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ABSTRACT OF THE DISSERTATION

Robustness of Vision-Language Systems to Intentional and Incidental Adversity

by

Ghazal Mazaheri

Doctor of Philosophy, Graduate Program in Computer Science
University of California, Riverside, December 2022

Dr. Amit K. Roy-Chowdhury, Co-Chairperson
Dr. Evangelos Papalexakis , Co-Chairperson

The availability of large data collections makes deep neural networks perform impressively

on a wide range of vision-language tasks. However, existence of corrupted samples when

working with massive, hard-to-manage amount of data is inevitable. Data corruption refers

to errors in data that occur during either an intentional process to alter data samples

with the purpose of hiding information or a incidental data preparing step, including data

annotation, which introduces unintended changes to the original data. Robustness of vision-

language systems to intentional and incidental adversity is the goal of this dissertation.

Face manipulation is one of the challenging intentional adversity techniques that

distort the truth. The primary threat of face manipulation stems from people becoming

convinced that something fictional really occurred. The dissertation starts with study of fa-

cial manipulation detectors leveraging upon facial expression recognition systems. Concerns

regarding the wide-spread use of corrupted images and videos in social media necessitate

precise detection of such fraud. Multi-task learning can leverage prominent features learned

by facial expression recognition system to benefit the training of conventional manipulation
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detection systems. Such an approach achieves impressive performance in facial expres-

sion manipulation detection, while exhibiting robustness to other common facial corruption

mechanisms, such as identity manipulation.

Creation of large scale datasets, needed for tasks like image-text retrieval, is chal-

lenging. As a solution, recent works exploit vision-language pre-training to overcome the

errors in the training data. Vision-language pre-training has advanced the performance for

many vision-language tasks like image-text retrieval. However, performance improvement

has been largely achieved by scaling up the dataset with noisy image-text pairs collected

from the web, which is a suboptimal source of supervision. Web-crawled captions do not

accurately describe the visual content of the images, making them noisy signals. Instead,

the caption descriptions can be generated by off-the-shelf automatic image captioners.

In this dissertation, we focus on learning image-text retrieval models utilizing

image-text pairs, where the text is generated by an automatic captioning process without

any requirement of tedious annotation effort. We propose a novel robust image-text retrieval

model which utilizes data-driven curriculum learning to down-weight the noisy portion of

the dataset generated by image captioners. Finally, we investigate fine-grained image-text

retrieval which decomposes image-text matching into global-to-local level matching using

pre-trained object detectors. We utilize an alignment model which bridges the gap between

corresponding embeddings in different modalities to identify the noise in the caption. It aims

to learn image-text multimodal representations that capture the appropriate fine-grained

alignment between vision and language.
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Chapter 1

Introduction

The most recent developments in Machine Learning (ML), especially in Deep

Learning, evolved from the concept of a single-layer neural network, the perceptron [102], to

the Multi-Layer Perceptron (MLP) [102] and the current intricate multi-layer Deep Neural

Networks (DNNs) [123, 48], with the objective of approaching and even exceeding human

decision making capabilities for a certain set of tasks. Due to their effectiveness at handling

large amounts of data, learning (and sometimes re-learning [7]) input characteristics, and

demonstrating high accuracy during inference of unseen inputs, ML systems have prolifer-

ated to numerous real-world applications. These include object detection [37], face recogni-

tion [46], manipulation detection [134], vision-language tasks like image-text retrievals [69]

and even safety-critical applications like autonomous driving [14], and health-care [8], where

errors may lead to catastrophic results.

Poisoning the data by inserting malicious and crafted samples is one way in which

the security and integrity can be can breached. Despite high inference accuracy in practical
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applications, ML systems especialy DNNs are highly vulnerable to to maliciously corrupted

examples in datasets. Polluting inputs with incorrectly-labeled samples even in the absence

of an explicit attacker during training and inference can compromise the reliability of an

ML system. Therefore, some of data corruption techniques are intentionally designed to

mislead viewers into thinking something fake is real and threat people’s security. Others

occur unintentionally during data collection to generate large-scale datasets. Approaches

to defend ML systems against these concerns remains a challenging problem, which we will

discuss in this thesis.

A common term associated with the performance of DNNs is robustness [113].

Robustness is the DNN property that determines the integrity of the network under varying

operating conditions, and the accuracy of DNN outputs in the presence/absence of input or

network alterations [113]. Correctly quantifying the robustness of machine learning models

is a central aspect in judging their suitability for specific tasks, and thus, ultimately, for

generating trust in the models. This can be divided into two sub-properties: security

and reliability. The DNN is said to be secure against an attack if the attacker cannot steal

information, modify the network parameters, or render an incorrect input to the DNN (e.g.,

using an adversarial attack) [98]. In case of reliability, there is no explicit attacker. The

network is said to be reliable if it does not display any changes to its output, parameters,

or behavior if one or more of the input independent variables (features) or assumptions are

drastically changed. In this thesis, our focus is on reliability of vision-language Systems to

intentional and incidental adversity.
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Face manipulation is one of the challenging intentional data corruption techniques

that distort the truth. The primary threat of face manipulation stems from people becom-

ing convinced that something fictional really occurred. The dissertation starts with study of

facial manipulation detectors leveraging upon facial expression recognition systems. Con-

cerns regarding the wide-spread use of forged images and videos in social media necessitate

precise detection of such fraud. Facial manipulations can be created by identity swap (Deep-

Fake) or expression swap. Most of recent face forensic works focus on deepfake detection,

detecting whether identity of faces are real or artificially generated [104, 6, 27, 67]. The

very popular term “DeepFake” is referred to a deep learning based technique able to create

fake videos by swapping the face of a person by the face of another person.

Contrary to the identity swap, which can easily be detected with novel deepfake

detection methods, expression swap detection has not yet been addressed extensively. The

importance of facial expressions in inter-person communication is known. Consequently, it

is important to develop methods that can detect and localize manipulations in facial expres-

sions. To this end, in Chapter 2, we present a novel framework to exploit the underlying

feature representations of facial expressions learned from expression recognition models to

identify the manipulated features. Using discriminative feature maps extracted from a facial

expression recognition framework, our manipulation detector is able to localize the manip-

ulated regions of input images and videos. Such approach achieves impressive performance

in facial expression manipulation detection, while exhibiting robustness to other common

facial corruptions which degrade other models’ performance.
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In addition to robust systems toward intentional corrupted data, it is imperative

to design machine learning systems which are robust to incidental noise in the training

data. Creation of large scale data sets, needed for the tasks like image-text retrieval, pose

a challenge to tackle incidental noise. Since well-annotated datasets can be prohibitively

expensive and time-consuming to collect, recent work has explored the use of larger but

noisy datasets that can be more easily obtained [52, 112].

There is a recent growing interest in pre-training generic models to solve a variety of

vision-language problems, such as visual question answering, image-text retrieval and image

captioning etc. vision-language pre-training aims to improve performance of downstream

vision and language tasks by pre-training the model on large-scale image-text pairs. For

example, there are different architectures (e.g. two-stream models [56, 81, 80] vs. single-

stream models [21, 63]), backbones (e.g. ConvNets [50] vs. Transformers [57]) etc. All these

works aim to exploit the large-scale aligned image-text corpora to pre-train a powerful multi-

modal model, which is then adapted to various downstream vision-language tasks. Despite

the use of simple rule-based filters, noise is still prevalent in large-scale texts crawled from

web. However, merely scaling up the dataset may not be possible in many applications,

like agriculture and environmental monitoring or where we deal with private data (banking,

healthcare, etc.) where large volumes of (even poorly) labeled data may not be available.

In this thesis, we focus on learning image-text retrieval models utilizing image-text pairs,

where the text is generated by an automatic captioning process without any requirement

of tedious annotation effort. However, such generated descriptions are likely to be noisy

(e.g.,wrong detection of objects, misinterpretation of the image concept) due to the use of

4



automated captioning process. In Chaper 3 and 4, we propose methods to learn directly

from noisy captions without any pre-processing step.

In Chapter 3, we propose a robust image-text retrieval learning approach. To

learn a retrieval model robust to noisy captions, it is imperative that the model is able to

emphasize the clean part of the dataset and learn from it, while avoiding the noisy part. To

this end, inspired by the success of Curriculum Learning (CL) to handle label noise [55], we

propose a data-driven curriculum learning method using external knowledge. It learns to

weigh the samples in a way that the model can focus on the samples whose captions have

a high chance of being correct. We use a region encoder and a label encoder trained on an

external source of data with correct annotation to obtain an approximation of how likely an

image-text pair is correct. This approximation is used to guide the data-driven curriculum

learning process which can generate sample weights. Such sample weights, learned during

training, compel the framework to learn from clean examples. In this thesis, we specifically

focus on the scenario where the textual description is noisy due to automatic captioning

process similar to alt text generation.

In Chapter 4, our proposed method for improving the robustness of image-text

retrieval system utilizes an alignment model which bridges the gap between corresponding

embeddings in different modalities to identify the noise in the caption. In general, most

existing cross-modal matching methods embed different modalities into a common space

wherein the similarity of positive cross-modal pairs is maximized and that of the negative

ones is minimized. Although these methods have achieved promising results, their success

depends on an implicit data assumption, i.e., the training data are correctly aligned across
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modalities. For example, in the vision-language tasks, the text needs to accurately describe

the image content, and vice versa. However, noise in the captions which is inevitable when

they are generated using captioning model, leads to difficulty in bridging the heterogeneity

gap [137, 77] between image and text modality.

The challenge of robust image-text retrieval systems is that simple joint embed-

dings are insufficient to represent complicated visual and textual details, such as scenes,

objects, their compositions, especially with presence of noise in the caption. To tackle this

issue, we gain motivation from fine-grained image-text retrievals which decompose image-

text matching into global-to-local level matching using pre-trained object detectors. We

equip our image-text retrieval system with alignment model which associates automatically

detected tags/object labels with the corresponding image regions to identify the noise in

the caption. Our approach not only takes comprehensive and fine-grained cross-modal in-

teractions into account, but also properly handles negative pairs and irrelevant information.

Extensive experiments are conducted on well-known image-text datasets that demonstrate

the effectiveness of the proposed approaches compared to multiple state-of-the-art methods

for both image-to-text and text-to-image retrieval.

Organization of the Thesis. The rest of the thesis is organized as follows. In Chapter

2, we address the problem of facial expression manipulation detection. We present a novel

framework to exploit the underlying feature representations of facial expressions learned

from expression recognition models to identify the manipulated features. Such approach

achieves impressive performance in facial expression manipulation detection, while exhibit-

ing robustness to other common facial corruptions like identity manipulation. In Chapters
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3 and 4, we propose robust image-text retrieval learning approaches. In Chapter 3, our pro-

posed framework utilizes data-driven curriculum learning to up-weight the clean samples

while discounting the noisy portion of the training data. Such sample weights, learned dur-

ing training, compel the framework to learn from clean examples. In Chapter 4, we equip

our image-text retrieval system with an alignment model which bridges the gap between cor-

responding embeddings in different modalities to identify the noise in the caption. It aims

to learn image-text multimodal representations that capture the appropriate fine-grained

alignment between vision and language. We conclude the thesis in Chapter 5 by providing

some future directions related to the problem of robust image-text retrieval systems.
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Chapter 2

Detection and Localization of

Facial Expression Manipulations

Concerns regarding the wide-spread use of forged images and videos in social media

necessitate precise detection of such fraud. Facial manipulations can be created by Identity

swap (DeepFake) or Expression swap. Contrary to the identity swap, which can easily be

detected with novel deepfake detection methods, expression swap detection has not yet been

addressed extensively. The importance of facial expressions in inter-person communication

is known. Consequently, it is important to develop methods that can detect and localize

manipulations in facial expressions.

To this end, we present a novel framework to exploit the underlying feature repre-

sentations of facial expressions learned from expression recognition models to identify the

manipulated features. Using discriminative feature maps extracted from a facial expres-

sion recognition framework, our manipulation detector is able to localize the manipulated
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regions of input images and videos. On the Face2Face dataset, (abundant expression manip-

ulation), and NeuralTextures dataset (facial expressions manipulation corresponding to the

mouth regions), our method achieves higher accuracy for both classification and localization

of manipulations compared to state-of-the-art methods. Furthermore, we demonstrate that

our method performs at-par with the state-of-the-art methods in cases where the expression

is not manipulated, but rather the identity is changed, leading to a generalized approach

for facial manipulation detection.

2.1 Introduction

Facial expressions are critical in communicating our thoughts, ideas, emotions, and

in responding to each other emotionally and physically. With effectual facial expressions, a

person may convince others to believe in ideas without verbal communication. Due to the

power of facial expressions in person-to-person communication, it is critical to determine

if the facial expressions in an image or video are the individual’s original expressions or

manipulated by an external agent. Facial manipulations can be created by Identity swap

(DeepFake) or Expression swap. In this thesis, we focus on the problem of detecting facial

expression manipulations while ensuring that performance does not degrade for the identity

manipulation case, thus providing a generalized version of facial manipulation detection.

Facial expression changes in the Face2Face dataset is a result of a facial reen-

actment system that transfers the expressions of a source video to a target video while

maintaining the identity of the target person. Similarly, NeuralTextures [116] reenacts

face motions of an input video to a target video mainly affecting the regions around the
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Manipulated Image Prediction GT mask
Facial Expression 

Recognition System

CAM

Figure 2.1: Our overall framework for detection of facial expression manipulation and local-
ization. Manipulated mage is from Face2Face dataset [118]. Class activation map (CAM)
is the visualization of feature map from facial expression recognition system.

mouth. We hypothesize that to detect such facial expression manipulations, recognition of

the expression would be helpful. Based on this key idea, we design a framework called the

Expression Manipulation Detection (EMD) system. Fig. 2.1 presents this key idea of using

facial expression recognition to guide the manipulation detection procedure. As can be

seen in the figure, the main manipulations appear in the parts of the face which constitute

expression change, such as, regions around eyebrows and mouth which are critical regions

for facial expressions.

In order to exploit prominent features corresponding to facial expression, we use

Facial Expression Recognition (FER) systems in our face manipulation detection framework

(see Sec. 2.3.3 for details). In particular, we adopt Ensemble with Shared Representations

(ESR) [111] as the backbone network of FER system. Feature maps from the penulti-

mate layer of FER systems contain important information regarding facial expressions in

faces [141], which we aim to exploit in order to improve over state-of-art manipulation

detection methods.

Framework Overview A pictorial illustration of our facial expression manipu-

lation detection (EMD) framework is presented in Fig. 2.2. EMD utilizes a two-stream

network for manipulation detection. One stream (FER) is responsible for extracting impor-
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Figure 2.2: This figure represents our proposed approach for facial expression manipulation
detection and localization. Extracted features from FER System (FFm

i ), along with the
ones from manipulation detection stream (FMm

i ), are fed into the decoder for pixel-wise
localization of the manipulated region. Notation is described in the text. The details are
explained is Sec. 2.3.3 and 2.3.4

tant information for facial expressions. The feature maps from the last layer of FER stream

provide information about the facial regions that encode the expression information. The

other stream is an encoder-decoder architecture which is responsible for manipulation detec-

tion. The encoder projects the image to a lower dimensional space, where the features from

the FER system are combined and then a decoder is used to predict the manipulated regions

(if any) of the facial image. Our FER system uses ESR [111] to extract expression relevant

features. The penultimate layer feature map of the FER system contains features which are

discriminative to detect relevant portions of the image specific for expression. The second

stream, i.e., the manipulation detection and segmentation system is an encoder-decoder ar-

chitecture. The decoder takes the latent space features from the encoder and FER system

combined and projects it using DeepLabv3+ [18] for manipulation localization. (see Fig.

2.2).
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Main contributions. We propose a novel approach for facial expression ma-

nipulation detection leveraging upon a facial expression recognition system. This leads to

higher performance in forgery detection where the facial expression is manipulated, as well

as localizing the regions that have been manipulated. Our system achieves at par per-

formance in the case where the identity is manipulated, ensuring generalizability of our

method. Our method leads to more than 3% improvement in manipulation classification

and localization over the state of the art on the Face2Face dataset [118] where the expres-

sions are manipulated. We also show the effectiveness of our method by presenting the

results on NeuralTextures dataset [116] where the facial expressions corresponding to the

mouth regions have been modified. On NeuralTextures dataset, we achieve 2% higher accu-

racy for classification and localization. Finally, our framework achieves competitive results

compared to the state-of-the-art methods on DeepFake dataset [5] and DFDC dataset [31]

where identity, rather than expression, is manipulated.

2.2 Related Work

Multimedia forensics aims to ensure authenticity, origin, and provenance of an

image or video. In recent years, there has been a variety of works in 1. forgery classification

where a proposed method recognizes whether or not an image or video is manipulated, and 2.

forgery localization which highlights the exact position of manipulated region [122]. We will

briefly survey existing work in both the mentioned categories, as well as facial expression

recognition. There is no work that specifically focuses on the problem of detection and

localization of facial expression manipulations.
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Forgery Classification In forgery classification area, there has been a variety of

works in image manipulation detection [12, 22, 78, 97, 11, 127, 144] or fake faces classification

in videos [104, 6, 27, 67]. The very first works aim to detect wide range of manipulations in

images including object removal, copy-move, and splicing using handcrafted features that

capture expected statistical or physics-based features which occur during image formation.

Authors in [78] propose an approach for detecting copy-paste and composite forgery in

JPEG images. Work in [22] investigates the influence of denoising on PRNU-based forgery

detection. Inspired by the success of deep neural networks in different visual recognition

tasks, deep learning-based approaches have been popular choices for image forgery detection.

Some recent deep learning-based methods such as convolutional neural networks (CNN)

have been applied to detect/classify image manipulations [12, 11, 127, 144].

Manipulation of faces in images/videos has been in the news lately. Manipula-

tion detection in faces is challenging since exiting manipulation techniques leave almost no

visual traces. In [27] authors propose to utilize an attention mechanism to process and

improve the feature maps for the classification task. Four main categories of face manipu-

lation techniques include Face2Face [118], DeepFake [5], FaceSwap [3] and NeuralTextures

[117]. The most comprehensive dataset containing all four manipulation techniques (Face-

Forensics++) has been introduced in [104]. Generative networks play an important role in

producing manipulated images and videos. Work in [136] proposes a new model to perform

multiple facial attributes manipulation with one-input multi-output architecture.

To detect face manipulation in videos, some approaches utilize video temporal

features as tampering of individual frames in videos causes inconsistency. The work in [106]
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uses CNN as feature extractor and LSTM to capture video temporal features. Some other

works use physiological signals, like eye blinking in [70] and head movements in [130], that

are not well presented in the synthesized fake videos. Instead of using temporal features,

authors in [104, 6, 71, 90] proposed methods which utilize extracted images from different

frames of a video. Work in [128] proposes a visual speaker authentication scheme based on

the deep convolutional neural network (DCNN) to defend against DeepFake attacks.

Forgery Localization Localizing the exact position of manipulated regions in

an image or video provides critical additional information. There has been a variety of

works that attempted to segment out tampered regions [126, 10, 145]. Early works [105,

36, 13] reveal the tampered regions using traditional image processing-based approaches.

Researchers in [10, 75, 15, 138] exploit machine learning techniques in order to classify if a

patch is manipulated or not.

Authors in [145] use object detection method proposed in [100] to identify fake

objects. Unlike [145] which utilizes bounding box to coarsely localize manipulated object,

[11] adopt a segmentation approach to segment out manipulated regions by classifying each

pixel (manipulated/non-manipulated). Semantic segmentation approaches are suitable for

fine-grained localization of tampered regions in an image. A typical semantic segmentation

approach focuses on segmenting all meaningful regions (objects). However, a segmentation

approach for localization of image manipulation needs to focus only on the possible tampered

regions which bring additional challenges to an existing challenging problem. To localize

tampered regions, [11] used an LSTM Encode-Decoder architecture.
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Fake face segmentation is one of the recent challenges which has not yet been

addressed extensively. Some of the proposed methods may have high performance in face

manipulation detection [104] but do not address the task of segmenting the manipulated

region. Multi-tasking approaches are promising in the combined classification and segmen-

tation task. Work in [90] uses Y-shape architecture to classify manipulated videos and

segment tampered faces simultaneously. In our proposed method, in addition to manip-

ulation classification and segmentation stream, we add another stream as face expression

recognition which operates jointly with the manipulation stream in order to exploit nec-

essary information in faces. This improves the performances in both classification and

segmentation.

Facial Expression Recognition The development of machine learning and the

advent of deep learning have significantly improved the research of FER. There have been

variety of works in literature which obtain high performance for facial expression recognition

framework [44, 45, 68, 111, 129, 135]. The careful design of local to global feature learning

with a convolution, pooling, and layered architecture produces a rich visual representation,

making CNN a powerful tool for facial expression recognition. Research challenges such as

the Emotion Recognition in the Wild (EmotiW) and Kaggle’s Facial Expression Recognition

Challenge suggest the growing interest of the community in the use of deep learning for the

solution of this problem.

To have more accurate FER, the networks become deeper and deeper in order

to deal with more complex classifications. Also, attention mechanisms are introduced in

many networks to improve facial expression recognition. Authors in [114] proposed a facial
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expression recognition network with the visual attention mechanism. Work in [111] is one

of the most recent in this area showing promising results on facial expression datasets using

shared and ensemble layers.

2.3 Methodology

In this section, we present our framework for facial expression manipulation detec-

tion and localization. We start with a formal description of the problem statement followed

by the two streams of our framework - Facial Expression Recognition (FER) stream and

the encoder-decoder based manipulation detection stream which receives information from

FER for better detection.

2.3.1 Problem Statement

Consider we have a dataset of tuples XM = {(Xm
i ,Mm

i , ymi )}Ni=1, where Xm
i ∈

RH×W×3 is a 2D image of faces, Mi ∈ RH×W is 2D binary mask of manipulated regions, and

yi ∈ {0, 1} is an indicator whether ymi is manipulated or not. Given such a dataset, our main

goal is to learn a model that would be able to classify a test image to be either manipulated

or not, and more importantly, localize portions of the image which are manipulated.

To identify manipulations in facial expressions, we need to focus on regions specific

for expressions; thus, we utilize an auxiliary task of Facial Expression Recognition (FER).

We use a dataset of tuples XF = {(Xf
i , y

f
i )}N ′

i=1, where Xf
i ∈ RH×W×3 and yfi ∈ {1, . . . , C},

and C is the number of facial expression categories. Note that we use the superscripts m

and f to denote data points from the manipulation set XM and facial expression set XF .
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2.3.2 Algorithm Overview

Our EMD system consists of two main parts including FER and encoder-decoder.

We train the FER module using the dataset XF . To train the encoder-decoder architecture

for manipulation detection, our framework takes information from the FER module. How-

ever, we pass the images in XM through both the streams - an encoder to obtain features

necessary to detect manipulations, and an FER module to obtain features specific to facial

expressions. We combine these features in the latent space and then pass them through a

decoder to spatially localize the manipulated regions.

2.3.3 Facial Expression Recognition

We utilize one of the state-of-the-art methods for facial expression recognition

proposed in [111] as a pre-trained model for recognizing the facial expressions.

FER system presented in [111] consists of two building blocks. The base of the net-

work (shared layers in Fig. 2.2) is an array of convolutional layers for low- and middle-level

feature learning. These informative features are then shared with independent convolu-

tional branches that constitute the ensemble (ensemble layers in Fig. 2.2). From this point,

each branch can learn distinctive features while competing for a common resource - the

shared layers. This competitive training emerges from the minimization of a combined loss

function defined as the summation of the loss functions (cross-entropy loss) of each branch

as follows:

LFER =
1

N ′

∑
b

∑
i

∑
c

−yfi,c log(pfb,i,c) (2.1)
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where given an image Xf
i , pfb,i,c is a probability mass function over the C facial expression

categories for branch b. N ′ is total number of images in the dataset.

After training the FER system, we use the pre-trained models to predict the expres-

sion category of manipulated images and extract the feature maps needed to be combined

with the manipulation detection stream. The reason is that, for manipulation detection

task, feature maps which highlight the discriminative image regions important for expres-

sion recognition are useful for manipulation detection of images where facial expressions are

tampered such as manipulation in Face2Face dataset. Therefore, our FER architecture pro-

vides useful expression and location-aware features needed for the manipulation detection

task.

In the Facial Expression Recognition system, we pass an image Xm
i through the

shared convolutional network Conv and an ensemble of B convolutional networks {Eb}Bb=1 to

generate B different feature maps of the facial expression. For the bth ensemble convolutional

branch, the feature map corresponding to Xm
i is,

FFm
b,i = Eb(Conv(Xm

i )). (2.2)

We use a classifier M to infer class probabilities for the C expression classes. For bth branch

network and ith image Xm
i , we infer the class probability vector, ρb,i = [ρb,i,1, . . . , ρb,i,C ].

Here, ρb,i,j = M(FFm
b,i, cj) indicates the detection probability of class cj for branch b with

input image Xm
i . Therefore, the detected expression class of an image from bth convolutional
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branch is

cbdet = arg max
cj∈{c1,...,cC}

M(FFm
b,i, cj). (2.3)

Considering the detection of all the branches, most frequent detected class for an image is,

cfreq = mode({c1det, . . . , cBdet}) (2.4)

The feature map from the branch in FER network that results in highest detection proba-

bility for the frequently detected class cfreq is pooled for manipulation detection task. So,

the pooled feature map is

FFm
i = arg max

FFm
b,i∈{FFm

1,i,...,FFm
B,i}

M(FFm
b,i, cfreq) (2.5)

As will be discussed subsequently, we use the feature map FFm
i after convolutional

layers as auxilliary input to the encoder-decoder for manipulation detection. As illustrated

later in Fig. 2.5, we also obtain the class activation maps (CAMs) for visualization purpose

following [141].

2.3.4 Encoder-Decoder

Encoder-decoder networks using CNN architecture have been extensively used in

deep learning literature, specifically for semantic object segmentation. Following the liter-

ature, we adopt Encoder-Decoder architecture [18] known as deeplabv3+ for manipulation

detection and segmentation as the task of localizing manipulation regions is similar to se-

mantic segmentation task.
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Given an image Xm
i , we pass it through the encoder to obtain FMm

i from one

layer before the last convolutional layer. As we are interested in detecting manipulations in

expression, we inject features from the facial expression recognition stream into the encoder-

decoder manipulation detection stream. To do that, we also pass Xm
i through FER and

obtain features FFm
i . We then concatenate both the feature maps as Fi = FMm

i ⊕FFm
i and

pass the concatenated feature maps through remaining layers of encoder to obtain latent

space features. As shown in Fig. 2.2, we have two loss functions for classification (Lcls)

and segmentation (Lseg). We use cross-antropy loss function for classification task defined

as follows:

Lcls =
1

N

∑
i

∥ymi log(ai) + (1− ymi ) log(1− ai)∥1, (2.6)

where ai is the output of binary classification which determines whether or not an image is

manipulated.

Next, the decoder takes the latent space features as the input. Consider that

Si ∈ RH×W is the spatial manipulation segmentation output. We compute the segmentation

loss function to measure the agreement between the segmentation mask and the ground-

truth mask as follows:

Lseg =
1

N

∑
i

∥Mm
i log(Si) + (1−Mm

i ) log(1− Si)∥1, (2.7)

Note that each pixel in Si lies in between 0 and 1 depicting the probability of it being

manipulated or not.
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The total loss function we optimize to learn the encoder decoder architecture is as

follows:

LMANI = Lcls + Lseg (2.8)

2.3.5 Overall Algorithm

Here we discuss the overall training strategy for EMD algorithm. This is presented

in Algorithm 1. Consider that the FER network is parameterized by ϕ and the the encoder-

decoder for manipulation detection is parameterized by θ. We learn them separately. First

we sample images from the facial expression dataset XF , compute the loss LFER and update

ϕ using it. We then sample images from the manipulated images dataset XM , pass them

through both pretrained FER stream and encoder-decoder stream, compute the loss LMANI

and then update θ.

Algorithm 1 Overall EMD Algorithm

1: Inputs: 1. Expression Recognition Dataset: XF

2: 2. Expression Manipulation Dataset: XM

3: Output: Manipulation Detection Network: θ
4: Random Init.:
5: 1. Facial Expression Recognition Net: ϕ
6: 2. Manipulation Detection Net: θ
7: while notconverged do
8: Mini-batch Bf = {Xf

i , y
f
i }Bi=1 ∼ XF

9: Compute: LFER(Bf ;ϕ)
10: Update: ϕ← ϕ− η▽ϕLFER

11: while notconverged do
12: Mini-batch Bm = {Xm

i ,Mm
i , ymi }Bi=1 ∼ XM

13: Compute: LMANI(Bm; θ, ϕ)
14: Update: θ ← θ − η′▽θLMANI
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2.4 Experiments

In this section, we perform extensive experiments on three benchmark datasets

from FaceForensics++ [103] to investigate the efficacy of the proposed method. We show

results on two datasets (Face2Face and NeuralTextures) where the images correspond to

facial expression manipulation and also two datasets (DeepFake and DFDC) where the

images undergo an identity change.

2.4.1 Datasets

FaceForensics++ Dataset. For our experiments, we used the videos offered by

FaceForensics++ [104] 1. FaceForensics++ (FF++) contain 1,000 real videos and 1,000

Fake videos for each type of manipulation including Face2Face (F2F), DeepFake (DF) and

NeuralTextures (NT). For each category of real/fake videos, the dataset was split into 720

videos for training, 140 for validation, and 140 for testing. We used videos with light

compression (quantization = 23) and high compression (quantization = 40). Images were

extracted from videos using the settings in [24]: 200 frames of each training video were used

for training, and 10 frames of each validation and testing video were used for validation and

testing respectively.

DeepFake Detection Challenge Dataset (DFDC). Deepfakes are a recent off-

the-shelf manipulation technique that allows anyone to swap two identities in a single video.

In addition to deepfakes, a variety of GAN-based face swapping methods have also been

published. The problem of deepfake detection has received considerable attention, and this

1https://github.com/ondyari/FaceForensics
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Figure 2.3: Two examples of pristine videos and their manipulated versions from F2F and
DF datasets. As we can see, facial expression is manipulated in F2F videos while in DF
datasets identities are swapped.

Table 2.1: Benchmark Datasets for face manipulation. Our focus in this chapter of thesis is
on second row, i.e., detecting expression manipulations, while not degrading performance
on the first row (identity manipulations).

Manipulation Method Dataset

Identity Swap FaceSwap, UADFV, DF-TIMIT,

DeepFakes DFD, CelebDF, DFDC, Deeper Forensics 1.0, FF++ (FS and DF)

Expression Swap Face2Face, FF++ (F2F)

NeuralTextures FF++ (NT)

research has been stimulated with many datasets. The DFDC dataset [31], different from

the DF dataset as part of FF++ described above, is by far the largest publicly-available face

swap video dataset with over 100,000 total clips sourced from 3,426 paid actors, produced

with several deepfake, GAN-based, and non-learned methods.

We summarize the benchmark datasets for face manipulation in Table 2.1. As

Table 2.1 shows, all the deepfake datasets are based on face identity swapping. The only
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dataset that contains both identity and expression manipulation is FF++ [103]. In FF++,

F2F and NT are the only manipulation techniques that change the facial expression, while

two other techniques (FaceSwap and DeepFake) are based on identity change.

To demonstrate the difference between identity swap and expression swap, we

show some examples from both categories. Fig. 2.3 shows 5 frames from 2 different face

manipulation datasets (F2F and DF). As we can see, tampered videos from F2F are undergo

expression manipulation. The shape of lips and eyebrows which contribute substantially to

facial expressions is changed in most of the frames from F2F vidoes. To the contrary, the

tampered videos from DF do not demonstrate any major expression change in comparison

to original ones. Therefore, only two datasets (F2F and NT from FF++) satisfy the criteria

and we evaluate the performance on those datasets. We also present the results on DF and

DFDC datasets to demonstrate that our method performs at-par with the state-of-the-

art methods in cases where the expression is not manipulated, but rather the identity is

changed, thus ensuring generalizability of the approach.

Facial Expression Datasets. We use AffectNet [88], a new database of facial

expressions. We trained our FER system on AffectNet training set and used F2F, NT,

DFDC and DF datasets as manipulation detection datasets. AffectNet contains more than

1M facial images collected from the Internet. The dataset is divided into 11 facial expression

categories - neutral, happiness, sadness, surprise, fear, disgust, anger, contempt, none,

uncertain, and no-Face.
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2.4.2 Implementation

In face forensics, faces play an important role and contain key features for manip-

ulation detection. Therefore, instead of using the whole image, we extract the faces as a

pre-processing step and only use the face regions to train the models. The FER system has

shared and ensemble layers consisting of CNNs using 5x5 and 3x3 convolutional windows

with the stride of 1. Following each convolutional layer is a batch normalization layer [51].

The encoder-decoder architecture consists of XceptionNet with separable convo-

lution as encoder, spatial pyramid pooling and CNNs with 3x3 convolutional windows as

decoder. We transfer XceptionNet to our task by replacing the final fully connected layer

with two outputs. The other layers except last convolutional layer (the layer after feature

concatenation) and fully connected layer are initialized with the ImageNet weights. To set

up the inserted fully connected layer, we fix all weights up to the last convolutional layer

and pre-train the network for 3 epochs. After this step, we train the network for 20 more

epochs and choose the best performing model based on validation accuracy.

The framework is implemented on PyTorch. We trained the network using the

ADAM optimizer [58] with a learning rate of 0.001, a batch size of 16, β of 0.9 and 0.999,

and ϵ equal to 10−8. The implementation consumes 11GB memory GPU and it takes 126hrs

( 5 days) for 20 epochs. For Encoder-Decoder (deeplabv3+ with pretrained Xception, fixed

parameters) memory consumption and training time is the same with doubling of the batch

size.
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2.4.3 State-of-the-art Methods

Manipulation detection. Manipulation detection is a classification problem where the

methods focus on identifying whether or not an image or video is manipulated. Some of

the prominent works in this field that we compare against are as follows:

• Steg. Features+SVM [38] is based on steganalysis and employs handcrafted fea-

tures. The features are co-occurrences on 4 pixels patterns along the horizontal and

vertical direction on the high-pass images for a total feature length of 162. These

features are then used to train a linear Support Vector Machine (SVM) classifier.

• Cozzolino et al. [24] combined the hand-crafted steganalysis features from [38] with

a CNN-based network.

• Bayar and Stamm [12] proposed a CNN that uses a constrained convolutional layer

followed by two convolutional, two max-pooling and three fully-connected layers. The

constrained convolutional layer is specifically designed to suppress an image’s content

and learn manipulation detection features.

• Rahmouni et al. [97] proposed a CNN architecture with a custom pooling layer to

optimize current best-performing algorithms’ feature extraction scheme.

• MesoNet [6] is a CNN-based network using InceptionNet [56] in face forensics area.

The network has two inception modules and two convolution layers with max-pooling,

followed by two fully-connected layers. Instead of the cross-entropy loss, the authors

use the mean squared error between true and predicted labels.
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• XceptionNet [23] uses a deep neural network trained on ImageNet. This architecture

is constructed by modifying the inception modules where the depthwise separable

convolution is used. There are a total of 36 convolutional layers used in the base

network. [104] transfered it to the manipulation detection task by replacing the final

fully connected layer with two outputs. The other layers are initialized with the

ImageNet weights.

• LAE [33], FT-res [25] both attempting to learn intrinsic representation instead of

capturing artifacts in the training set.

• DCNN [96] proposes an approach leveraging the transferable features from a pre-

trained Deep Convolutional Neural Networks (D-CNN) to detect manipulation in

face images.

• Two-stream [143] uses a two-stream CNN to achieve higher performance in image

forgery detection. They use standard CNN network architectures to train the model.

• Capsule-Forensics [91] presents a method that uses a capsule network to detect

forged images and videos.

• Face X-ray [66] proposes a face forgery detection method based on the observation

that most existing face manipulation methods share a common blending step and

there exist intrinsic image discrepancies across the blending boundary.

Manipulation Segmentation In order to spatially localize the exact position of manip-

ulation in an image, which in this case is part of a face, we use a decoder in our proposed

architecture to segment out the tampered region. FaceForensics [103] and FaceForensics++
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[104] datasets provide binary mask to show the manipulation region in the facial images.

The most closely related work which also performs segmentation with classification is the

following.

• MultiTask [90] outputs both the probability of an image being spoofed and segmen-

tation maps of the manipulated regions in each frame of the input. For this method a

CNN is designed that uses the multi-task learning approach to simultaneously detect

manipulated images and videos and locate the manipulated regions for each query.

Information gained by performing one task is shared with the other task.

2.4.4 Quantitative Comparisons

Evaluation Metrics. In terms of evaluation metrics, we use classification accu-

racy for the manipulation detection, which represents how many test images are correctly

classified. For segmentation tasks, we use 1) pixel-wise classification accuracy which in-

dicates whether a pixel in an image is manipulated or not, and 2) IoU (Intersection over

Union). The IoU is calculated for both foreground and background, and the two IoUs are

averaged to get mean IoU (mIoU).

Expression Swap. Table 2.2 shows the classification accuracy for the Face2Face

(F2F) and NeuralTextures (NT) datasets (with expression swap) using two types of video

quality (low quality (LQ) and high quality (HQ)). As may be observed, in terms of classi-

fication accuracy, EMD (our method) reaches the best performance on both datasets. In

comparison to XceptionNet, our proposed method achieves ∼ 3% and ∼ 2% improvements

in classification accuracy on F2F and NT datasets respectively. We also add FER to Mul-
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tiTask [90] architecture which leads to improvements of accuracy by ∼ 3% and ∼ 1% on

F2F and NT datasets with high quality videos. Furthermore, we compare our method with

more of the state-of-art methods on Face2Face dataset in terms of classification accuracy.

Table 2.3 shows this comparison. As it is clear from Table 2.3, our method achieves higher

classification accuracy. For localization task, Table 2.4 shows ∼ 3% improvement of seg-

mentation accuracy on low quality videos from F2F dataset and ∼ 2% imporvement on NT

dataset with the same video quality. We also achieved ∼ 5% and ∼ 4% improvement in

mIoU on F2F and NT with low quality videos.

Table 2.3: Classification performance in terms of accuracy for state-of-art architectures on
Face2Face datasets with two level of video quality.

Method HQ LQ

W/O FER
LAE [33] 90.93 -

DCNN [90] 93.50 82.13
FT-res [25] 94.47 -

Two-stream [143] 96.00 86.83
Capsule-Forensics [91] 97.13 81.20

Face X-ray [66] 97.73 -

W/ FER
MultiTask+EnsFER 95.22 85.89

EMD (ours) 99.03 94.45

Identetity Swap. Table 2.2 also shows the classification accuracy for deepfake

datasets where the identity is changed. We run experiments on two deepfake datasets

including DFDC dataset [31] and DF [5]. Based on the results, our method achieves 89.16

% on DFDC while XceptionNet, as one the state-of-the-art methods, achieves 88.98 % in

terms of classification accuracy. On DF dataset [5], we observe that with the addition of

FER system, there is no fall in the performance. Thus, our method performs at-par with
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Table 2.5: Classification (cls) and segmentation (seg) accuracy for different FER architec-
tures on Face2Face and NeuralTextures datasets with high quality videos.

Method
Face2Face NeutalTexture)

Cls Seg Cls Seg

MultiTask+ SimFER 94.93 91.84 88.62 89.21
XceptionNet+ SimFER 98.63 96.89 95.83 92.44

MultiTask+EnsFER 95.22 93.22 89.15 90.56
EMD (ours) 99.03 98.43 96.31 93.78

the state-of-the-art methods in cases where the expression is not manipulated, but rather

the identity is changed. This demonstrates the generalizability of our approach.

Ablation study To demonstrate the effectiveness of utilizing FER in manipu-

lation detection and segmentation, we run different experiments with variation of FER

architecture. As we can see from Table 2.5, using FER system with multiple branches and

selecting the most informative feature maps by using ESR (the one we use in our archi-

tecture) [111] achieves higher accuracy in both detection and segmentation tasks. Using

simple FER (SimFER) consisting of shallow convolutional layers (without Ensemble layers)

leads to performance drop by ∼ 1% and ∼ 2% in classification and segmentation for both

F2F and NT datasets with high quality videos.

2.4.5 Analysis of Results

Effect of FER on manipulation detection. We use ROC curves to show the

benefit of FER in manipulation detection. Figs. 2.4a and 2.4b demonstrate ROCs for

both detection and segmentation tasks with and without FER system. AUC score for our

network with FER stream (EMD) achieves 99% and 97% for detection and segmentation

tasks on F2F respectively. Thus, our method leads to ∼ 1% and ∼ 2% improvement in
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Figure 2.4: Analysis of performance under different conditions.

detection and segmentation AUC score in comparison to its counterpart without the FER

stream. Based on Fig. 2.4b, our method achieves ∼ 3% and ∼ 1% improvement in detection

and segmentation AUC score when it is trained/tested on NT dataset.

Size of training data. As shown in Fig. 2.4c, we evaluate our proposed network

on training sets with variable sizes. For both datasets (F2F and NT), we compute classi-

fication and segmentation accuracy varying the training size from 10 to ∼ 700 videos. By

adding more videos to the datasets our performance increases initially. Adding more than

300, our model’s performance does not change much indicating our method can perform

good enough when there is not much data to train with, i.e., ∼ 300 videos.

Why does FER help? To show the effect of the features extracted from FER

system, we visualize the last layer of CNN in our FER. For this purpose, we compute

CAMs. A CAM for a particular category indicates the discriminative image regions used

by the CNN to identify that category. Work by [142] has shown that the convolutional units
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Figure 2.5: First and second columns of the left section show the original images and manip-
ulated ones respectively. The black and white images in the third column are corresponding
binary GT masks. Predicted masks (column 4) and generated class activation maps (col-
umn 5) for manipulated images from Face2Face (row 1,2,3) and NeuralTextures (row 4,5,6)
dataset. In the right section of the figure, we show pristine images with their corresponding
binary GT masks, predicted masks and CAMs.

of various layers of CNNs actually behave as object detectors despite no supervision on the

location of the object provided.

In fact, the network can retain its remarkable localization ability until the final

layer. This feature allows identification of the discriminative image regions which are im-

portant for manipulation detection. Specifically, for expression change detection, addition

of a network which can localize regions in the face with information about the expressions

helps manipulation detection methods to perform better.

As Fig. 2.5 represents, expression changes happen mostly around eyes, mouth and
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eyebrows. In the last column of both right and left section of figure, we generate the CAMs

for manipulated and pristine images in F2F and NT datasets. As it is clear, our network

can classify expressions quite well although the main FER stream has been trained on a

different dataset (AffectNet).

2.5 Additional Qualitative Results

Datasets In this section, we provide comprehensive information regarding datasets in-

cluding expression and identity swap.

Face2Face Face2Face [118] is a facial reenactment system that transfers the ex-

pressions of a source video to a target video while maintaining the identity of the target

person [104]. The modifications brought to the target image are in the form of change of

movement of the head, lips, and facial expression.

NeuralTextures The NeuralTextures dataset [116] show facial reenactment as

an example for their NeuralTextures-based rendering approach. It uses the original video

data to learn a neural texture of the target person, including a rendering network. This

is trained with a photometric reconstruction loss in combination with an adversarial loss.

In the NeuralTextures, only the facial expressions corresponding to the mouth region is

modified, when the eye region stays unchanged.

DeepFake DeepFake [5] is one of the popular face manipulation methods created

using a Deep Neural Network, which swaps a facial image of a person with a different

person’s face, followed by editing [93].

DeepFake Video Datasets. Deepfakes are a recent off-the-shelf manipulation
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Figure 2.6: Four examples of pristine videos and their manipulated versions from F2F, NT,
DFDC and DF datasets. As we can see, facial expression is manipulated in F2F and NT
videos while in DFDC and DF datasets identities are swapped.

technique that allows anyone to swap two identities in a single video. In addition to Deep-

fakes, a variety of GAN-based face swapping methods have also been published. The prob-

lem of deepfake detection has increased considerable attention, and this research has been

stimulated with many datasets. The DFDC dataset [31] is by far the largest currently and

publicly-available face swap video dataset, with over 100,000 total clips sourced from 3,426

paid actors, produced with several Deepfake, GAN-based, and non-learned methods.

We summarize and analyze seven benchmark deepfake video detection datasets in

Table 2.6. As Table 2.6 shows, all the deepfake datasets are based on face identity swapping.
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The only dataset contains both identity and expression manipulation is Faceforensics++

[103]. In Faceforensics++, Face2Face and NeuralTextures are the only manipulation tech-

niques change the facial expression while two other techniques (FaceSwap and DeepFake)

are based on identity change. Thus, all the other datasets contain only identity manipulated

faces. Only the part of Faceforensics++ allows us to analyze expression manipulation.

To demonstrate the difference between identity swap and expression swap, we

show some examples from both categories. Fig. 2.6 shows 10 frames from 4 different face

manipulation datasets (Face2Face, NeuralTextures, DFDC and DeepFake). As we can see,

tampered videos from Face2Face and NeuralTextures are undergo expression manipula-

tion. The shape of lips and eyebrows which contribute substantially to facial expressions is

changed in most of the frames from Face2Face vidoes. To the contrary, the tampered videos

from DFDC and DeepFake do not demonstrate any major expression change in comparison

to original ones. Therefore, only two datasets (Face2Face and NeuralTextures from Face-

forensics++) satisfy the criteria and we evaluate the performance on those datasets. We

also present the results on DeepFake datasets to demonstrate that our method performs

at-par with the state-of-the-art methods in cases where the expression is not manipulated,

but rather the identity is changed, thus ensuring generalizability of the approach.

2.6 Conclusion

In this chapter of thesis, we propose a new approach (EMD) to exploit facial ex-

pression systems in image/video facial expression manipulation detection. Application of

deep network layers rich in information about facial expressions improves the manipula-
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tion detector by making it learn the useful features for facial expression transformation.

Experiments on two challenging datasets demonstrate our method has better classification

and segmentation performance in facial expression manipulation detection in comparison

to state-of-art results. Also, our method is close to the state-of-the-art methods for other

kinds of manipulation (identity swap) detection, thus ensuring generalizability.
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Chapter 3

A Curriculum Learning Framework

for Robust Image-Text Retrieval

from Noisy Captions

With the rapid growth of multimedia data, image-text retrieval has become a

pivotal task. In this thesis, we focus on learning image-text retrieval models utilizing image-

text pairs, where the text is generated by an automatic captioning process without any

requirement of tedious annotation effort. However, such generated descriptions are likely to

be noisy (e.g.,wrong detection of objects, misinterpretation of the image concept) due to the

use of automated captioning process. As a result, models trained with these automatically

generated noisy captions will result in sub-optimal retrieval performance. Current strategies

to mitigate the effect of noise are to consider additional pre-processing steps and filtering

out the inconsistent words from the text. While such methods can detect inconsistencies in
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the text, they are ineffective at identifying mismatches that require joint understanding of

images and texts. Thus, robustness to noise in the learning process is a superior solution. To

this end, this chapter of thesis proposes a robust image-text retrieval learning approach. Our

proposed framework, NoIse-robust Cross-modal REtrieval (NICE), utilizes data-driven

curriculum learning to up-weight the clean samples while discounting the noisy portion of the

training data. The data-driven curriculum learning is supervised using external knowledge.

Such sample weights, learned during training, compel the framework to learn from clean

examples. In this thesis, we specifically focus on the scenario where the textual description

is noisy due to automatic captioning process similar to Alt text generation. Extensive

experiments are conducted on two image-text datasets to demonstrate the effectiveness of

the proposed approach compared to multiple state-of-the-art methods for both image-to-text

and text-to-image retrieval. Our proposed NICE can reach up to 7% absolute improvement

in performance over the best baseline (OSCAR) on two COCO and Flickr30K datasets.

3.1 Introduction

With the rapid growth of multimedia data, image-text retrieval has become a

pivotal task. Learning image-text retrieval model requires large sets of images with descrip-

tions. However, the process of providing precise descriptions using human annotators is

expensive and tedious. The availability of multimodal data on the web makes it attractive

to crawl images with their corresponding alt texts (alternative text) 1 and use them to learn

cross-modal retrieval models.

1alt text: Generally accompanies images on the webpages and intends to describe the nature or the
content of the image in text format [109]
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Figure 3.1: (a) Examples of generated noisy captions using image captioning model [82] pre-
trained on Google Conceptual dataset [109]. Captions are generated by automatic image
captioning system similar to alt text generation [107]. When automated captioning model
is used to describe an image, the generated noisy captions are semantically meaningful but
some of the details are not consistent with the image. (b) OSCAR [69], as one of the
conventional retrieval systems, cannot retrieve the corresponding caption for an image from
COCO [74] when it is trained on a noisy training set similar to Fig. 1a. Our proposed
method (NICE) can successfully retrieve the corresponding caption.

Generally, alt text is automatically added when an image is uploaded and modern

computer vision techniques are at the core of this automation process, e.g., Facebook’s

Automatic Alt Text (AAT) technology2. However, these texts are not in any way restricted

or enforced to be accurate image descriptions. It can contain abstract information (e.g.,

search engine optimization terms, social media texts, hash-tags) and redundant information

(e.g., file name, date updated, file identifier). It can also contain noisy/wrong descriptions

of the images as the prediction/inference of automatic captioning process of different alt

text generation technology can be inaccurate (check noisy captioning examples in Fig. 3.1

(a)).

Training an image-text retrieval model with such noisy image-alt text pairs would

result in sub-optimal retrieval performance. One way to address the problem would be to

2https://www.facebook.com/help/ipad-app/216219865403298
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manually identify and remove the noise from the text, which is itself a tedious and expensive

task. Alternatively, we can apply text-based filtering approach similar to [52] to identify

abstract and redundant information. These filtering methods are good at identifying incon-

sistencies that are solely in the text and can be used to get rid of abstract and redundant

information present in alt text. However, they are unable to detect errors arising due to

the failure of automatic captioning process such as in Fig. 3.1 (a), which can only be de-

tected by considering the image and text jointly. In this thesis, we specifically focus on

the scenario where the textual description is noisy due to automatic captioning

process. Captions are generated by automatic image captioning system similar to alt text

generation [107]. Our objective is to learn a robust image-text retrieval model utilizing

image-text pairs where the text is generated by an automatic captioning system. To fa-

cilitate the experiments, we use a pre-trained captioning model to generate noisy captions

for an unlabeled set of images. These image-text pairs are then used to train the robust

retrieval system.

Noise in the captions leads to more difficulty in bridging the heterogeneity gap

[137, 77] between image and text modality which is crucial for learning a cross-modal system.

As is shown in Fig. 3.1 (b), OSCAR [69] (one of the state-of-the-art image-text retrieval

systems) is not able to retrieve corresponding caption of an image when it is trained on

images with noisy captions. This negative impact is empirically validated too (Fig. 4.3).

Although numerous studies have been conducted to explore how to robustly learn from

noisy data, such as [121, 47, 42, 43, 115, 131, 41, 85], none of the works addresses the

problem of learning robust image-text retrieval model in presence of noisy text annotation
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generated by captioning model. [47, 85] study cross-modal learning in presence of noisy

labels. However, their setup has class label assigned to each image-text pair and only these

class labels are assumed to be corrupted. Therefore, learning robust image-text retrieval

model in presence of captioning system generated noisy text requires proper attention and

thorough investigation.

To learn a retrieval model robust to noisy captions, it is imperative that the model

is able to emphasize the clean part of the dataset and learn from it, while avoiding the noisy

part. To this end, inspired by the success of Curriculum Learning (CL) to handle label noise

[55], we propose a data-driven curriculum learning method using external knowledge. It

learns to weigh the samples in a way that the model can focus on the samples whose captions

have a high chance of being correct. For example, consider Fig. 3.1(a), which illustrates

examples of noisy captions generated for COCO [74] images using a captioning model [82]

pre-trained on Google Conceptual dataset [109]. The objects in the image and the words

in the generated caption do not match (we see a kite in the image 1, while the caption

has the word “umbrella” in place of “kite”). To identify the broken link between different

modalities, we investigate the region and text embeddings in the joint embedding space.

The misalignment between image regions and words can be detected in the joint embedding

space if we have encoders to project the input in a way that relevant embeddings of different

modalities remain close to each other while irrelevant ones are pushed far away. Motivated

by this, we use a region encoder and a label encoder trained on an external source of data

with correct annotation to obtain an approximation of how likely an image-text pair is

correct. This approximation is used to guide the data-driven curriculum learning process

44



which can generate sample weights to learn from clean captions instead of corrupted ones.

While some generated captions consist of multiple corrupted words, others are close to the

original clean examples. Thus, learning from the clean part of the dataset becomes feasible

even in presence of both the clean and noisy captions. We term our method as NoIse-robust

Cross-modal REtrieval (NICE). From Fig. 3.1(b), we can see that our proposed method

(NICE), trained in such a way, is able to retrieve the correct caption.

Main contributions. Followings are the main contributions of the work:

• We propose a novel problem of learning image-text retrieval model in presence of

noisy captions, where the captions are generated by automatic image captioning sys-

tem. Detecting such noise in the captions will requiring jointly understanding the

correlations between the text and image features.

• We develop a novel framework for robust image-text retrieval systems. It utilizes data-

driven curriculum learning to assign weights to the noisy image-text pairs depending

on the caption reliability. Here, the data-driven curriculum is guided using external

knowledge.

• Extensive experiments on two baseline datasets (COCO [74] and Flickr30k [132])

show that our proposed approach NICE brings significant improvement in performance

compared to multiple state-of-the-art image-text retrieval methods in presence of noisy

caption.
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3.2 Related Work

Image-text retrieval. Multimodal learning involves the interaction between

multiple modalities such as images and text. One line of multimodal learning focuses on

image-text retrieval task. A common approach for image-text retrieval is to discriminatively

embed the image and text to a shared visual-textual space[59, 35, 124, 140, 19, 34]. One of

the early learning-based approaches[59] introduces an encoder-decoder pipeline that learns

multimodal joint embedding space with images and text. Inspired by common loss functions

used in structured prediction, [35] focuses on hard negatives for training. The authors in

[124] use soft gate for fusion to adaptively control the information flow for message passing

between the modalities.

With the emergence of transformers [120] in language understanding, recent works

have explored the use of these architectures for vision and language tasks. Many such image-

text [69, 87, 20, 63] or video-text[146] models rely on pre-trained object detectors to extract

bottom-up features that are viewed as individual visual words. A few other works, such as

PixelBERT [50] and VirTex [28] operate directly on dense feature maps instead of relying

on object detectors. All aforementioned works in image-text retrieval learn from clean data

while our proposed retrieval system is capable of learning from a mixture of clean and noisy

captions.

Learning with Noisy Data. Learning from noisy data has been investigated

widely in recent years. One approach to alleviate corrupted labels is based on noise cor-

rection strategy presented in [43, 115, 131, 41, 73, 121], aiming at removing samples with

suspicious labels or correct their noisy labels to corresponding true ones. In [43], authors
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[SEP]
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Figure 3.2: Our proposed framework (NICE) consists of three main components: i) the
base image-text retrieval system, ii) the CurriculumNet, which estimates the importance
weight of the image-text pairs in a data driven manner, and iii) a pre-trained region and
label encoder that supervise the data-driven curriculum. The Image-text retrieval model
and the CurriculumNet is trained in an iterative manner.

predict the pseudo-labels and train a deep network by using both the original labels and

pseudo-labels. The proposed heuristic algorithms [115, 131] have the issue of removing too

many instances or keeping mislabeled instances due to adjustment of a threshold for keeping

or removing the samples. Authors in [73] propose a method to learn from noisy labels, by

leveraging the knowledge learned from a small clean dataset and semantic knowledge graph

to correct the noisy labels. The approach in [121] comprises a multi-task network that

jointly learns to clean noisy annotations and to accurately classify images. The way these

methods deal with noise require extra ground truth information indicating the presence of

noisy labels. Providing ground-truth labels cannot always be guaranteed. Noise tolerant

methods such as [55, 42, 133] focus on identifying true labeled samples from noisy training

data. These methods to deal with noisy data are mostly applicable in other tasks, rather

than multimodal learning.
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Image-Text Retrieval with Noisy Data. Most prior works for noisy labels

are specifically designed for unimodal scenarios. Although Works in [85, 47] investigated

the problem of robust image-text retrieval, they consider each image-text pair is assigned

with a label and the label is noisy. These works presented a two-step pre-processing method

to obtain clean labels and feed them to cross-modal methods. To alleviate the influence

of noisy samples, [47] reshaped the loss function to down-weight difficult samples and up-

weight easy ones and thus focused training on clean samples. However, this method can not

be extended to the case where the caption itself is noisy (where the words in a caption are

swapped). Another strategy known to overcome noisy caption is filtering before training.

Work in [52, 112] exploits some degree of text filtering for this purpose. However, these pre-

proprosseing steps are expensive, time-consuming and ineffective at identifying mismatches

between image and text features (see explanation earlier). In this chapter of thesis, we

propose a method to learn directly from noisy captions without any pre-processing step.

3.3 Methodology

This section details our proposed approach for the task of image-text retrieval in

presence of noisy captions. First, we define the problem statement (Section 3.3.1). Then

we discuss the image-text retrieval model (Section 3.3.2) and the robust learning approach

using data-driven curriculum and utilizing external knowledge (Section 3.3.3).
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3.3.1 Problem Statement

Our objective is to learn a robust image-text retrieval system from a set of available

images with noisy captions. Let X denote a set of N images with noisy captions, i.e.,

X = {(x1, c1), ..., (xN , cN )}, where xi is the ith image and ci is its corresponding noisy

caption. The trained robust image-text retrieval system should be able to retrieve the

relevant correct caption based on the given image and text similarly, retrieve the relevant

image based on the given caption.

3.3.2 Image-Text Retrieval Model

The base structure of our image-text retrieval model consists of Transformer En-

coder with stacked self-attention layers and a linear layer; similar to OSCAR [69]. the

linear layer is used as the classifier to identify if a given image-text pair is aligned or not.

For an input image-text pair, proper identification of the alignment requires fused vision-

language representation to be accurate. Formally, assume we have a set X of N images

with noisy captions, i.e., X = {(x1, c1), ..., (xN , cN )}, where xi is the ith image and ci is its

corresponding noisy caption. For each image, an object detector is used to obtain t, where t

is a sequence of words/labels representing high precision detected object tags in the image.

As a result, for each image-caption pair (x, c), input to our image-text retrieval model is a

triplet (x, c, t).

Input Embeddings. For an image x, we extract features of k regions {r′1, r′2, . . . , r′k}

using Faster R-CNN [99]. For each region, we concatenate 4 dimensional bounding box in-

formation predicted by Faster R-CNN to obtain position aware features. A linear layer is
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used to obtain projected region features {r1, r2, . . . , rk}, which has the same vector dimen-

sion as the word embeddings. We use discrete tokens comprised of vocabulary words to

represent captions. These tokens are the semantic units for processing the language. For

each words in a caption, we use its representative token. Then the embedding of each word

is the sum of its token-specific learned embedding [30] and encodings for position (token’s

index in the sequence). Similar to words in a caption, each tag is also represented by its

corresponding token-specific learned embedding added with the positional encoding. For

each image-caption instance (x, c), we combine the embeddings of image, text, and tags with

embedings of some special tokens (classification token:[CLS], separator token:[SEP]) se-

quentially following the format: ‘[CLS] caption [SEP] tags [SEP] image’. This

sequence is input to the image-text retrieval model for each image-caption pair.

Image-Text Retrieval Model. The image-text retrieval model consists of trans-

former encoder and a classification layer. The transformer encoder E : X→ Rd maps image-

caption pair (x, c) ∈ X to a fused vision-language representation h ∈ Rdh (final embedding

corresponding to the [CLS] token of the input image-caption pair). Here, dh is the feature

dimension of the fused vision-language representation h. This fused representation h is

used for classification task. A classifier F : Rdh → R is used to identify if the fused vision-

text representation h corresponds to correct image-text pair. Combining the encoder E and

classifier F, we define the trainable image-text retrieval model Tθ : X → R parameterized

by θ. Here, Tθ(x, c) outputs the probability of (x, c) being the correct image-caption pair.

Our objective is to learn a robust Tθ for image-text retrieval task.
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3.3.3 Data-driven Curriculum for Robust Learning

To train the image-text retrieval model Tθ, the retrieval task is formulated as a

binary classification problem. For each given image-text pair (x, c) with noisy caption c, we

formulate three negative / unaligned image-text pairs by i) sampling two random captions

for the given image (x, c−1 ), (x, c−2 ), and ii) sampling a random image given the caption

(x−, c). So for a given image-caption pair (x, c) with noisy caption c, we have a collection

of image-text pairs s and a collection of labels y indicating if each of the pairs are aligned

according to the provided supervision. We use the image-text retrieval model Tθ to obtain

the output probabilities of the image-caption pairs being aligned. Hence,

s =



(x, c)

(x, c−1 )

(x, c−2 )

(x−, c)


, y =



y(x,c)

y(x,c−1 )

y(x,c−2 )

y(x−,c)


, Tθ(s) =



Tθ(x, c)

Tθ(x, c
−
1 )

Tθ(x, c
−
2 )

Tθ(x
−, c)



To learn an image-text retrieval model that can predict the image-text alignment

correctly, cross-entropy loss, l(·), between predicted alignment scores and provided ground

truth information is used. The optimization problem is to find the model parameter that

minimizes cross-entropy loss computed over all the image-caption samples:

arg min
θ

N∑
i=1

LT
(
yi,Tθ(si)

)
+ γ||θ||22, (3.1)
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where LT
(
y,Tθ(s)

)
is the cross-entropy loss computed for all four samples in s, i.e.,

LT
(
y,Tθ(s)

)
=

1

4

4∑
j=1

l
(
y[j],Tθ(s)[j]

)
(3.2)

However, in our problem setting, since the captions are noisy, an image-text re-

trieval model trained on provided ground truth information optimizing Eqn. 3.1 will result

in sub-optimal performance. Our goal is to learn a robust model Tθ with the provided

noisy caption. Towards that goal, during training, the idea is to emphasize more on the

images with correct caption and diminish the impact of incorrect captions. In that regard,

inspired by [55], we adopt a data-driven curriculum learning strategy and design Curricu-

lumNet (Zw) to estimate the sample weights. Curriculum learning [55] defines a scheme

under which training samples will be gradually learned and similarly we want to define a

scheme where the clean captions will be emphasized. However, unlike [55], we don’t have a

small set of instances with clean labels from the same distribution of the training data to

guide the data-driven curriculum generation process. Instead, we use knowledge learned us-

ing external data from different distribution to supervise the data-driven curriculum. First

we discuss how we utilize the external knowledge to obtain supervision for the data-driven

curriculum and how we design and train the CurriculumNet to estimate the sample weights.

Learning External Knowledge. We use object regions and object labels of

Visual Genome dataset [62] as the external source of knowledge. Using the data, we train

a region encoder I and a label encoder H to project the region representation and label

representation in the joint embedding space. We project object region embedding r′′ and
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Algorithm 2 NoIse-robust Cross-modal REtrieval (NICE)

1: Input: Image (xi)-text (ci) pair set X where the text is noisy.
2: Output: Robust image-text retrieval model parameters θ.
3: Initialization: Initialize image-text retrieval model parameters θ and CurriculumNet

parameters w
4: while not converged do
5: Fetch Mini-batch of image-text pairs Bf = {xfi , c

f
i }bi=1 ∼ X

6: Compute image-text allignment loss LT(Bf ; θ) using Eq. (2)
7: Update retrieval model parametrs by θ ← θ − η▽θL

T

8: if update curriculum then
9: Compute input feature ϕ(xi, ci) of CurriculumNet

10: Compute LZ(Bf ;w) of Eq. (5) for predicted weights
11: Update CurriculumNet parameters by w ← w − η▽wL

Z

12: Return Retrieval model parameters θ

it’s corresponding label embedding t′′ in the joint embedding space and minimize the co-

sine distance between them. For this purpose, we optimize mean multiplication of region

embeddings and word embeddings as

LS = − 1

n

1

k

n∑
i=1

k∑
j=1

(log(σ(r′′i,j .t
′′pos⊺
i,j ))

+ log(−σ(r′′i,j .t
′′neg⊺
i,j ))),

(3.3)

where, n and k is the number of images and number of regions for each image xi respectively.

t′′posi,j refers to embeddings of correct labels and t′′negi,j is for the sampled incorrect labels. σ

is Sigmoid function. The learned region encoder I and label encoder H is used for guiding

the curriculum learning.

CurriculumNet. CurriculumNet Zw is a neural network consisting of a LSTM

layer and two fully connected layers. For a mini-batch of samples, it outputs their corre-

sponding sample weights v which is used for training image-text retrieval model Tθ. We use

the current loss LT
(
yi,Tθ(si)

)
from Tθ, loss difference to the moving average, and embed-
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ding of epoch percentage as input to the CurriculumNet. To supervise the training of the

CurriculumNet, we use learned region encoder I and label encoder H. For an image-caption

pair (x, c), we generate region embedding r′′ from the image and parsed noun embedding

t′′ using I and H respectively and compute distance of embeddings by taking mean of inner

products of embeddings:

u =
1

k

1

m

k∑
j=1

m∑
p=1

(r′′j .t
′′
p), (3.4)

where k is number of object region in the image and m is number of word tokens in the

corresponding caption. u is an indicator of how likely the image-caption pair is correct

and used as a pseudo supervision to train the CurriculumNet. For an image-caption pair

(x, c) the output of the curriculumNet is v = Zw(ϕ(x, c)), where ϕ(x, c) is the input feature

(current loss LT
(
yi,Tθ(si)

)
from Tθ, loss difference to the moving average, and embedding

of epoch percentage) to CurriculumNet for the corresponding image-caption pair. We use

cross-entropy loss LZ
(
u,Zw(ϕ(x, c))

)
between predicted weight v and estimated weight u

from the external knowledge to optimize the weights of CurriculumNet by

arg min
w

N∑
i=1

LZ
(
ui,Zw(ϕ(xi, ci))

)
+ β||w||22 (3.5)

Final Objective. The overall training strategy for NICE algorithm is presented

in Algorithm 2. Instead of optimizing Eqn. 3.1, we use data driven curriculum to assign

different weights to different samples.

arg min
θ

N∑
i=1

viL
T
(
yi,Tθ(si)

)
+ γ||θ||22, (3.6)
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Figure 3.3: OSCAR [69] retrieval performance on COCO 5k [74] when train and test set both
are clean (blue) vs when train set is noisy and test set is clean (pink). We see performance
drop in Noisy training scenario.

where, vi= Zw(ϕ(xi, ci)) is the predicted weight by CurriculumNet. Since ϕ(x, c) gets

updated by optimizing image-text retrieval model, we also optimize the CurriculumNet

every other epoch for the current image-text retrieval model by,

arg min
w

N∑
i=1

LZ
(
ui,Zw(ϕ(xi, ci))

)
+ β||w||22 (3.7)

3.4 Experiments

In this section, we experimentally evaluate the performance of our proposed NICE

approach. We first describe the experimental setups consisting dataset description, evalu-

ation metrics, and the implementation details of the experiments. Finally, we report and

analyze the results both quantitatively and qualitatively.
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Table 3.2: This table reports the performance for image-text retrieval task in Flickr30K
dataset when models are trained with noisy captions. Proposed NICE achieves significant
improvement over other approaches.

Method
Image-to-Text Text-to-Image

R@1 R@5 R@10 R@1 R@5 R@10

VSE++ [35] 25.2 54.9 66.4 15.9 44.4 53.7
ReasoningNet [87] 27.4 58.2 69.0 20.8 49.9 65.6
NICE-T 30.9 63.9 75.6 25.3 54.8 70.7
OSCAR [69] 31.7 61.3 79.5 25.1 59.9 74.8
NICE 36.8 68.3 86.8 30.3 66.5 80.3

3.4.1 Experimental Setups

Datasets. We employ two commonly-used image-text pair datasets, COCO [74]

and Flickr30k [132], to evaluate our proposed method. COCO dataset is a large-scale

object detection, segmentation, key-point detection, and captioning dataset. It contains

164K images split into training (83K), validation (41K) and test (41K) sets. Every images

contains roughly 5 text descriptions on average. Flickr30k is a standard benchmark for

sentence-based image description. It contains 31,783 images collected from Flickr, together

with 5 reference sentences provided by human annotators. We split the dataset into 1,000

test images, 1,000 validation images, and 29,783 training images.

To generate noisy captions, we exploit an automatic caption generator pre-trained

on Conceptual Caption (CC) dataset [109]. The caption generator is the winner architecture

in Google’s Conceptual Challenge3. Captions are generated by automatic image captioning

system similar to alt text generation [107]. Feeding the images of COCO [74] and Flickr30k

[132] datasets to the caption generatorleads to generation of noisy captions. We trained our

framework on COCO and Flickr30k train set with original images and the generated noisy

3https://github.com/ruotianluo/GoogleConceptualCaptioning
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captions. We did the evaluation on clean COCO and Flickr30k test set (i.e., both image

and corresponding caption are from the original datasets). We also trained two baselines

adapted with curriculum learning setup (NICE-L and NICE-T, see Robustness of NICE

to Web-Crawled Noisy Datasets) using a subset of CC dataset (100k). We evaluated

the adapted frameworks on clean COCO. We extract features of image regions using Faster

R-CNN [99] pre-trained on Visual Genome [62] dataset. We also use object regions and

object labels of Visual Genome as the external source of knowledge to train region and

label encoder. Visual Genome Dataset is an annotated image dataset and knowledge base

that connects structured image concepts to language.

Evaluation Metric. We employ the Recall@K (R@K) metric for evaluating the

retrieval performance for both image-to-text and text-to-image retrieval task. The R@K

metric measures the percentage of queries for which our system is able to retrieve the

correct item among the first K results. We consider K ∈ {1, 5, 10}. Please note that all the

evaluations are done in testing sets with clean captions.

Implementation Details. We employ multi-layer transformer similar to pre-

trained OSCAR [69] base model as the baseline for image-text retrieval task. The trans-

former is initialized with parameters of BERT base (H = 768). H is the hidden size. The

layers of transformer encoder are freezed up to the last layer. The bottom-up features for

image regions are extracted using Fast-RCNN [99] pre-trained on Visual Genome dataset

[62]. Our framework is implemented in PyTorch. All the experiments are trained for 40

epochs with a batch size of 8. We use ADAM [58] optimizer with initial learning rate of

0.00001. The decay factor in computing the loss moving average for curriculum learning is
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set to 0.90. The experiments are conducted on an NIVIDIA 2080Ti GPU.

3.4.2 Result Analysis

The following experiments are conducted to evaluate the performance of our pro-

posed NICE:

- We analyze the significance of the problem, i.e., existing image-text retrieval models

incompetence to noisy text data.

- We compare the performance of proposed NICE approach in presence of noisy caption

during training with other image-text retrieval approaches.

- We analyze the advantage of using data-driven curriculum learning over using fixed cur-

riculum learning.

- We visualize sample embeddings generated using external knowledge and how we are

utilizing it for pseudo supervision.

- We investigate our methodology performance using web-crawled noisy datasets to indicate

the ability of our approach in robustness to such noisy captions.

- We show qualitative examples that verify the significance of the proposed NICE.

Significance of the Problem. In Fig. 3.3, we consider OSCAR model, fine-

tuned for image-text retrieval task in COCO dataset for two settings: i) the training images

are associated with clean captions (blue) and ii) the training images are associated with

noisy/wrong captions (pink). Model trained with noisy captions has 17%−42% performance

drop compared to model trained with clean captions. We also observe the performance drop
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Table 3.3: Performance comparison for fixed vs data-driven curriculum on COCO 5k dataset
for different image-text retrieval approaches. Data-driven curriculum provides highest ro-
bustness compared to using fixed curriculum and also compared to vanilla models.

Method Zw
Image-to-Text Text-to-Image

R@1 R@5 R@10 R@1 R@5 R@10

VSE++ - 21.0 49.6 63.0 15.3 39.1 51.8
NICE-L ✗ 23.1 52.9 66.9 16.9 45.4 54.0
NICE-L ✓ 25.1 53.9 68.7 18.9 47.4 56.4

ReasoningNet - 25.4 52.7 70.6 22.9 51.9 66.6
NICE-T ✗ 27.9 55.9 74.2 24.9 52.8 69.1
NICE-T ✓ 29.0 58.9 76.9 26.1 55.5 71.9

OSCAR - 28.9 54.9 74.2 23.3 53.5 68.9
NICE ✗ 30.6 58.1 78.2 25.7 55.5 71.9
NICE ✓ 32.3 60.9 81.3 27.1 58.8 74.2

for different approaches (VSE++, ReasoningNet) and for different datasets. It justifies

that image-text retrieval model trained with caption generated from automated captioning

system are not robust to caption noise.

Robustness of NICE. We analyse the robustness of our proposed NICE ap-

proach learned using noisy captions for image-text retrieval task. Ours is the first work

that proposed noise robust image-text retrieval system where labels for different modality

data are not available. Hence, there is no other noise robust approach we can directly com-

pare with. Instead, we consider three different types of state-of-the-art image-text retrieval

models: i) VSE++ [35] (Linear layer based model), ii) ReasoningNet [87] (Transformer

[120] based model), and iii) OSCAR [69] (BERT [29] based pre-trained model) and train

these models with noisy captions for comparison. To show the efficacy of our proposed ap-

proach, we adapt both Transformer based image-text retrieval model (NICE-T) and BERT

based pre-trained image-text retrieval model (NICE) with our proposed data-driven cur-
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Figure 3.4: t-SNE visualization of region and label embeddings by I and H. We observe
small distances between text and image embedding of the same object; most of them are
perfectly aligned.

riculum learning using external knowledge. Table 3.1 and Table 3.2 show the retrieval

performance for COCO and Flickr30K dataset respectively. For both datasets, we observe

that conventional image-text retrieval models perform poorly when trained with noisy cap-

tions. NICE-T provides 2% − 6% improvement over its base approach ReasoningNet for

both datasets over all the reported metrics. Our proposed NICE results in 3% − 7% ab-

solute improvement over the best baseline (OSCAR). It validates that NICE is robust to

noise present in caption and the data driven curriculum learning using external knowledge

is adaptable to different types of image-text retrieval system.

Fixed Curriculum vs Data-driven Curriculum. To make the image-text

retrieval system robust to the noise in caption, our strategy is to emphasize more on the

clean labels and diminish the impact of incorrect caption. We use external knowledge (pre-

trained region encoder I and label encoder H) to estimate how likely the caption is correct
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Clean: Painting of oranges, a 
bowl , candle , and a pitcher

Noisy: still life with a jug Noisy: a man rides his bicycle 
past a train

Clean: A man on a bicycle 
riding next to a train

(b)(a)

𝒗

𝑣 is the image-caption similarity

Figure 3.5: (a) Generated caption doesn’t match with the clean caption which is success-
fully identified using external knowledge (v is low). (b) Generated caption is successfully
identified as correct (v is high).

for an image-caption pair. Then we use this estimate to guide the CurriculumNet to generate

sample weights during training. However, the estimate from the external knowledge can also

be used directly to set up a fixed curriculum. In Table 3.3, we consider NICE with both fixed

curriculum (curriculumNet Zw not used) vs data-driven curriculum (curriculumNet Zw is

used). We observe that even when fixed curriculum is used, there is 2%−4% improvement of

performance compared to approaches that don’t have any noise robust component. However,

when data-driven curriculum is used, we obtain 3%− 7% improvement over the approaches

that don’t have any noise robust component in COCO dataset. Here, NICE-L, NICE-T, and

NICE refer to linear layer based, transformer based, and BERT based image-text retrieval

model adapted with curriculum learning setup respectively. Our intuition is that when

CurriculumNet (Zw) generates sample weights based on the output of image-text retrieval

model (Tθ), iterative training of these model provides robustness to each other. As a result,

it performs better compared to using fixed curriculum and justifies the use of data-driven
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Table 3.4: This table reports the performance for image-text retrieval task in COCO 5k
dataset when models are trained with CC dataset. Proposed NICE-L and NICE-T achieves
improvement over conventional approaches.

Method
Image-to-Text Text-to-Image

R@1 R@5 R@10 R@1 R@5 R@10

VSE++ [35] 13 35.7 52.1 10.3 30.6 40.1
NICE-L 14.7 37.5 56.8 11.1 32 43.4
ReasoningNet [87] 16 38.1 57.1 12.3 33 44.3
NICE-T 17.9 40.1 62.8 13.1 35.5 47.9
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Noisy: A group of 
people on the street

Clean: A yellow dog 
jumping off of a porch

Noisy: Dog running in 
the park

Clean: A middle-aged 
man assembles a 
green kite at his office 

Noisy: Man with a 
umbrella in the office
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market
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Figure 3.6: Qualitative retrieval results. (i) Examples of image-text pairs from COCO [74]
and Flickr30k [132]. “Clean” refers to caption from the original dataset, and “Noisy” de-
scriptions are generated noisy captions. (ii) The top-2 retrieved results are shown. Green
denotes the ground-truth images or captions. Our model can capture the alignments be-
tween images and captions even though the training set consists of noisy captions.

curriculum.

Analysis of Learned External Knowledge. We use region encoder I and

label encoder H learned from external source of clean data from different distribution,

which guides the training of CurriculumNet Zw. Hence, learning a proper curriculum is

dependent on the learned I and H from external source. To check the performance of I and

H, we visualize the learned semantic feature space of image-text pairs of Visual Genome

[62] (clean dataset) on a 2D map using t-SNE [119] in Fig. 3.4. The embedding of the

image and the word corresponding to the same object share the same color. As we can see,
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the distance of the same object between two modalities is substantially low; most of them

are perfectly aligned, as demonstrated by the overlapping regions. This shows learned I

and H correctly projects object region and its label in the joint embedding space.

Pseudo Supervision Using External Knowledge. NICE uses learned knowl-

edge from external source to compute how likely a image-caption pair is correct and use it

as a pseudo supervision to train the CurriculumNet. For example, in Fig. 3.5, two images

and their corresponding original and generated caption using automatic caption generator

are given. As it is clear from Fig. 3.5 (a), the automatically generated caption is not a

good description of the picture. As a result, the similarity score for (a) is low, which is an

indicator that the information in the caption is not helpful to learn from. However, the

caption for the image (b) in Fig. 3.5 is less noisy. Most of the words are the same as the

original caption, while just the sentence structure is altered. So the similarity score for (b)

is high and learning from this caption is beneficial. We exploit these similarity scores as

pseudo supervision to train CurriculumNet.

Robustness of NICE to Web-Crawled Noisy Datasets. Even though the

focus of the work is to learn a noise robust retrieval model specifically for the noisy texts

generated by captioning models, we observe that our approach is also robust to the noise

obtained from web crawled image-text data, similar to noisy captions in Conceptual Cap-

tion dataset [109]. To demonstrate robustness of our approach to such noisy dataset, we

conducted experiments in which VSE++ [35] and ReasoningNet [87] are trained on CC.

Table 3.4 demonstrates retrieval performance for subset of CC dataset (100K). We did not

conduct the similar experiment for NICE because it is already pre-trained on CC dataset.
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We evaluated VSE++ and ReasoningNet on test collections from MS-COCO which is more

similar to CC. As seen in Table 3.3, NICE-L and NICE-T, which are linear layer based and

transformer based image-text retrieval model adapted with curriculum learning respectively,

perform quite well in comparison to VSE++ and ReasoningNet. The presented results in-

dicate the fact that our methodology is also compatible with other types of noisy captions

in image-text pair datasets.

Qualitative Results. We qualitatively demonstrate some image-text pairs from

COCO [74] and Flickr30k [132] along with generated noisy captions. Fig. 3.6 (i) elaborates

the fact that some generated captions consist of multiple corrupted words, while some other

generated captions are close to clean ones. Thus, learning from the clean part of the dataset

is feasible with the existence of correct captions and noisy ones. In Fig. 3.6 (i), the captions

in the first line of the description are the original texts, and the second rows include the

generated noisy captions.

Fig. 3.6 (ii) shows top-2 ranked image-to-text and text-to-image retrieval results

of two samples from COCO [74]. In the image-to-text retrieval case (top sample), captions

in column (a) are retrieved by OSCAR [69]. Red captions show the wrong retrieval. As

it is clear, OSCAR, trained with noisy caption, is not capable of retrieving any captions

corresponding to the image. In column (b), our proposed framework retrieves the correct

captions marked in green. In comparison to OSCAR [69], our method has promising perfor-

mance as it retrieves two correct captions. The below sample in Fig. 3.6 (ii) demonstrates

the text-to-image case. The row (a) of images for the caption query is from OSCAR [69],

and the row (b) is for our proposed method. While OSCAR fails to retrieve the images
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corresponding to the query, our proposed method is able to retrieve results which connect

the query and corresponding image.

3.5 Additional Qualitative Results

In this section, 1) we provide the complete pseudo-code of the our proposed

method, Noise Robust Cross-modal Retrieval (NRCR). 2) we present the detailed archi-

tecture of our framework including the image-text retrieval system, data-driven curriculum

net and region-label encoder using external knowledge. 3) we show more qualitative results

for image-to-text and text-to-image retrieval. 4) we provide our generated noisy captions

using captioning model [82].

Algorithm The detailed pseudo-code of the proposed paradigm is described in 3.

It can be summarized into two-stage training schemes: region and label encoder training

using external knowledge for stage one, image-text retrieval system training with robust

learning approach using data-driven curriculum for stage two.

Detailed Architecture In page 2 we provide complete and detailed architecture

of our proposed framework (NICE). Our framework consists of image-text retrieval model

which is a multi-layer transformer. The output feature of [CLS] representation is used to

classify if image and text are related or not. Data-driven curriculumNet is a neural network

consisting of a LSTM layer , embedding layer and two fully connected layers. The loss, loss

difference to the moving average, and epoch percentage are input to the CurriculumNet.

The concatenated outputs from the LSTM and the embedding layers are fed into two fully-
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Algorithm 3 NoIse-robust Cross-modal REtrieval (NICE),

Step 1: training region and label encoder using external knowledge XS

Input: XS = {ri, j′′, ti, j′′}n,ki=1,j=1 for n number of images and k number of regions.
Output: Region and label encoder (IHγ) parameters γ.
Initialize region and label encoder parameters γ
while Not converged do

Fetch Mini-batch BS = {xSi , cSi }Bi=1 ∼ XS

Compute: LS(BS ; γ) by Eq. (3)
Update: γ ← γ − η′▽γL

S

Step 2: training image-text retrieval system using image-text pairs with noisy caption X

Input: Image-text pair set X

Output: Image-text retrieval model parameters θ.
Initialize Image-Text retrieval model parameters θ,
Initialize CurriculumNet parameters w
while Not converged do

Fetch Mini-batch Bf = {xfi , c
f
i }Bi=1 ∼ X

Compute: LT(Bf ; θ) by Eq. (6)
Update: θ ← θ − η▽θL

T

if update curriculum then
Compute ui = IHγ(xi, ci) where IHγ is
pretrained region and label encoder
Compute ϕ′(ui, θ)
Compute: LZ(ϕ′;w) by Eq. (7)
Update: w ← w − η▽wL

Z

Return θ
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Loss , loss difference to 
the moving average

0/1

…                  … 

Image and text are 
related or not

Minimizing the distance 

Pretrained Encoders

Output Features

Multi layer transformer

Figure 3.7: Detailed architecture of our proposed framework.
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connected layers. We extract features of image region using Fast RCNN [99]. The extracted

features along with labels are fed to region and label encoder to minimize the gap between

the modalities.

A cow standing in a grassy open field 
Two cows grazing on grass in a field by a house 
Cows grazing in a field with rocks in the background 
A zebra grazes on grass in a grassy field 
Several sheep grazing in a field of tall grass in front of a building 

A black bird is eating an apple in a pot of dirt
A bird in a pot eating a fruit 
A bird in a pot eating a fruit 
Small vase with a cute small bird sitting on a window seal 
A bird attempting to bite a piece of sandwich bread 

A man riding on the back of a motorcycle 
A man in a red shirt and a red hat is on a motorcycle on a hill side 
A policeman rides on a motorbike in the street 
A close up of a person riding a motorcycle on a long empty road
A policeman on a motorcycle driving through a village 

A dog is laying in a chair in front of a book shelf

A very large teddy bear that is sitting in a chair 
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Figure 3.8: The top-5 retrieved results are shown. Green denotes the ground-truth images
or captions
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Qualitative Results We show top-5 ranked image-to-text and text-to-image re-

trieval results of six query samples from COCO [74]. Our image-text retrieval system is

able to retrieve three correct captions for second image query in image-to-text retrieval

scenario. As Fig. 3.8 shows in text-to-image scenario, the corresponding image shows up in

first and second rank. Our proposed approach is capable of image-text matching although

the trainset includes noisy captions. Green denotes the ground-truth images or captions.

3.6 Conclusions

In this paper, we propose a new image-text retrieval framework robust to noisy

captions during the training process. This is an useful framework when we are learning

from automatically generated captions, as is inevitable given the large volumes of data be-

ing collected. We exploit curriculum learning to up-weight the clean samples and prevent

noise interference in the training process. To provide supervision for data-driven curriculum

learning, we use an already annotated large dataset as an external knowledge source. Thus,

our proposed framework is robust to noisy captions even though we have no access to a label

indicating the sample is correct or not. Experiments on two challenging datasets demon-

strate our method has better performance in comparison to state-of-the-art baselines. The

paper addresses an important practical problem, how to learn cross-modal retrieval meth-

ods from imperfect captions, thus allowing scalability to large-scale automatically captioned

image datasets. There is significant scope for improvement. Overall, cross-modal retrieval

performance has a lot of room for improvement, and doing so from noisy captions has even

more such scope.
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Chapter 4

Learning Noise-Robust Image-Text

Retrieval with Alignment Network

With the rapid growth of multimedia data, image-text retrieval has become a

pivotal task. In this work, we focus on learning image-text retrieval models utilizing noisy

image-text pairs. Contrary to prior works where the source of noise is the random shuffling of

image-text pairs, we consider a realistic scenario where image captions were generated using

an automatic captioning process without any tedious annotation effort. Since such generated

descriptions are likely to be noisy (e.g., wrong detection of objects, misinterpretation of

the image concept), models trained with these automatically generated noisy captions will

result in sub-optimal retrieval performance. To this end, we propose a robust image-text

retrieval learning approach. Our proposed method, Image-Text Robust Retrieval Alignment

Network (ITRANE), utilizes an alignment model to bridge the gap between corresponding

embeddings in different modalities. It enforces fine-grained alignment between vision and
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Figure 4.1: (a) Examples of generated noisy captions using captioning model [82]. When
an automated captioning model is used to describe an image, the generated noisy captions
are semantically meaningful but some of the details are not consistent with the image. (b)
While a conventional retrieval system cannot retrieve the corresponding caption for an image
when it is trained on a noisy training set similar to Fig. 1a, our proposed method, ITRANE,
can successfully retrieve the corresponding caption since the alignment model enforces fine-
grained alignment between corresponding embeddings in different modalities. r and t refer
to the image region and the tags/labels detected by Faster R-CNN [99], respectively.

language modalities as a regularization constraint to increase the robustness of an image-

text retrieval model. Extensive experiments are conducted on two image-text datasets

to demonstrate the effectiveness and generalizability of ITRANE. Our results show that

ITRANE can reach up to 14% average improvement in performance compared to a recent

noise robust image-text retrieval approach.

4.1 Introduction

Cross-modal retrieval is the task of retrieving the relevant samples from one modal-

ity as per the given user query expressed in another modality. There has been a large body

of work [50, 28, 69, 35, 140, 19, 34] that addresses the task of cross-modal image-text re-

trieval. Although these methods have shown promising performance, their success depends
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on an implicit assumption of correctly annotated training data. However, the process of

providing precise descriptions using human annotators is expensive and tedious. As a re-

sult, there can be scenarios where a system needs to learn image-text retrieval models using

noisy image-text pairs.

Training an image-text retrieval model with noisy image-text pairs would result

in sub-optimal retrieval performance. Few recent works [49, 94] have addressed the task

of learning an image-text retrieval model utilizing noisy image-text pairs. They consider

noisy correspondence, where the correct pairs were shuffled to create the noisy scenario.

Such annotation does not reflect the practical scenario of web-crawled noisy image-text

pairs or cheap noisy annotation from annotators. Instead, analogous to how Alt-texts 1 are

automatically generated (e.g., Facebook’s Automatic Alt Text (AAT) technology2), we use

an automatic captioning model to generate the noisy description of images. This is a far

more practically relevant model for noisy captions than shuffling them.

In this work, we specifically focus on the problem of learning a robust image-

text retrieval system using noisy image-text pairs generated by a captioning model. One

way to address the problem would be to apply a text-based filtering approach similar to

[52]. These filtering methods are good at identifying inconsistencies that are solely in the

text. However, they are unable to detect errors arising due to the failure of the automatic

captioning process such as in Fig. 4.1 (a), which can only be detected by considering the

image and text jointly. Few works [52, 112] scale up the training set to mitigate the effect

of noise. However, scaling up the dataset may not be a feasible option due to resource

1Alt-text: Generally accompanies images on the webpages and intends to describe the nature or the
content of the image in text format [109]

2https://www.facebook.com/help/ipad-app/216219865403298
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constraints and in scenarios dealing with private data (e.g., healthcare) or hard-to-acquire

data (e.g., environmental monitoring). Thus, we need robust approaches to learn from

realistic noisy image-text pairs.

Prior works [84, 55, 42] have shown that training in presence of noisy annotation

results in an over-fitted model to accommodate the noise. One way to tackle the issue

is to use regularization techniques. However, common regularization techniques are not

enough for generalization and cannot properly shield the effect of noisy data. Therefore,

our proposed approach ITRANE considers an additional optimization problem as the reg-

ularization constraint to mitigate the effect of noise. Motivated by fine-grained image-text

retrieval methods which decompose image-text matching into global-to-local level match-

ing, we enforce fine-grained alignment between region embedding and text embedding as the

regularization constraint. We leverage transformer-based image-text retrieval architecture,

along with a readily available vision-language pretrained model (CLIP) and a pretrained

object detector, to enforce fine-grained alignment. For example, in image 1○ of Fig.

4.1(a), we see a kite in the image, while the caption has the word “umbrella” in place

of “kite”. A pretrained object detector is likely to predict the tags/labels of the salient

“kite” region correctly. We enforce the image region embedding of “kite” generated by an

image-text retrieval model to be aligned with the text embedding of “kite” obtained from

pretrained CLIP. Therefore, image region embeddings are learned close to correct corre-

sponding tags/labels and pushed far away from irrelevant ones. This constraint guides the

model to be robust to the presence of noise. From Fig. 4.1(b), we can see that ITRANE,

trained in such a way, is able to retrieve the correct caption.
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Main contributions. Followings are the main contributions:

• We address the problem of learning image-text retrieval models in presence of noisy

captions, where the captions are generated by automatic image captioning systems, which

allow us to obtain a rich description of images without any manual effort. Detecting such

noise in the captions will require a joint understanding of the correlations between the

text and image features.

• We propose a novel Image-Text Robust Retrieval Alignment Network (ITRANE) for a

robust image-text retrieval approach. It utilizes a fine-grained alignment between the

image-text modality as a regularization constraint to guide the robust learning process.

• Extensive experiments on two baseline datasets (COCO [74] and Flickr30k [132]) show

that our proposed approach brings significant improvement in performance compared

to multiple state-of-the-art image-text retrieval methods and noise-robust image-text re-

trieval methods in presence of noisy caption.

4.2 Related Work

Image-text retrieval. Matching between images and sentences is the key to

image-text cross-modal retrieval. Most previous works exploited visual-semantic embedding

to calculate the similarities between image and sentence features after embedding them into

the joint embedding space [59, 35, 124, 140, 19, 34]. Coarse-grained matching approaches

utilize multiple neural networks to compute a global feature and each network is used for a

specific modality. For example, authors in [60] use a Convolutional Neural Network (CNN)

and a Gated Recurrent Unit (GRU) to obtain the image and text features, while enforcing
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the similarity of positive pairs larger than that of the negative ones. Inspired by common

loss functions used in structured prediction, [35] focuses on hard negatives for training.

The authors in [124] use soft gate for fusion to adaptively control the information flow

for message passing between the modalities. With the emergence of transformers [120] in

language understanding, recent works have explored the use of these architectures for vision

and language tasks. Some such image-text [69, 87, 21, 63] or video-text[146] models rely on

features extracted from each patch of images or video frames. A few other works, such as

PixelBERT [50] and VirTex [28] operate directly on dense feature maps instead of relying

on separate patches. All afore-mentioned works in image-text retrieval learn from clean

data while our proposed retrieval system is capable of learning from a mixture of clean and

noisy captions.

Vision-and-Language Pre-training. There is a recent growing interest in pre-

training generic models to solve a variety of Vision-language problems, such as visual ques-

tion answering, image-text retrieval and image captioning etc. Vision-language pre-training

aims to improve performance of downstream vision and language tasks by pre-training the

model on large-scale image-text pairs. For example, there are different architectures (e.g.

two-stream models [56, 81, 80] vs. single-stream models [21, 63]), backbones (e.g. ConvNets

[50] vs. Transformers [57]) etc. All these works aim to exploit the large-scale aligned image-

text corpora to pre-train a powerful multi-modal model, which is then adapted to various

downstream Vision-language tasks. Despite the use of simple rule-based filters, noise is still

prevalent in large-scale texts crawled from web. However, the negative impact of the noise

has shadowed by the performance gain obtained from scaling up the dataset.
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Learning with Noisy Data. To handle the possible noisy annotations in the

training data, a large number of methods have been proposed and almost all of them focus

on the classification task. Noise-resistant methods use a wide variety of techniques such as

robust losses [17], sample selection [40], regularization [79], and meta learning [65]. One

approach to alleviate corrupted labels is based on noise correction strategy presented in

[43, 115, 131, 41, 73, 121], aiming at removing samples with suspicious labels or correct their

noisy labels to corresponding true ones. Authors in [73] propose a method to learn from

noisy labels, by leveraging the knowledge learned from a small clean dataset and semantic

knowledge graph to correct the noisy labels. The way these methods deal with noise require

extra ground truth information indicating the presence of noisy labels. Providing ground-

truth labels cannot always be guaranteed. Noise tolerant methods such as [55, 42, 133]

focus on identifying true labeled samples from noisy training data. These methods to deal

with noisy data are mostly applicable in other tasks, rather than multimodal learning.

Image-Text Retrieval with Noisy Data. Most prior works for noisy labels

are specifically designed for unimodal scenarios. Works in [85, 47] investigated the problem

of image-text retrieval with noisy labels and presented a two-step pre-processing method to

obtain clean labels and feed them to cross-modal methods. To alleviate the influence of noisy

samples, [47] reshaped the loss function to down-weight difficult samples and up-weight easy

ones and thus focused training on clean samples. However, this method cannot be extended

to the case where the caption itself is noisy. Another strategy known to overcome noisy

caption is filtering before training. Work in [52, 112] exploits some degree of text filtering

for this purpose. However, these pre-proprosseing steps are expensive, time-consuming

77



and ineffective at identifying mismatches between image and text features (see explanation

earlier). In this paper, we propose a method to learn directly from noisy captions without

any pre-processing step.

4.3 Methodology

This section provides the details regarding our proposed approach for the task of

image-text retrieval with noisy captions using alignment model. Our goal is to train the

model to output a similarity score between an input image x and a textual description

c. First, we define the problem statement (Section 4.3.1). Then we discuss the image-

text retrieval model (Section 4.3.3) and the robust learning approach (Section 4.3.4) using

an alignment model which associates detected tags/object labels with corresponding image

regions and bridge the gap between them to ensure the related embeddings are appropriately

contextualized in both modalities.

4.3.1 Problem Statement

Our objective is to learn a robust image-text retrieval system from a set of available

images with noisy captions. Let X denote a set of N images with noisy captions, i.e.,

X = {(x1, c1), ..., (xN , cN )}, where xi is the ith image and ci is its corresponding noisy

caption. The trained robust image-text retrieval system should be able to retrieve the

relevant correct caption based on the given image, and similarly, retrieve the relevant image

based on the given caption.
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Figure 4.2: Our proposed framework consists of two main components: i) the base image-
text retrieval system, ii) the Alignment Model, which associates detected tags/object labels
with corresponding regions in an image. This compels the framework to learn correspon-
dence embeddings similarly and bridge the gap between them to identify the noise in the
caption.

4.3.2 Feature Extraction

A typical approach to attend to visual and textual features in the joint space is

using transformer-based models. Employing the transformer architecture, we can simply

operate on a concatenation of image and text, thereby learning the cross-modal contextu-

alized features. Therefore, we deploy a vision-language transformer as our image and text

encoder. We extract regions from input image, concatenate them with corresponding cap-

tion tokens and encode them as a sequence of embeddings, with an additional [CLS] token

to represent the global image feature. For an input image-text pair, proper identification

of the alignment requires fused vision-language representation to be accurate. Formally,

assume we have a set X of N images with noisy captions, i.e., X = {(x1, c1), ..., (xN , cN )},

where xi is the ith image and ci is its corresponding noisy caption. For each image, an

object detector is used to obtain t, where t is a sequence of tags/labels.
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Extracting the image and text features is the first and also the most crucial process

in the retrieval system. Instead of extracting the global CNN feature from a pixel-level

image, we focus on local regions and take advantage of bottom-up attention. We detect

objects in each image utilizing a Faster R-CNN [99], which is pretrained on Visual Genome.

For an image x, we extract features of k regions {r′1, r′2, . . . , r′k} using Faster R-CNN [99]. For

each region, we concatenate 4 dimensional bounding box information predicted by Faster

R-CNN to obtain position aware features. A linear layer is used to obtain projected region

features {r1, r2, . . . , rk}, which has the same vector dimension as the word embeddings.

We use discrete tokens comprised of vocabulary words to represent captions. These

tokens are the semantic units for processing the language. For each word in a caption, we use

its representative token. Then the embedding of each word is the sum of its token-specific

learned embedding [30] and encodings for position (token’s index in the sequence). For each

image-caption instance (x, c), we combine the embeddings of image and text with embedings

of some special tokens (classification token:[CLS], separator token:[SEP]) sequentially

following the format: ‘[CLS] caption [SEP] image’. This sequence is input to the

image-text retrieval model for each image-caption pair.

4.3.3 Image-Text Retrieval Model

The image-text retrieval model consists of transformer encoder and a classification

layer (see Fig. 4.2). As we can see in Fig. 4.2, the transformer encoder E : X → Rd maps

image-caption pair (x, c) ∈ X to a fused vision-language representation h ∈ Rdh . Here, dh

is the feature dimension of the fused vision-language representation h (h = [h0, h
txt, hImg]).

The final representation of [CLS], h0 is used as the input to the classifier to predict whether
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the given pair is aligned or not. We did not use ranking losses as we found that the binary

classification loss works better, similarly as reported in [69]. A classifier F : Rdh → R is

used to identify if the vision-text representation h0 corresponds to correct image-text pair.

Combining the encoder E and classifier F, we define the trainable image-text retrieval model

Tθ : X → R parameterized by θ. Here, Tθ(x, c) outputs the probability of (x, c) being the

correct image-caption pair. Our objective is to learn a robust Tθ for image-text

retrieval task.

To train the image-text retrieval model Tθ, the retrieval task is formulated as a

binary classification problem. For each given image-text pair (x, c) with possibly noisy cap-

tion c, we formulate three negative/unaligned image-text pairs by i) sampling two random

captions for the given image (x, c−1 ), (x, c−2 ), and ii) sampling a random image given the

caption (x−, c). So for a given image-caption pair (x, c) with possibly noisy caption c, we

have a collection of image-text pairs s and a collection of labels y indicating if each of the

pairs are aligned according to the provided supervision. We use the image-text retrieval

model Tθ to obtain the output probabilities of the image-caption pairs being aligned. Hence,

s =



(x, c)

(x, c−1 )

(x, c−2 )

(x−, c)


, y =



y(x,c)

y(x,c−1 )

y(x,c−2 )

y(x−,c)


, Tθ(s) =



Tθ(x, c)

Tθ(x, c
−
1 )

Tθ(x, c
−
2 )

Tθ(x
−, c)



To learn a image-text retrieval model that can predict the image-caption alignment cor-

81



rectly, cross-entropy loss, l(·), between predicted alignment scores and provided ground

truth information is used. It aims to learn image-text multimodal representation that cap-

tures the fine-grained alignment between vision and language. As it is a binary classification

task, the model uses a head (a linear layer) to predict whether an image-text pair is positive

(matched) or negative (unmatched) given their multimodal feature. Here LT
(
y,Tθ(s)

)
is

the cross-entropy loss computed for all four samples in s, i.e.,

LT
(
y,Tθ(s)

)
=

1

4

4∑
j=1

l
(
y[j],Tθ(s)[j]

)
. (4.1)

4.3.4 Aligment Model for Robust Learning

In this step, we carry out fine-grained fragment-level global-to-local matching be-

tween visual regions and textual words. With presence of noise in the caption, the biggest

challenge is to design model architectures that can perform understanding-based tasks (e.g.

image-text retrieval) while being robust to the noise. Towards this goal, in addition to using

the image-text retrieval system (vision-language transformer) with image features and word

embeddings of the noisy caption/description as input, we construct an alignment network.

The alignment network progressively explore the local-to-local semantic alignments between

image region and tags/object labels detected by Faster R-CNN [99]. Our alignment model

assumes embedding of image regions and the corresponding tags/object labels detected by

Faster R-CNN [99] should be close to each other in feature space. We calculate the image
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region himgand word htxt embedding distances using euclidean distance as follows:

||himg − htxt||22. (4.2)

Distances between image region himgand word htxt embeddings give us key insight

if the image region and corresponding word embeddings are learned close to each other

during the training. Our alignment model which consists of a region encoder (transformer)

and a label encoder (CLIP text encoder [95], projects the regional representation and label

representation in the joint embedding space. Fixed embeddings generated by the CLIP

text encoder compel our retrieval system to learn object region embeddings similar to

corresponding correct labels, leading to robustness to noisy words in the caption. We

want to define a scheme where corresponding region representation and label representation

(positive pair) are brought together while irrelevant ones (negative pairs) are pushed away

in feature space. To meet this criterion, we minimize the distance between positive pairs

and maximize it between negative ones using triplet loss [108] as follows:

LA(h, h′) =
1

k

k∑
j=1

(
||himg

j − h′j ||22 − ||h
img
j − htxtj ||22

)
(4.3)

Here the positive input embedding h′ is selected based on F-RCNN label prediction for the

image region. The negative input embedding htxt for each image region is chosen randomly

from the nouns in the noisy caption excluding the corresponding label if there is any. himg

is the image region embeddings as the anchor input (h = [htxt, himg]).
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Algorithm 4 Image-Text Robust Retrieval Alignment Network (ITRANE)

Input: Image (xi)-text (ci) pair set X where the text is noisy.
Output: Robust image-text retrieval model parameters θ.
Initialization: Initialize image-text retrieval model parameters θ
while not converged do

Fetch Mini-batch of image-text pairs Bf = {xf
i , c

f
i }bi=1 ∼ X

Compute image-text allignment loss LT(Bf ; θ) using Eq. (1)
Compute alignment model triplet loss LA(xf ; θ) by Eq.(3)

Update retrieval model parametrs θ ← θ − η▽θ(LT + LA)

Return θ

Final Objective. The overall training strategy for our algorithm is presented in Algorithm

4. We jointly optimize two objectives including image-text retrieval loss LT and alignment

loss LA using Equ.4.4. Our complete model utilizes a fine-grained alignment between the

image-text modality as a regularization constraint to guide the robust learning process. To

learn a regularized objective function, a constraint is also enforced on the model parameter

θ with learning hyper-parameter of γ.

arg min
θ

N∑
i=1

[LT
(
yi,Tθ(si)

)
+ LA(hi, h

′
i)] + γ||θ||22. (4.4)

4.4 Experiments

In this section, we experimentally evaluate the performance of our proposed ap-

proach. We first describe the experimental setups consisting dataset description, evaluation

metrics, and the implementation details of the experiments. Finally, we report and analyze

the results both quantitatively and qualitatively.
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4.4.1 Experimental Setups

Datasets. We employ two commonly-used image-text pair datasets, COCO [74]

and Flickr30k [132], to evaluate our proposed method. COCO is a large-scale object detec-

tion, segmentation, key-point detection, and captioning dataset. It contains 164K images

split into training (83K), validation (41K) and test (41K) sets. Every image contains 5 text

descriptions. Flickr30k is a standard benchmark for sentence-based image description. It

contains 31783 images collected from Flickr, together with 5 reference sentences provided

by human annotators. We split the dataset into 1000 test images, 1000 validation images,

and 29783 training images.

Generating Noisy Annotation. To generate noisy captions, we exploit an im-

age captioning model pretrained‘[83] on Conceptual Caption (CC) dataset [109]. Since the

prediction/inference of captioning model can be inaccurate, feeding the images of COCO

[74] and Flickr30k [132] datasets to the caption generator leads to a collection of noisy cap-

tions. We collect the noisy captions for the trainset of both COCO [74] and Flickr30k [132]

dataset.

Implementation Details. Our training data consists of original images from

COCO and Flickr30k trainset and the generated noisy captions. We evaluate on clean

COCO and Flickr30k test set (i.e., both images and corresponding captions are from the

original datasets). We employ a multi-layer transformer similar to the pretrained OSCAR

[69] model as the baseline for the image-text retrieval task (ITRANE). The layers of the

transformer encoder are frozen up to the last layer. The features for image regions are

extracted using Faster-RCNN [99] pretrained on Visual Genome dataset [62]. To extract
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the tags/label embeddings detected by Faster R-CNN, we use pretrained CLIP [95] text

encoder. All the experiments are trained for 40 epochs with a batch size of 8. We use ADAM

[58] optimizer with an initial learning rate of 0.00001. The decay factor in computing the

loss moving average for curriculum learning is set to 0.90. The experiments are conducted

on a NVIDIA 2080Ti GPU.

Evaluation Metric. We employ the Recall@K (R@K) metric for evaluating the

retrieval performance for both image-to-text and text-to-image retrieval tasks. The R@K

metric measures the percentage of queries for which our system is able to retrieve the

correct item among the first K results. We consider K ∈ {1, 5, 10}. Please note that all the

evaluations are done in testing sets with clean captions.

4.4.2 Result Analysis

The following experiments are conducted to evaluate the performance of our pro-

posed approach:

- We analyze the significance of the problem, i.e., existing image-text retrieval model per-

formance when trained with noisy text data.

- We compare the performance of proposed approach in presence of noisy caption during

training with other image-text retrieval approaches.

- We analyze the advantage of using triplet loss with hard negative pairs and its effect on

retrieval performance.

- We show qualitative examples from Faster R-CNN to observe its performance in detection

of tags/labels, which helps identify noisy words in the caption.
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Figure 4.3: OSCAR [69] retrieval performance on COCO 5k [74] (grey) and Flickr30k [132]
(blue) when train and test set both are clean vs when train set is noisy and test set is clean.
We see performance drop in noisy training scenario.

- We visualize the learned semantic feature space of image-text pairs using alignment model.

- We show qualitative examples that verify the significance of the proposed approach.

Significance of Robust Image-text Retrieval Approach. Fig. 4.3 demon-

strates the significance of designing noise robust image-text retrieval approach in presence

of noisy caption. We consider OSCAR, a state-of-the-art image-text retrieval approach,

fine-tuned for image-text retrieval task in COCO (gray) and Flickr30k (blue) dataset for

two settings: i) the training images are associated with clean captions, and ii) the train-

ing images are associated with noisy/wrong captions generated by an automatic captioning

process. OSCAR trained with noisy captions has a 15%−44% performance drop compared

to the same model trained with clean captions. We also observe a significant performance

drop for other different approaches (VSE++, ReasoningNet). It demonstrates that image-

text retrieval models trained with captions generated from automated captioning systems
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are not robust to noise; thus require the development of noise-robust image-text retrieval

systems.

Robustness of ITRANE. We evaluate the robustness of ITRANE for both

image-to-text retrieval and text-to-image retrieval on COCO and Flickr30K datasets with

noisy captions. Our baseline consists of three different categories of state-of-the-art image-

text retrieval models: i) VSE++ [35] (uses linear layer to project modality information in

the joint embedding space), ii) ReasoningNet [87] (uses Transformer [120] to project the

modality information), and iii) OSCAR [69] (Transformer based architecture that utilizes

Masked-LM approach for pretraining). These models are trained with noisy captions for

comparison. To show the efficacy of our proposed approach, we adapt both Transformer

based image-text retrieval model (ITRANE-T) and BERT based pretrained image-text

retrieval model with our proposed alignment model. Table 4.1 and Table 4.2 summarize the

overall results for COCO and Flickr30K datasets respectively. For both datasets, we ob-

serve that conventional image-text retrieval models perform poorly when trained with noisy

captions. ITRANE-T provides 4%− 8% improvement over its base approach ReasoningNet

for both datasets over all the reported metrics. Our proposed ITRANE results in 4%− 9%

absolute improvement over the best baseline (OSCAR) for both datasets. It validates that

ITRANE is robust to noise present in captions.

We also compare the performance with existing noise-robust image-text retrieval

approaches NCR [49] and DECL [94]. In the COCO dataset, ITRANE outperforms both

NCR and DECL by a significant margin. In the Flickr30k dataset, ITRANE outperforms
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Table 4.2: This table reports the performance for the image-text retrieval task in the
Flickr30K dataset when models are trained with noisy captions. Proposed ITRANE achieves
significant improvement over other approaches.

Method
Image-to-Text Text-to-Image

R@1 R@5 R@10 R@1 R@5 R@10

VSE++ [35] 25.2 54.9 66.4 15.9 44.4 53.7
ReasoningNet [87] 27.4 58.2 69.0 20.8 49.9 65.6
OSCAR [69] 33.5 60.3 79.5 29.1 59.9 74.8

NCR [49] 45.0 77.5 88.5 30.5 57.3 70.7
DECL [94] 19.9 45.5 58.0 12.0 28.2 37.9

ITRANE-T 31.1 66.3 75.1 24.9 55.1 70.8
ITRANE 37.4 69.3 88.3 33.9 65.6 81.2

Table 4.3: This table reports the performance for the image-text retrieval task averaged
over all the datasets. The improved performance of ITRANE proves the generalizability of
our proposed approach for robust image-text retrieval task.

Method
Image-to-Text Text-to-Image

R@1 R@5 R@10 R@1 R@5 R@10

VSE++ [35] 26.2 54.4 66.9 18.7 44.8 56.0
ReasoningNet [87] 29.9 58.7 72.1 25.5 52.9 68.3
OSCAR [69] 34.2 60.6 77.8 29.3 57.2 73.0

NCR [49] 36.7 66.3 78.1 26.5 52.4 64.7
DECL[94] 28.8 55.6 67.3 19.7 41.5 52.6

ITRANE-T 34.2 65.5 78.5 29.7 57.6 73.6
ITRANE 38.6 68.1 85.4 34.0 62.7 78.9

DECL by a significant margin. Even though the performance of NCR is better compared

to ITRANE for the image-to-text retrieval task in the Flickr30k dataset, ITRANE out-

performs other methods significantly when averaged across both datasets (shown in Table

4.3), demonstrating its generalizability. ITRANE achieves up to 7% absolute improvement

in image-to-text retrieval task and up to 14% improvement in text-to-image retrieval task

over NCR across datasets.

Random Negative Pairs vs Hard Negative Pairs. To make the image-text
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Table 4.4: Performance comparison of ITRANE model using negative vs hard negative
input embeddings in alignment triplet loss. Different image-text retrieval approaches are
trained on COCO 5k dataset. Using hard negative input embeddings provides the highest
robustness compared to using random negative pairs and also compared to vanilla models
(without alignment model).

Method LA
Image-to-Text Text-to-Image

R@1 R@5 R@10 R@1 R@5 R@10

ReasoningNet - 25.4 52.7 70.6 22.9 51.9 66.6
ITRANE-T N 28.9 58.9 77.0 26.1 55.5 71.1
ITRANE-T HN 29.3 59.4 77.8 26.5 56.1 72.8

OSCAR - 28.9 54.9 74.2 23.3 53.5 68.9
ITRANE N 32.2 61.0 81.5 27.5 59.0 75.1
ITRANE HN 32.6 61.5 82.1 27.9 59.5 75.7

retrieval system robust to the noise in captions, our strategy is to define a scheme where

corresponding region representation and label representation (positive pair) are learned

closer to each other while irrelevant ones (negative pairs) are pushed away in feature space.

To meet this criterion, we minimize the distance between positive pairs and maximize it

between negative ones using triplet loss LA. The positive input embedding is selected based

on Faster-RCNN label prediction for the image region. The negative input embedding

for each image region is chosen randomly from the nouns in the noisy caption excluding

the corresponding label if there is any. Inspired by hard negative mining, this strategy

for selecting negative pairs increases the probability of incorporating hard negative input

embeddings in triplet loss for the alignment model. Moreover, we can choose the negative

input embedding randomly from the dataset dictionary rather than the corresponding noisy

caption (random negative pairs instead of hard negative pairs). We analyze the robustness

of our proposed approach based on the negative pairs selection strategy. In Table 4.4,

we consider triplet loss LA with both random negative (N) vs hard negative (HN) pairs.
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We observe that when random negative pair is used, there is 4% − 7% improvement of

performance compared to approaches that don’t have any noise robust component. However,

when hard negative pair is used, we obtain more improvement over the approaches that use

random negative pairs in COCO dataset. Our intuition is that minimizing a loss function

using hard negative mining helps learning corresponding region and word representation

similarly while pushing away the closest irrelevant ones (noisy words in the caption). As a

result, alignment model with hard negative pairs performs better compared to using random

negative pairs and justifies the use of hard negative mining.

Analysis of Visual and Textual Representation. To check the performance

of retrieval system in learning of distinguishable visual and textual representations, we

visualize the learned semantic feature space of image-text pairs of the COCO test set on

a 2D map using t-SNE [119] in Fig. 4.4. For each image region and word token, we pass

it through the model, and use its last-layer output as features. The embedding of the

image and the word corresponding to the same object share the same color. As we can see,

the distance of the same object between two modalities is substantially low, i.e., most of

them are perfectly aligned, as demonstrated by the overlapping regions. This shows learned

representations correctly project object region and its label in the joint embedding space.

Qualitative Analysis of Global-to-Local Matching. Our method utilizes an

alignment model which decomposes image-text matching into global-to-local level match-

ing using pretrained object detectors. We equip our image-text retrieval system with the

alignment model to associate detected tags/object labels with corresponding regions in an

image. In Fig. 4.5, we qualitatively demonstrate Faster R-CNN tags/labels detection in two
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Figure 4.4: t-SNE visualization of region and word embeddings. We observe small distances
between text and image embedding of the same object; most of them are perfectly aligned.

images from COCO [74] and Flickr30k [132] along with clean and generated noisy captions.

In (a) and (b), correct object labels are detected for each image. For example consider

Fig. 4.5 (b), the word ”motorcycle” is replaced by ”car” in the noisy caption. However,

Faster R-CNN detects the label/tag ”motorcycle” in the image precisely. Due to the use

of the accurate and diverse object tags detected by Faster R-CNN (motorcycle, helmet,

road), learning of corresponding image region representations is guided by correct label em-

beddings. These label embeddings are generated by pretrained CLIP encoder. This allows

the network to identify noise in the caption by bridging the gap between image region and

tags/labels embeddings, and compels it to learn more accurate image-text embeddings.

Qualitative Results. We qualitatively demonstrate some image-text pairs from

COCO [74] and Flickr30k [132] along with generated noisy captions. Fig. 4.6 (i) elabo-

rates the fact that generated captions consist of corrupted words which are semantically

meaningful, while web-crawled captions used for training other image-text retrieval systems
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Clean: A restaurant has modern wooden 
tables and chairs

Noisy: Dining room in the evening

Clean: A motorcycle rider in a white 
helmet leans into a curve on a rural road

Noisy: Athlete drives his car during the race

(a) (b)

Figure 4.5: Faster R-CNN tags/labels detection in images from COCO [74] and Flickr30k
[132] along with clean and generated noisy captions. In (a) and (b) images, correct object
labels are detected which helps learning of corresponding image region representations even
if they did not appear in noisy caption.

[52, 112] include nonsense errors which can be removed by filtering methods. In Fig. 4.6

(i), the captions in the first line of the description are the original texts, and the second

rows include the generated noisy captions.

Fig. 4.6 (ii) shows top-2 ranked image-to-text and text-to-image retrieval results

of two samples from COCO [74]. In the image-to-text retrieval case (top sample), captions

in column (a) are retrieved by OSCAR [69]. Red captions show the wrong retrieval. As

it is clear, OSCAR trained with noisy caption is not capable of retrieving any captions

corresponding to the image. In column (b), our proposed framework retrieves the correct

captions marked in green. In comparison to OSCAR [69], our method has promising perfor-

mance as it retrieves two correct captions. The lower sample in Fig. 4.6 (ii) demonstrates

the text-to-image case. Row (a) of images for the caption query is from OSCAR [69], and

row (b) is for our proposed method. While OSCAR fails to retrieve the images correspond-

ing to the query, our proposed method is able to retrieve results that connect the query and

the corresponding image.
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Figure 4.6: Qualitative retrieval results. (i) Examples of image-text pairs from COCO [74]
and Flickr30k [132]. “Clean” refers to caption from the original dataset, and “Noisy” de-
scriptions are generated noisy captions. (ii) The top-2 retrieved results are shown. Green
denotes the ground-truth images or captions. Our model can capture the alignments be-
tween images and captions even though the training set consists of noisy captions.

4.5 Conclusions

The paper addresses an important practical problem, how to learn cross-modal

retrieval methods from imperfect captions, thus allowing scalability to large-scale automat-

ically captioned image datasets. Our proposed method utilizes an alignment model which

decomposes image-text matching into global-to-local level matching using pretrained object

detectors. Connection of detected tags/object labels with corresponding regions in an im-

age compels the framework to learn correspondence embeddings similarly and bridge the

gap between them to identify the noise in the caption. Experiments on two challenging

datasets demonstrate our method has better performance in comparison to state-of-the-art

baselines.
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Chapter 5

Conclusions

5.1 Thesis Summary

In this thesis, we focus on robustness of vision-language systems to intentional and

incidental adversity. We explore different data corruption categories including intentional

and incidental errors. Data corruption refers to errors in data that occur during either

an intentional process to alter data samples with the purpose of hiding information or an

incidental data preparing step, including data annotation, which introduces unintended

changes to the original data.

In Chapter 2, we address the problem of facial expression manipulation detection.

We present a novel framework to exploit the underlying feature representations of facial

expressions learned from expression recognition models to identify the manipulated features.

Such approach achieves impressive performance in facial expression manipulation detection,

while exhibiting robustness to other common facial corruptions like identity manipulation.

96



In Chapters 3 and 4, we propose robust image-text retrieval learning approaches.

In Chapter 3, our proposed framework utilizes data-driven curriculum learning to up-weight

the clean samples while discounting the noisy portion of the training data. Such sample

weights, learned during training, compel the framework to learn from clean examples.

In Chapter 4, we equip our image-text retrieval system with an alignment model

which bridges the gap between corresponding embeddings in different modalities to identify

the noise in the caption. It aims to learn image-text multimodal representations that capture

the appropriate fine-grained alignment between vision and language.

5.2 Future Research Directions

5.2.1 Noise Robust Retrieval Systems with Active Learning

Recent advancements in visual-textual retrieval and analysis tasks have been plagued

significantly by the challenging and labor-intensive nature of annotating images/videos with

text descriptions. Scaling up the dataset with noisy samples is one solution that recent

works propose and we discuss it in Chapters 3 and 4. On the other hand, human interactive

systems have attracted a lot of research interest in recent years, especially for image-text

retrieval systems. Contrary to the early systems, which focused on fully automatic strate-

gies, recent approaches have introduced human-computer interaction. To detect the noise

in a dataset, one way is to use human feedback during training. To achieve the relevance

feedback process, one can focus on the query concept updating. The aim of this strategy

will be to refine the query according to the user labeling during training.
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5.2.2 Robust Image-Text retrieval with Cooperative Distillation

Knowledge distillation (KD) is a model-independent knowledge transfer framework

designed to deliver the knowledge extracted from a complex teacher model to a simple

student model. Many existing studies have utilized KD to compress deep neural networks as

well as to achieve stable performances by distilling the knowledge from teacher model. One

extension to our robust image-text retrieval system would be cooperative distillation that

combines clean curated datasets with noisy captions. Cooperative distillation framework

trains a student model on a large noisy dataset. We also rely on a clean dataset to train a

teacher model. We can explore leveraging the specific advantages of both types of datasets

by training on a rich vocabulary and variety of scene contexts, while alleviating the noisy

annotations.

5.2.3 Robust Video-Text Retrieval Systems

We have shown in Chapter 3 and 4 that robust image-text retrieval models help

in improving time-consuming annotation process. One extension to our robust image-

text retrieval system would be exploring the robust video-text retrieval systems. Specially,

localizing video moments while there are noisy words in the caption is an interesting future

direction of our work and can very helpful in many computer vision applications.
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