabic text documents. It contains2; 000 paragraphs by1; 000 writers. The paragraphs are

segmented into a total number of9; 327lines. The database is provided with line level annotations

and a standard data set splits.

The IAM [168] database is a handwritten text recognition database of mostly cursive English

text documents. The training set comprises747documents (6; 482 lines, 55; 081words), the

validation set116documents (976lines,8; 895words) and the test set336documents (2; 915

lines,25; 920words). The texts in this database typically contain50characters per line.

The RIMES [86] database contains more than60; 000words written by over1; 000authors in

French. This database has several versions with each one a super-set of the previous one. We use

the latest version presented in a ICDAR 2011 contest for our experiments.

Experiment settings. We follow the lexicon-based methods [7, 24, 70, 186] and use all the

dataset words, both train and test sets, as the lexicon. The model's predictions are compared with
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the actual image transcriptions. To ease comparison to other algorithms, we report using the same

measure commonly used in the respected benchmarks. On IAM and RIMES, we show our results

using WER and CER measures. Whereas on KHATT, images are annotated at line level which

makes the measure of WER infeasible. We report our results using CER calculated at sequence

level.

Different character sets are used for the benchmarks. More speci�cally, the character set

for IAM contains the lower and upper case Latin alphabet. Digits are not included as they are

rarely used in this dataset. For RIMES, the character set contains the lower and upper case Latin

alphabet, digits and accented letters. For KHATT, as the images are at line level, the character set

contains the Arabic alphabet, comma, dot, space and unknown letters.

Evaluation protocols. We apply our model to the test set and compare the predicted transcription

with the ground truth transcriptions. The performance can be measured by Word Error Rate

(WER) and Character Error Rate (CER). WER is the ratio of the reading mistakes calculated at the

word level. CER measures the Levenshtein distance normalized by the length of the ground-truth

word. That is, we measure the total number of substitutions, insertions and deletions that would

be required to turn the prediction sequence into the ground-truth one.

Implementation details. In our experiments, we binarize images by applying Otsu's method

[180]. The heights of images are scaled to32and the widths are proportionally scaled with heights.

The size of hidden states for encoder and decoder modules are set as128. We implement the neural

network using PyTorch. Parameter optimization is performed using the Adam algorithm [116] with

a batch size of32and a learning rate of0:01. To reduce the effects of “gradient exploding", we use

a gradient clipping of0:1 [182]. We insert batch normalization layer after each convolutional layer

to accelerate the training process. We empirically set values of actions asA = f 1; 5; 10; 15; 20g.

Training the network takes around20min on KHATT dataset using a single GPU TITAN X.

Results and Discussion

To evaluate the effectiveness of our proposed algorithm, we conduct an extensive set of experiments

on handwritten words recognition benchmarks. We also investigate the ablation studies on

handwritten text lines recognition benchmarks.

Handwritten word recognition task. We compare to the state of the art on IAM and RIMES

datasets in Table 2.2. Our model outperforms previous work by large margins on the handwritten

words recognition benchmarks. Wigingtonet al [249] reports two results with/without data

augmentation techniques on the test set. For a fair comparison, we compare the performance

under the same experiment settings by leveraging the training set only. As Shiet al [209] is

closely related to our work, we report the performance on two benchmarks. While their work is

focused on scene text recognition, it is still competitive compared to other previous work. Our
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model outperforms Shiet al [209] which indicates the adaptive context-aware reinforced agent

can help with recognizing handwritten words.

Database IAM RIMES

Model WER CER WER CER

Boqueraet al [70] 15.50 6.90 - -

Telecom ParisTech [85] - - 24.88 -

IRISA [85] - - 21.41 -

Jouve [85] - - 12.53 -

Kozielski et al [118] 13.30 5.10 13.70 4.60

Almazanet al [7] 20.01 11.27 - -

Messina and Kermorvant [170]19.40 - 13.30 -

Phamet al [184] 13.60 5.10 12.30 3.30

Blucheet al [24] 20.50 - 9.2 -

Doetschet al [64] 12.20 4.70 12.90 4.30

Blucheet al [25] 11.90 4.90 11.80 3.70

Shiet al [209] 6.74 3.75 4.23 2.10

Menasriet al (combined) [169] - - 4.75 -

Poznanskiet al [186] 6.45 3.44 3.90 1.90

Wigingtonet al [249] 7.18 3.93 3.84 1.82

Our work 5.45 3.10 2.97 1.45

Table 2.2: Comparison to previous methods on IAM and RIMES (ICDAR2011) datasets. Our

model achieves the state-of-the-art performance by large margins on both benchmarks. All

numbers are in percent.

Handwritten line recognition task. To test the scalability to long sequences (e.g., 60 characters

per sequence in KHATT dataset), we compare our model to the state-of-the-art algorithms on IAM

and KHATT benchmarks. Our models are trained and evaluated using full lines. The comparisons

are as shown in Table 2.3. We report the performance of Shiet al's work [209], as it is closely

related to our work and can be viewed as a baseline. Our model lowers the error rate by1:7%

compared to the baseline model. On IAM dataset, we compare our model to Blucheet al's work

which achieves remarkable performance on multi-line handwritten recognition [26]. Our model

outperforms their work on both line and isolated word recognition.

Ablation studies. To investigate the impact of our proposed model, we conduct an extensive

set of experiments. The �rst experiment is to validate if local attention mechanism outperforms

global attention over the full sequence. As shown in Table 2.3, the global attention performs worse
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on both benchmarks. One possible reason is that unlike other tasks (e.g., machine translation),

global attention introduces more noise when dealing with long sequences due to the imprecise

nature of handwriting. We then replace the adaptive context-aware reinforced agent with a single

�xed-size. The window size is empirically set as9, the median value of our action sets. This

modi�ed model performs better than the baseline while consistently worse than our proposed

model on both benchmarks.

Database IAM KHATT

Model CER CER

Shiet al [209] 6.20 8.65

Blucheet al (w/o attention) [26] 6.60 -

Blucheet al (w/ attention) [26] 7.00 -

Our work (w/ GA) 8.35 10.20

Our work (w/ �xed-size LA) 5.91 7.62

Our work (full model) 5.15 6.93

Table 2.3: Comparison to previous methods and ablation studies on IAM and KHATT datasets.

Our experiments are conducted on full lines instead of isolated words. All numbers are in percent.

GA: global attention, LA: local attention.

2.6 Summary

In this paper, we have made a pioneer effort to formulate handwritten text recognition in a

reinforcement learning framework and propose a novel adaptive context-aware reinforced agent

to tackle this problem. The proposed method can generalize well from isolated word recognition

to full lines recognition. Comprehensive experiments on commonly used benchmark datasets

demonstrate the effectiveness of the proposed method. In the future, we plan to extend this method

to multi-lines and paragraphs recognition without pre-segmentation.
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Chapter 3

Few-Shot Image Classi�cation with

Knowledge-Guided Data Augmentation

In this chapter, we address the challenge of data scarcity in few-shot image classi�cation tasks

by incorporating structured human prior knowledge into data augmentation strategies. The

assumption that similar objects exhibit similar behaviors is formalized to create synthetic samples,

enabling better generalization from limited data. This approach highlights the potential of

leveraging human intuition to enhance classi�cation models in data-constrained scenarios.

3.1 Overview

Learning to hallucinate additional examples has recently been shown as a promising direction

to address few-shot learning tasks. This work investigates two important yet overlooked natural

supervision signals for guiding the hallucination process – (i) extrinsic: classi�ers trained on hal-

lucinated examples should be close to strong classi�ers that would be learned from a large amount

of real examples; and (ii) intrinsic: clusters of hallucinated and real examples belonging to the

same class should be pulled together, while simultaneously pushing apart clusters of hallucinated

and real examples from different classes. We achieve (i) by introducing an additional mentor

model on data-abundant base classes for directing the hallucinator, and achieve (ii) by performing

contrastive learning between hallucinated and real examples. As a general, model-agnostic frame-

work, our dual mentor- and self-directed (DMAS) hallucinator signi�cantly improves few-shot

learning performance on widely-used benchmarks in various scenarios.
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Figure 3.1: Learning a hallucinator to generate useful examples for few-shot learning through

extrinsic and intrinsic supervision.

3.2 Motivation

To alleviate the reliance on large, labeled datasets for learning deep models, few-shot learning

has attracted increasing attention, with the goal of learning novel concepts from one, or only

a few, annotated examples [72, 73, 213, 233, 242]. Existing work tries to solve this problem

from the perspective of meta-learning [20, 203, 225], which is motivated by the human ability

to leverage prior experiences when tackling a new task. Unlike the standard machine learning

paradigm, where a model is trained on a set of examples, meta-learning is performed on a set

of “simulated” tasks, each consisting of its own support and query sets [233]. The support set

is used as the few-shot training data for the leaner, and the query set is used as the test data to

evaluate the leaner's quality. By sampling small support and query sets from a large collection of

labeled examples of base classes, meta-learning based approaches learn to extract task-agnostic

knowledge, and apply it to a new few-shot learning task of novel classes.

One notable type of task-agnostic (or meta) knowledge comes from the shared mechanism

of data augmentation orhallucinationacross categories [74, 204, 244, 280]. Since synthesizing

raw images is often challenging or sometimes unnecessary, recent work has instead focused on

hallucinating examples in alearned feature space[74, 204, 244, 255, 275, 280, 281]. This can be

achieved by, for example, integrating a “hallucinator” module into a meta-learning framework,

where it generates hallucinated examples guided by real ones from the support set [244]. The

hallucinator captures theintra-class variationshared across categories, which generalizes to

unseen classes. The learner then uses an augmented training set, which includes both the real and

the hallucinated examples to learn classi�ers. The hallucinator is meta-trained end-to-end with the

learner, through back-propagating a classi�cation loss based on ground-truth labels of query data.

Despite the success of prior approaches, we argue that solely using the classi�cation loss on the

small query setas supervision is insuf�cient to adjust the hallucinator to produce effective samples
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in the few-shot regime. Therefore, the performance of the classi�ers trained on hallucinated

examples is still substantially inferior to that of the classi�ers trained on real examples [57, 210].

To overcome this challenge,our key insightis that there aretwo important yet under-explored

natural signalsfor guiding the data generation process –extrinsic and intrinsic supervision. This

work explores how to leverage such supervision to enable hallucinating examples in a way that

helps the classi�cation algorithm learn better classi�ers.

The �rst source of supervision is an extrinsic signal from large-sample learning. As

illustrated in Figure 3.1, to be most helpful as a hallucinator, a classi�er trained on the hallucinated

examples (which are generated from a small support set of real samples) is expected to beclose

to a strong classi�er that would be trained on a large amount of real examples . This extrinsic

signal from large-sample learning is a natural source of supervision for few-shot learning, but it

has been largely overlooked in prior work. While we have very little data on novel classes, wedo

have a large number of real examples on base classes. Therefore, on base classes we introduce a

“mentor” model, which is a strong classi�er pre-trained on all the available large amount of real

examples. Correspondingly, the classi�er trained on hallucinated examples along with few real

support examples becomes the “student.”

We now minimize the discrepancy between the student and mentor classi�ers. A straightfor-

ward approach would be minimizing the distance between the two classi�ers in the parameter

space [33, 242, 243], which tends to be dif�cult and noisy due to the lack of suitable metrics.

Hence, we instead encourage the output predictions from the student classi�er (e.g., the distri-

bution of class probabilities) to be similar to those predicted by the mentor on the query set.

This way of learning is reminiscent of knowledge distillation [92]. By doing so, the hallucinator

explicitly learns how to produce examples that enable the student classi�er to mimic the behavior

of the mentor. Note thatthe student-mentor pairs are only used for meta-training on base classes;

there are no mentor classi�ers for meta-testing on novel classes.

In practice, the student and mentor classi�ers could be quite different from each other at the

beginning of the training, if the mentor is produced by a large amount of real examples while the

student has access to only few real examples. To address this issue, we proposea progressive

guidance schemeinspired by curriculum learning [21], and explore twodual directions – (1)

we start with a mentor and a student, both trained on a small number of real examples, and we

graduallystrengthenthe mentor by re-training it with increasing number of real examples; and (2)

we start with a mentor and a student, both trained on a large number of real examples, and we

graduallyweakenthe student by removing its real examples. During both of the processes, the

hallucinator is also trained progressively.

The second source of supervisionis theintrinsic label consistency between hallucinated and

real examples. As illustrated in Figure 3.1, hallucinated and real examples belonging to the same
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class should be pulled together, while simultaneously pushing apart clusters of hallucinated and

real examples from different classes. However, without appropriate constraints, the hallucinated

examples might be noisy and spread over across class boundaries (e.g., a hallucinated dog example

resides within the cat cluster). To this end, we formulate the problem assupervised contrastive

learning, inspired by recent progress on self-supervised learning [43, 90, 112, 252]. We treat

hallucinated and real examples as different views of the data, and generate the positive and

negative pairs correspondingly. For example, the positives are drawn from both hallucinated and

real samples of the same class. Note that different from conventional contrastive learning that

learns an embedding space (where the data augmentation is pre-de�ned), we use the contrastive

loss to self-direct the hallucinated examples in the right class cluster or manifold (where is the

feature space is pre-trained).

As shown in Figure 3.1, during meta-training, we sample a few-shot task (e.g., 2-way 2-shot

classi�cation) onbase classes(Fig. 3.1a).Extrinsic supervision: The desired classi�er for this

task is the (dashed) one that would be learned from a large set of real examples (Fig. 3.1b). We

explicitly introduce this strong classi�er as “mentor” (abundant examples are available for base

classes). We then learn the hallucinator in a way that minimizes the discrepancy between the (solid)

“student” classi�er (trained on hallucinated examples together with the few real examples) and

the (dashed) mentor classi�er (Fig. 3.1c).Intrinsic supervision: Through contrastive learning,

clusters of hallucinated and real examples belonging to the same class are pulled together (! ),

while simultaneously pushing apart ($ ) clusters of hallucinated and real examples from different

classes (Fig. 3.1c). During meta-testing, we use themeta-trained, �xedhallucinator to generate

additional examples as augmentation for learning classi�ers onnovel classes. Real examples as

light diamonds, hallucinated examples as dark triangles, and classi�ers as solid or dashed lines.

Our contributions are three-fold. (1) By jointly leveraging thecomplementaryextrinsic

and intrinsic supervision, we develop a general meta-learning with hallucination framework. (2)

We not only extract shared knowledge across a collection of few-shot learning tasks, similar

to most existing meta-learning methods, but alsoprogressivelyexploit extrinsic knowledge in

large-sample models trained on base classes as mentorto guide hallucination and few-shot

learning. (3) Through a contrastive learning process, the hallucinated examples are self-directed

to maintain the intrinsic label consistency with real examples. Our dual mentor- and self-directed

(DMAS) hallucinator ismodel-agnostic, which cangenerate data in different feature spaces and

can be combined with different classi�cation modelsto consistently boost their few-shot learning

performance on a variety of benchmarks, including ImageNet1K [88, 244], miniImageNet [193,

233], tieredImageNet [195], and CUB [235].
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3.3 Prior Work

Generative Models.Generative models have recently shown great potential as a way of data

augmentation for few-shot learning [10, 74, 244, 280] and semi-supervised learning [57], but the

improvement of recognition performance is still limited [210]. The generation can be performed

either in image space [50] or in a pre-trained feature space [88], by using an auto-encoder architec-

ture [204], GAN-like generator [244], or the combination of GANs and auto-encoders [254, 255].

Our work is independent of these different types of generators, and we focus primarily on how

to train the generator to improve its use for recognition tasks by leveraging large amounts of

auxiliary data and self-supervision.

Few-Shot Learning and Meta-Learning.Meta-learning, or the ability tolearn to learn[225],

is a powerful framework for tackling the problem of learning with limited data. Most of modern

approaches fall into one of the categories between optimization and metric learning based methods.

Optimization based methods learn how to do fast adaptation to novel tasks, by learning appropriate

parameter updates [193] or a general initialization [73]. Adaptation could be done in the original

feature space [11, 12, 73] or in an embedded space [199]. Prior work on few-shot domain

adaptation [113, 200] learns how to balance cross-domain clustering that is domain invariant.

Metric learning methods focus on learning a similarity metric [117]. Several distance functions

have been explored, from the Euclidean distance [6, 213] and the cosine distance [44, 69, 76] to

more complex parametric functions and metrics [142, 221, 233, 273], or using an additional task-

speci�c metric [179]. Most methods often treat each category separately without considering the

relations between them. Graph neural networks are thus introduced to leverage those relations [77,

114, 202]. To conduct meta-learning more effectively, recent approaches often �rst compute a set

of features of the images using a trained feature extractor network. Given that high-dimensional

features have better modeling capacity but are computationally expensive to work with, each

meta-learning task is then formulated as a convex optimization problem and solved in its low-

dimensional dual space [22, 126]. Our hallucinator component is generic and can be integrated

into different meta-learning methods.

Teacher-Student Networks.Learning a model under the guidance of a teacher or mentor

model has been widely used for model compression. Compressing one cumbersome or several

models into a smaller model is a classic idea [28, 65] and has been popularized by the distillation

formulation in [92]. Recent work focuses on advanced techniques to guide the distillation

process [3, 171, 262] and its applications to practical problems, such as object detection [247, 259]

and distributed machine learning [8]. In addition, knowledge distillation has been extended to

address other tasks, including multi-task learning [224] and continual learning [146, 205]. To the

best of our knowledge, our work is the �rst to introduce a mentor network for learning recognition

task oriented generative models. Importantly, different from existing work that addresses models
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of different capacity, we considermodels of the same capacity but trained on real or synthetic

data.

Contrastive Learning. Powerful self-supervised representation learning approaches have

recently been developed in image domain via manually speci�ed pretext tasks. Examples include

auto-encoding methods which leverage contexts [183], channels [279], and colors [278] to recover

the input under some corruption. Some pretext tasks form pseudo-labels by relative patch

locations [63], image rotations [78], and jigsaw puzzles [176]. These pretext tasks are collected

under the umbrella of the contrastive learning framework, which maintains the relative consistency

between the representations of an image and its augmented views [43, 46, 84, 90, 177, 226, 252,

267, 271]. In our work, we treat hallucinated and real examples as different views of the data

and use the contrastive loss to self-direct the hallucinated examples in the right class cluster or

manifold.

(a) Meta-training on base classes (b) Meta-testing on novel classes

Figure 3.2: Overview of our dual mentor- and self-directed hallucinator “DMAS,” learned through

extrinsic and intrinsic supervision. Real examples as diamonds, hallucinated examples as triangles.

3.4 Dual Mentor- and Self-Directed Hallucinator

Few-Shot Learning Setting. We are given a set of base categoriesCbase and a set of novel

categoriesCnovel, whereCbase \ C novel = ; . We have a base datasetDbase with a large amount of

annotated training examples per class and a novel datasetDnovel with only few annotated training

examples per class. Few-shot learning aims to learn a good classi�cation modelh for Cnovel based

on the small datasetDnovel. Recent work achieves this through a meta-learning procedure [233],

which learns from a collection of sampled few-shot classi�cation tasks onCbase. Given a set

of categoriesC and a set of dataD, anm-way k-shot task is composed of a subsetCsub of m

categories fromC, a support (training) setSsupp of k examples fromD for each class inCsub, and
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a query (test) setSquery of one or few examples fromD for each class inCsub. Meta-learning is

performed in two phases as follows.

During meta-training, a classi�er learns from a collection ofm-way k-shot tasks sampled

from Cbase andDbase. While our work is agnostic to different classi�cation models, here we

take a simple cosine classi�er [44] as an example – a variant of prototypical networks [213]

which uses the cosine instead of the standard Euclidean distance function. In each iteration, we

compute a prototype representation for each class inCsub. Each example is fed to an embedding

function f � with learnable parameters� . The prototype of classc is the mean of the outputs

throughf � of examples fromc in Ssupp. We then feed the examples inSquery to the classi�er and

update the parameters� . Duringmeta-testing, we use the same approach and build our previously

meta-learned classi�er with one uniquem-wayk-shot task, usingCnovel instead ofCbase andDnovel

instead ofDbase. We evaluate the �nal classi�er on unseen examples with labels fromCnovel.

Meta-Learning with Hallucination. Incorporating a generative model which produces

additional examples for data augmentation has been shown to facilitate meta-learning [74, 204,

244]. While our approach does not rely on speci�c types of generative models, here we focus on

thefeature hallucinatorin [244], due to its simplicity and state-of-the-art performance, which

is implemented as a light-weight multi-layer perceptron (MLP) module. The hallucinator is

a functionG(x; z; w) : R d+ dnoise ! R d that produces examples in a pre-trained feature space

of dimensiond, wherex is the feature vector of a real example,z is a random noise vector

of dimensiondnoise sampled from a Gaussian distribution, andw is the parameters ofG. The

hallucinated exampleG(x; z; w) is of the same category asx.

Now the procedure of meta-learning integrated with the hallucinatorG is illustrated in Fig-

ure 3.2. During each iteration of meta-training, the support setSsupp is �rst augmented by a

generated setSG
supp. Speci�cally, for each classy, we samplekgen

train examples(x; y) in Ssupp,

sample associated random noise vectorsz, and then add(x0; y) to SG
supp, wherex0 = G(x; z; w).

Our �nal support training set isSaug
supp = Ssupp [ S G

supp. As long asG is differentiable with

respect to the generated setSG
supp, the gradients of the �nal classi�cation loss onSquery can be

back-propagated intoG to produce useful hallucinated examples. Through meta-training over

a large amount of iterations, the hallucinator learns to capture shared modes of variation across

different classes and can thus generalize to unseen classes. During meta-testing, we use the

learnedG to generate additional examples for recognizing categories inCnovel.

Hallucination with Extrinsic Guidance from Mentor. The end-to-end optimization of the

classi�cation loss enables the hallucinator to produce useful examples in the few-shot regime.

However, since the classi�cation loss is computed onsmall query sets, such supervision solely

is insuf�cient to adjust the hallucinator to producediscriminativeexamples that most contribute

to formulating classi�er decision boundaries. Hence, the resulting classi�er trained on the
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hallucinated examples could be still far away from the desired classi�er that would be learned

from a large set of real examples. This makes it critical to close the gap between these two

classi�ers. In fact, during meta-training, a large amount of annotated examples are already

available for the base categoriesCbase, which allows us to explicitly obtain the classi�er trained on

a large set of examples and use it to guide the learning of the hallucinator.

Formally, we treat the classi�er trained on the augmented set of the hallucinated examples and

the few support examples as astudent model, and we treat the classi�er trained on a large set of

real base examples as amentor model. Our goal then is to learn the hallucinator by minimizing

the discrepancy between the student classi�er and its mentor model. While a naïve approach

would be to directly characterize the difference between their model parameters, it turns out to be

challenging due to the high dimensionality of the parameter space. Inspired by the teacher-student

network [92], we instead enforce the student to mimic the distribution of class probabilities

predicted by the mentor network, which can be viewed as a way of regularization to improve the

generalization performance of the student model [172].

As shown in Figure 3.2, meta-training the hallucinatorG is conducted in the following way.
We �rst sample alarge set of examplesSlarge with klarge examples per class inCbase and train
a mentor classi�er using all the examples inSlarge. During each iteration of meta-training, we
augmentSsupp by generating new examples using the hallucinatorG. We train the student classi�er
onSaug

supp through the knowledge distillation loss function in [92]:

L ex(s; m; y) = L CE (� (s); ey) + �� 2
1 L CE (� (

s
� 1

); � (
m
� 1

)) ; (3.1)

which consists of a standard cross-entropy loss (the �rst term) and an additional component that

measures the difference between student and mentor outputs (the second term).s andm are the

logits produced by the student and the mentor, respectively, for a test example of labely in Squery .

� denotes the softmax function,L CE denotes the cross-entropy loss,ey is the one-hot encoding of

y, and� is a trade-off hyper-parameter that balances the two terms. Note that� 1 > 0 is a critical

learnableparameter calledtemperature, which smooths the probability distribution produced by

the mentor and makes the corresponding decision boundary easier to learn for the student than the

original one.

Self-Directed Learning with Intrinsic Label Consistency. While the hallucinated examples

directed by the extrinsic mentor are useful, without other constraints they might spread over across

class boundaries and thus be noisy. Inspired by supervised contrastive learning [112], we enforce

intrinsic label consistency between hallucinated examples and real examples.

Formally, suppose we sampleN real examples per mini-batch and generateM hallucinated

examples, resulting in a batchI of M + N examples. Given an anchor examplex i , P(i ) is the

set of indices of all positives in the batch distinct fromi andA(i ) � I nf ig. The supervised
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contrastive loss is de�ned asL in = 1
M + N

P M + N
i =1 L i and

L i = �
1

jP(i )j

X

p2 P (i )

log
exp(x i � xp=�2)

P
a2 A(i ) exp(x i � xa=�2)

; (3.2)

where� 2 > 0 is a temperature parameter andjP(i )j is its cardinality. This loss allows the real

and hallucinated examples from the same classes to attract mutually, while they repel the other

examples from different classes in the mini-batch.

Thus, our dual mentor- and self-directed hallucinator can be derived from Eqn. 3.1 and Eqn. 3.2

as

L = L ex + � L in ; (3.3)

where� is a trade-off hyper-parameter that balances the two terms. Minimizing Eqn. 3.3 over

Squery thus guides the hallucinator towards producing useful examples that help the student

classi�er recover the decision boundary from the mentor model.

Progressive Guidance from Mentor Model

Under the framework of meta-learning with extrinsic guidance, a straightforward way is to build

the mentor model by usingklarge as large as possible (potentially the full set ofDbase) and keep it

�xed, and to train the hallucinator and student classi�er using only few real examples. By doing

so, however, we face the problem that the decision boundaries obtained by those two models

could be very far from each other at the beginning of the training, making the learning of the

hallucinator dif�cult. To address this issue, we perform the learning process in a progressive

manner withvariednumber of real examples. We start with a mentor and a student which have

access to anot too differentnumber of real examples, and then progressively change the number

of examples, so that the decision boundaries transform in a smooth manner. Concretely, this can

be achieved in the following twodualdirections.

Progressive Guidance by Strengthening the Mentor.In this setting, both the student and

the mentor start with a small number of real examples. However, the number of real examples

for the mentorgradually increases over the training. The objective for the hallucinator then is

to learn to generate additional examples so that its corresponding student can alwaysmatchthe

performance of the mentor, whenever the mentor is re-trained with more samples and becomes

stronger. More speci�cally, during meta-training, the support setSsupp of each few-shot task is

composed of very few examples per class,ktrain , as in regular meta-training. At the beginning, we

sampleSlarge, with klarge being set to the value ofktrain . We then progressively sample new real

examples in the same amount for each class and add them intoSlarge. klarge grows fromktrain to

kmax in a linear or logarithmic scale, wherekmax is the maximum available number of examples

per class inDbase. We re-train the mentor model every time we add new examples.

27



Figure 3.3: Illustration of progressive guidance by weakening the student classi�er in the case of

recognizing two classes.

Progressive Guidance by Weakening the Student.In this setting, both the student and

the mentor start with a large number of real examples. However, wegradually removethe real

examples for the student over the training. The objective for the hallucinator then is to learn to

generate the missing examples based on the remaining real examples. This allows the student to

preserve or stabilizethe original decision boundary formulated by the large set of examples (i.e.,

the mentor boundary), when the student has access to less real examples and becomes weaker.

More speci�cally, during meta-training, the support setSsupp of each “few-shot” task is composed

of a large number of examples per class, unlike regular meta-training. This number of examples

per class inSsupp, ktrain , decreases in a linear or logarithmic scale, until it reaches a small value.

As shown in Figure 3.3, we start with a large number of real examples for both the student and

the mentor, and learn the corresponding mentor model (the leftmost image). We thengradually

removethe real examples for the student over the training. The hallucinator learns to generate

additional examples based on the remaining real examples topreservethe mentor decision

boundary (the middle two and rightmost images).

3.5 Empirical Evaluation

We now present experiments to evaluate our dual mentor- and self-directed (DMAS) hallucinator

on few-shot classi�cation, and study the effect of progressive guidance from extrinsic and intrinsic

supervision. Since DMAS is agnostic to the choice of classi�cation models, we validate its

generalizability to different types of features and various meta-learning models. In particular, we

focus on simple cosine classi�ers, which have been recently shown to achieve very competitive

few-shot performance [44].

Datasets. We evaluate on four widely-used datasets: (1)miniImageNet [193, 233], with

64, 16, and20 classes for meta-training, meta-validation, and meta-testing, respectively; (2)

tieredImageNet [195], with 20, 6, and8 super-classes for meta-training, meta-validation, and
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Method Backbone
miniImageNet tieredImageNet

k=1 5 k=1 5

Cosine Classi�er [44] ResNet12 55.43� 0.81 77.18� 0.61 61.49� 0.91 82.37� 0.67

TADAM [179] ResNet12 58.50� 0.30 76.70� 0.30 – –

ECM [194] ResNet12 59.00� – 77.46� – 63.99� – 81.97� –

TPN [156] ResNet12 59.46� – 75.65� – 59.91� 0.94 73.30� 0.75

PPA [188] WRN-28-10 59.60� 0.41 73.74� 0.19 – –

ProtoNet [213] ResNet12 60.37� 0.83 78.02� 0.57 65.65� 0.92 83.40� 0.65

wDAE-GNN [77] WRN-28-10 61.07� 0.15 76.75� 0.11 68.18� 0.16 83.09� 0.12

MTL [218] ResNet12 61.20� 1.80 75.50� 0.80 – –

LEO [199] WRN-28-10 61.76� 0.08 77.59� 0.12 66.33� 0.05 81.44� 0.09

DC [148] ResNet12 62.53� 0.19 79.77� 0.19 – –

MetaOptNet [126] ResNet12 62.64� 0.82 78.63� 0.46 65.99� 0.72 81.56� 0.53

FEAT [266] ResNet24 62.96� 0.20 78.49� 0.15 – –

MatchingNet [233] ResNet12 63.08� 0.80 75.99� 0.60 68.50� 0.92 80.60� 0.71

CTM [131] ResNet18 64.12� 0.82 80.51� 0.13 68.41� 0.39 84.28� 1.73

RFS [227] ResNet12 64.82� 0.60 82.14� 0.43 71.52� 0.69 86.03� 0.49

DeepEMD [273] ResNet12 65.91� 0.82 82.41� 0.56 71.16� 0.87 86.03� 0.58

DMAS (Ours) ResNet12 67.42� 0.28 83.74� 0.20 73.54� 0.73 86.27� 0.47

(a) Test accuracy (%) on the novel classes forminiImageNet

andtieredImageNet. �̀ ' indicates95%con�dence intervals

over tasks.

Method Backbone k=1 5

ProtoNet [213] ResNet1266.09� 0.92 82.50� 0.58

RelationNet [44, 221]ResNet3466.20� 0.99 82.30� 0.58

DEML [? ] ResNet5066.95� 1.06 77.11� 0.78

MAML [44] ResNet3467.28� 1.08 83.47� 0.59

Cosine Classi�er [44] ResNet1267.30� 0.86 84.75� 0.60

MatchingNet [233] ResNet1271.87� 0.85 85.08� 0.57

DeepEMD [273] ResNet1275.65� 0.83 88.69� 0.50

DMAS (Ours) ResNet1278.47� 0.62 90.67� 0.39

(b) Test accuracy (%) on the novel

classes for CUB. `� ' indicates95%con-

�dence intervals over tasks.

Method Backbone k=1 2 5 10

ProtoNet [213] ResNet10 39.3 54.4 66.3 71.2

ProtoNetGen[244] ResNet10 45.0 55.9 67.3 73.0

MatchingNet [233] ResNet10 43.6 54.0 66.0 72.5

Logistic regression [88] ResNet10 38.4 51.1 64.8 71.6

Logistic regressionAnalogies[88] ResNet10 40.7 50.8 62.0 69.3

Prototype Matching NetGen[244] ResNet10 45.8 57.8 69.0 74.3

Cosine Att. Weight [76] ResNet10 46.0 57.5 69.1 74.8

DMAS (Ours) ResNet10 46.5 58.3 69.7 75.1

(c) Top-5 accuracy (%) for311-

way novel-class classi�cation on Ima-

geNet1K.The 95% con�dence inter-

vals for all number are of the order of

0.2%.

Table 3.1: Comparisons with state of the art on four widely-benchmarked few-shot classi�cation

datasets.With simple cosine classi�ers, our DMAS signi�cantly and consistently outperforms all

the baselines (including sophisticated classi�cation models) across the board.

meta-testing, respectively; (3) ImageNet1K [88, 244], with 193base and300novel classes for

cross-validation and196base and311novel classes for evaluation; (4) Caltech-UCSD Birds-

200-2011 (CUB) [235, 266], with 100, 50, and50classes for meta-training, meta-validation, and

meta-testing, respectively.

Implementation Details. For a fair comparison with previous work, we employ ResNet10 as

our model backbone for ImageNet1K [244] and ResNet12 as our model backbone for the other

three datasets [273]. As is commonly implemented in the state-of-the-art work, we follow the

feature pre-training step [273]. We �rst train a convolutional network based feature extractor on

the base classes. Then we extract and save these features to disk, and use these pre-computed

features as inputs for meta-learning. We follow the feature hallucinator architecture in [244] and

use a three layer MLP with ReLU as the activation. The embedding functionf � of our cosine

classi�er is a two layer MLP.
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During progressive guidance by weakening the student, we start training the mentor with

klarge = 256, and we decrease the number to 1 in a logarithmic scale over12; 000 iterations.

We initialize the learnable parameters including the temperature� 1 to 7, the scale factor of the

cosine distance to75, and the temperature� 2 to 0:07. As the performance is not sensitive to

trade-off hyper-parameters� and� , we empirically set them to5 and1, respectively. The number

of hallucinated examples is a hype-parameter ranging from2 � 10. The saturation point of

hallucinated examples on improving performance is typically 6. For ImageNet1K, we follow the

settings in [244] and average over5 pre-determinedk-shot (i.e., k = 1; 2; 5; 10) tasks. We report

the mean top-5 accuracy and the95%con�dence intervals for all number are of the order of0:2%.

For the other datasets, we average over1; 000randomly sampled tasks and report the accuracies

and the95%con�dence intervals.

Method Feature k=1 2 5 10

Cosine Classi�er (baseline) Standard 37.8 51.0 65.5 72.5

Cosine Classi�erGen(baseline) Standard 42.6 53.9 66.4 72.6

Cosine Classi�erDMAS w/ in Standard 43.4 54.7 67.1 73.5

Cosine Classi�erDMAS w/ ex Standard 44.5 56.2 68.6 74.2

Cosine Classi�erDMAS w/ ex" Standard 44.3 56.3 68.8 74.2

Cosine Classi�erDMAS w/ ex# Standard 45.4 56.7 68.8 74.8

Cosine Classi�er DMAS (full) Standard 46.5 58.3 69.7 75.1

Table 3.2: Ablation studies (top-5 accuracy) on ImageNet1K311-wayclassi�cation.

Comparisons with State of the Art. We compare our model with the state-of-the-art methods.

We report5-way 1-shot and5-way 5-shot performance on three benchmarks:miniImageNet,

tieredImageNet, and CUB, and311-way k-shot on ImageNet1K. The results are summarized

in Table 3.1. Under the same backbones, our model consistently achieves the best performance

on all the datasets and across different sample-size regimes, even outperforming sophisticated

methods, such as the attention based classi�er `Cosine Att. Weight' [76] and DeepEMD [273].

In particular, our1-shot model outperforms state-of-the-art methods by signi�cant margins,e.g.,

1:5%onminiImageNet,2%on tieredImageNet, and2:8%on CUB.

Ablation Analysis. To unpack the performance gain and understand the impact of different

components, we perform a series of ablations on the challenging ImageNet1K dataset. Tables 3.2

summarizes the top-5 accuracies and the95%con�dence intervals for all number are of the

order of0:2%: : (1) different pre-trained feature spacesfor hallucination – `standard' (the

feature backbone is a ResNet10 pre-trained using a standard cross-entropy linear classi�er on

base classes) vs. `cosine' (the ResNet10 feature backbone is pre-trained using a cosine classi�er);

(2) different types of classi�ers – prototypical net vs. cosine classi�er; (3)impact of different
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Method k=1 5

ProtoNet [213] 50.01� 0.82 72.02� 0.67

MatchingNet [233] 51.65� 0.84 69.14� 0.72

Cosine Classi�er [44] 44.17� 0.78 69.01� 0.74

Linear Classi�er [44] 50.37� 0.79 73.30� 0.69

KNN [141] 50.84� 0.81 71.25� 0.69

DeepEMD [273] 54.24� 0.86 78.86� 0.65

DMAS (Ours) 63.72� 0.29 81.24� 0.20

Table 3.3: Cross-domain evaluation (miniImageNet! CUB). Our model outperforms other

baseline methods by large margins, showing the generalization of our learned hallucinator.

sources of supervision and progressive training. w/ aug: with standard data augmentation.

Gen: with a plain hallucinator [244] trained using the classi�cation loss on the query set solely.

DMAS w/ ex: DMAS trained only under the guidance of the mentorwithout progressive training.

DMAS w/ ex" : progressive guidance throughstrengthening the mentor. DMAS w/ ex#: progressive

guidance throughweakening the student. DMAS w/ in: DMAS trained only in a self-directed

way through contrastive learning.DMAS (full): trained under both (progressively) extrinsic and

intrinsic supervision.

Robust to different types of pre-trained features and classi�ers.Table 3.2 shows that DMAS

can effectively hallucinate data in different types of pre-trained feature spaces and can work with

different types of classi�ers. Notably, DMAS achieves the best performance in ahomogeneous

setting, where the feature is pre-trained by using a cosine classi�er and the �nal classi�cation

model is also a cosine classi�er.

Extrinsic guidance from mentor. From Table 3.2, we can observe that DMAS signi�cantly

outperforms baselines by bene�ting from the extrinsic guidance of the mentor. There are5:8%

improvement when combining with the prototypical network and6:7% improvement when

combining with the cosine classi�er. More importantly, DMAS outperforms the plain halluci-

nator [244] which is trained using the classi�cation loss only. Note that both the baselines and

DMAS use the same amount of data for meta-training on base classes.

Intrinsic supervision.Table 3.2 also shows that DMAS trained only with the intrinsic su-

pervision already outperforms the baselines. The improvement is more pronounced when there

are very few examples,e.g., 5:6% improvement whenk = 1. This implies the importance of

preserving the label consistency between hallucinated and real examples. In addition, the full

DMAS model achieves the best performance, demonstrating thatthe extrinsic supervision and the

intrinsic supervision are complementary to each other.

Strengthening the mentor vs. weakening the student.We compare two directions for progres-
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Method Backbone k=1 5

MetaOptNet [126] ResNet12 62.64� 0.61 78.63� 0.46

MetaOptNet +Gen[244] ResNet12 63.46� 0.43 80.02� 0.28

MetaOptNet + DMAS (Ours) ResNet12 64.55� 0.64 80.42� 0.46

S2M2 [165] WRN-28-10 63.90� 0.18 81.03� 0.11

S2M2 +Gen[244] WRN-28-10 63.37� 0.56 81.23� 0.19

S2M2 + DMAS (Ours) WRN-28-10 65.35� 0.63 83.55� 0.41

DeepEMD [273] ResNet12 65.91� 0.82 82.41� 0.56

DeepEMD +Gen[244] ResNet12 64.73� 0.30 79.92� 0.21

DeepEMD + DMAS (Ours) ResNet12 67.42� 0.28 83.74� 0.20

Table 3.4: Ablation study on the generalizability of our approach and additional comparisons

with state of the art onminiImageNet. Our DMAS hallucinator isgeneral and can work with

different types of classi�cation models and different backbone modelsto consistentlyimprove

their performance. In addition, DMAS consistently outperforms the plain hallucinator [244].

sive guidance by strengthening the mentor (w/ ex" ) and weakening the student (w/ ex#). We use a

logarithmic scale when changing the number of examples on which the student or mentor model

is trained [217, 243]. As shown in Table 3.2, both directions outperform the normal guidance

without progression (w/ ex), and weakening the student achieves better results. It comes from the

fact that, if both mentor and student start being weak, the learning problem could actually be hard

due to the high variance of both mentor and student.

Figure 3.4: Visualization with t-SNE of the evolution of the decision boundary for twonovel

classes, when meta-training our DMAS hallucinator through progressive guidance by weakening

the student.Best viewed in color with zoom.

Comparisons with standard data augmentation.Table 3.2 shows that our learned data hal-

lucination outperforms meta-learning with standard hand-crafted data augmentation (`w/ aug'),

which includes random crop, random horizontal �ip, and color jittering as in [44], indicating the

importance of exploiting shared intra-class variation.

Cross-Domain Evaluation.So far, we have focused on the within-domain scenario. Now

we consider the cross-domain scenario, which allows us to investigate the generalization of our

32




	1 Introduction
	1.1 Motivation of Research
	1.2 Thesis Organization

	I Human Priors for Data Efficiency
	2 Arabic Handwriting Recognition with Human Prior Knowledge
	2.1 Overview
	2.2 Motivation
	2.3 Prior Work
	2.4 Context-aware Reinforced Agent
	2.5 Empirical Evaluation
	2.6 Summary

	3 Few-Shot Image Classification with Knowledge-Guided Data Augmentation
	3.1 Overview
	3.2 Motivation
	3.3 Prior Work
	3.4 Dual Mentor- and Self-Directed Hallucinator
	3.5 Empirical Evaluation
	3.6 Summary


	II Weak Supervision for Multimodal Representation Learning
	4 Learning Generalizable Representations from Image-Text Pairs
	4.1 Overview
	4.2 Motivation
	4.3 Prior Work
	4.4 Vision-Language from Captions
	4.5 Empirical Evaluation
	4.6 Understanding the Models
	4.7 Summary

	5 Open-Ended Visual Question Answering with External and Implicit Knowledge
	5.1 Overview
	5.2 Motivation
	5.3 Prior Work
	5.4 Knowledge Augmented Transformer
	5.5 Empirical Evaluation
	5.6 Understanding the Models
	5.7 Summary


	III Preference Learning for Video Understanding
	6 Preference Learning with Large Language Models for Video Understanding
	6.1 Overview
	6.2 Motivation
	6.3 Prior Work
	6.4 Method
	6.5 Empirical Evaluation
	6.6 Understanding the Models
	6.7 Summary

	7 Conclusion and Future Directions
	7.1 Discussions
	7.2 Future Directions

	Bibliography


