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Abstract

A long-standing ambition of Artificial Intelligence (AI) is to build human-like machine

intelligence capable of solving real-world tasks in general and complex circumstances.

In recent years, progress in machine learning-made possible by the availability of large

datasets and the increasing power of Graphics Processing Units (GPUs)-has brought

major changes to fields such as computer science, neuroscience, and healthcare. In cer-

tain benchmark tasks and real-world applications-such as the game of Go and AlphaFold

for protein structure prediction-intelligent systems have even surpassed human perfor-

mance. However, discrepancies between human and machine intelligence remain. Much

of this gap is driven by the following fundamental challenges. (1) The mechanisms by

which the human brain processes visual information and produces intelligence remain

largely unknown, and the application of neuroscience discoveries to advance machine

intelligence is still poorly understood; (2) Human intelligence, developed through evo-

lution and experience, possesses innate capabilities that progress from perceiving and

understanding to active learning, reasoning, and planning, and ultimately to creativ-

ity, critical thinking, and problem-solving. In contrast, current machine intelligence is

limited to narrow and well-structured tasks, with no evidence suggesting it can replace

human intelligence in open-ended and free-form real-world applications; (3) Evidence

suggests that current machine intelligence relies heavily on statistical priors rather than

genuinely reasoning from observations, functioning as a black box. This lack of trans-

parency and interpretability limits its applicability in scenarios that require reasoning

and justification.

With the overarching goal of developing machine intelligence with human-like capa-

bilities, we first leverage the visual attention as an interface to investigate how humans

and machines prioritize their focus when addressing general and complex problems.

Furthermore, we aim to uncover the reasons behind how humans allocate attention to

visual stimuli when performing tasks, shedding light on the underlying psychological

and cognitive mechanisms to transform black-box models into white-box systems with

interpretable and transparent decision-making. Our works focus on the following three

aspects of visual attention, i.e., modeling, alignment, and explainability, all of which are
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designed to bridge the gap between human attention and machine intelligence. More

specifically: (1) Modeling: First, we aim to understand task-driven spatio-temporal

patterns of eye fixations (a.k.a. scanpaths) and individual attention patterns, which is

still a crucial yet underexplored area of research in artificial intelligence and psychology;

(2) Alignment: We investigate how to align human attention and machine attention to

understand real-world problems and hence provide step-by-step solutions, which aims

to enable machine intelligence with human-like capabilities; (3) Explainability: Fi-

nally, while attention mechanisms shape human eye fixations during visual exploration,

the reason behind these fixations is still not fully understood. Closing this gap is vital

for making human intelligence more explainable and for applying such understanding

to improve machine intelligence. Building on these efforts, this dissertation presents

observations that underscore the importance of human attention and its relevance to

creating human-like computational models. By drawing on insights from human vision,

it contributes to the AI systems that are interpretable, transparent, and trustworthy,

and that can address real-world challenges.
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Chapter 1

Introduction

Recent years have witnessed impressive progress and remarkable successes, bringing

the world’s attention to artificial intelligence (AI). In particular, the rapid development

and maturation of deep learning since the beginning of this century have enabled mod-

ern machine intelligence systems to perform a broad range of tasks in academia and

industry, fostering mutual benefits through their interaction. Convolutional neural net-

works (CNNs) [3, 4, 5, 6] have achieved state-of-the-art performance in computer vision,

achieving human-level or even superhuman performance in a variety of vision challenges,

including image recognition [7], object detection [8, 9], object segmentation [10, 11], the

game of Go [12, 13], AlphaStar [14] for StarCraft II, and AlphaFold [15] for protein

folding. The Transformer [16], proposed eight years ago, continues to demonstrate

its capabilities in language understanding and vision representation. It also serves as

the foundation with great compatibility for the revolution in large language models

(LLMs) [17, 18, 19, 20, 21]/large vision language models (LVLM) [22, 23, 24] and Stable

Diffusion (SD) [25, 26, 27]. Its strong compatibility with pretraining and the align-

ment of vision and language has drawn significant attention from both the computer

vision and natural language processing communities, driving efforts to develop founda-

tion models powered by billion-scale datasets [28, 10, 11, 29, 30, 31]. Beyond academic

achievements, the development of AI provides industrial companies with unprecedented

opportunities to advance their next-generation applications. OpenAI GPT-5 [32, 33] ad-

vances conversational AI by integrating methods that let it switch between rapid replies

1
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and deeper reasoning as the context requires. This design enables it to deliver expert-

level answers, demonstrate reasoning capabilities similar to a Ph.D. level researcher,

and process multimodal inputs in a manner that more closely resembles human percep-

tion. Autonomous driving [34, 35] represents a major milestone in AI advancement, as

self-driving vehicle technologies are being extensively developed and tested by various

companies throughout the United States. Innovations like Neuro-AI therapy [36, 37]

are currently transforming healthcare by enabling personalized treatments for different

neurological conditions. These significant achievements suggest that the era of artificial

general intelligence-an AI capable of solving any intellectual task like a human-may

finally become a reality in the foreseeable future.

Despite these impressive advances, many studies reveal critical limitations in current

machine intelligence and indicate that achieving general artificial intelligence remains a

distant goal. At first, machine intelligence may not fully match the cognitive capabilities

of humans, since humans’ sensory and motor systems have been refined over hundreds

of thousands of years of evolution, interacting with the natural world. In contrast, ma-

chine intelligence has limited multi-modality input to observe the world. As mentioned

in feature-integration theory [38], humans focus attention on certain features of the en-

vironment to bind them together for coherent perception and reasoning, while machines

that learn on data with specific statistics may fail to generalize to data with different

statistics or novel environment. Furthermore, although machines can outperform their

human counterparts in narrow and structured tasks, such as image recognition and

visual question answering, they still struggle in free-form and open-ended general real-

world tasks. Finally, unlike many machine systems that lean on superficial statistical

patterns, people tend to draw on conscious reasoning, intuition, and an ability to adjust

to the situation at hand. When thinking is visible in this way, it helps build trust,

keeps decision-makers accountable, and supports ethical choices-especially when things

get complicated.

The observations above emphasize the essential differences in how machines and

humans perceive and interpret the visual world. Machines excel at learning from large

datasets and solving specific tasks by identifying underlying correlations within the data

of limited modalities. However, the learned knowledge is often task-specific, dataset-

dependent, and implicit, limiting its ability to generalize to free-form and open-ended
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scenarios. Furthermore, humans have a highly sophisticated ability to select and process

information effectively. We believe that developing generalizable and human-like intelli-

gence is an important component for the next generation of AI. In this dissertation, we

explore our efforts to advance this goal through improvements in attention modeling,

alignment, and explainability, to understand and interact with the environment in a

way that mimics human cognitive abilities.

1.1 The Gap between Machine and Human Intelligence

Human intelligence draws on a layered set of innate abilities. It starts with self-

awareness, then builds through learning, creativity, and planning, and reaches further

into common sense and problem-solving, ending with the capacity for rational skepti-

cism. These abilities have taken shape over the long course of evolution and have been

honed through each person’s life experiences, giving people the agility to deal with com-

plex situations and to adapt when circumstances change. In contrast, while machine

intelligence draws inspiration from the biological structures inside the human visual

system, it fundamentally differs in terms of cognitive qualities and abilities [39, 40].

Although machines have surpassed human performance in certain tasks [7, 12, 14, 15], a

significant gap remains between machine and human intelligence in the following several

critical aspects:

Reasoning Ability. One of the key distinctions between machines and humans lies

in their ability to reason. Humans are naturally able to handle complex reasoning across

many areas-whether deductive, inductive, abductive, or causal [41, 42, 43, 44, 45]. This

skill makes it possible to work with incomplete or uncertain information, draw sound

conclusions, and adapt our thinking quickly to unfamiliar situations. Human reasoning

is deeply rooted in biological evolution, experiential learning, and an understanding of

abstract relationships, enabling us to solve problems and make decisions in real-world,

dynamic contexts [46]. By contrast, computational models-though they can outperform

in certain specific, well-defined tasks [7, 12, 13]-still fall far behind when it comes to

reasoning. Current AI systems heavily rely on pattern recognition and statistical corre-

lations within large datasets, rather than understanding causal relationships or engaging

in genuine reasoning. Furthermore, they struggle with reasoning under uncertainty or
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transferring reasoning skills across domains to address real-world challenges, which are

hallmarks of human intelligence.

Generalizability. Humans naturally generalize their knowledge to unfamiliar en-

vironments and diverse tasks, enabling them to adapt effectively. This inherent general-

ization capability, rooted in both biological evolution and lifelong learning, enables them

to integrate knowledge from various contexts to solve complex real-world problems. In

contrast, despite being trained on millions of structured samples, computational models

struggle significantly with generalization [47, 48, 49], as real-world scenarios frequently

present unseen tasks. This pronounced disparity in learning efficiency reflects fundamen-

tal differences in how machines and humans process visual information. More critically,

it underscores that successes made in narrow, well-structured tasks do not necessarily

translate into genuine competence in solving real-world problems.

Interpretability. Humans are not only proficient at conducting comprehensive

reasoning and generalizing to complex environments but are also adept at justifying the

rationales behind their decisions. Explaining decisions is a unique human capability,

requiring communication, understanding, and reasoning. However, existing machine

intelligence systems typically rely on black-box deep neural networks to model statis-

tical correlations within data and fail to effectively demonstrate their decision-making

processes. The absence of interpretability makes it more difficult to understand the

mechanisms driving machine intelligence and limits its use in areas where transparency

is important, such as healthcare, finance, autonomous systems, and law.

1.2 Our Approaches

With the overarching goal of building machine intelligence that can understand and solve

real-world tasks, we begin by modeling human attentional traits and aligning attention

mechanisms across humans and machines. We treat visual attention as an interface

between perception and reasoning. Because attention is intrinsically interpretable and

localizes task-relevant sensory input, it offers a direct window into how both humans

and models allocate focus during task execution. To provide a comprehensive under-

standing of attention’s role in decision-making, we advance our research step by step,

from modeling and alignment to explainability.
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1.2.1 Modeling

In Chapter 2 and Chapter 3, we focus on studying how human visual attention operates

step-by-step to understand and perform general tasks from the perspective of reasoning

processes. Specifically, we design computational models with a novel attention inte-

gration mechanism and develop a new scanpath (temporal sequence of eye fixations)

prediction model to predict human attention during task completion.

We first utilize task-driven visual scanpaths as a new benchmark to explore the ef-

fectiveness of model attention in modeling human attention (Chapter 2). The goal of

this study is to understand how humans deploy their attention during visual reason-

ing in naturalistic environments and to develop a model that examines how scanpaths

affect task performance. Unlike previous studies that predict attention by estimating

a static probabilistic saliency map under free-viewing conditions, we conduct the first

study to understand and predict the temporal sequences of eye fixations during general

tasks and investigate how scanpaths influence task outcomes. Our experiments and

analyses highlight the advantages of our model for human attention modeling and pro-

vide valuable insights into the effectiveness of different attention mechanisms and their

generalizability across tasks.

Next, we concentrate on understanding how attention varies across individuals,

which has significant scientific and societal impacts (Chapter 3). This study seeks

to examine how individuals allocate their attention across a variety of visual tasks and

to construct a model that enables a comprehensive analysis of individualized scanpath

prediction. Unlike existing models of saccadic eye movement that predominantly focus

on modeling generic gaze patterns manifested as observer-agnostic scanpaths, we study

the underexplored task of individualized scanpath prediction, focusing on modeling how

an observer’s unique traits affect their eye movement.

1.2.2 Alignment

Alignment between model attention and human attention is fundamental for advancing

toward human-like intelligence. In Chapter 4, we aim to demonstrate the superiority

of aligning model attention across multi-modalities human attention, in understanding

real-life problems and providing step-by-step guidance to solve them. To achieve this
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goal, we first propose a free-form and open-ended research framework that focuses on

understanding real-life problems and deriving their evolution by incorporating key com-

ponents across multiple modalities. We also offer two types of annotations absent from

existing studies: solution graphs that describe dependencies between different steps and

multimodal attention that highlights and associates important keywords and regions

of interest. Through extensive experiments on intermediate model attention and the

collection of multimodal human attention, we reveal the discrepancies between the vi-

sual behaviors of machines and humans during the understanding of real-life problems.

More importantly, our results shed light on the fact that achieving the goal of providing

step-by-step guidance to solve real-life problems requires the ability to understand the

relationships between the problem and the solution, the relationships between different

steps of the solution, and the relationships between visual and textual information. We

also show that, by encouraging the model to align with human multimodal attention

throughout the problem-solving process, it is possible to enhance reasoning abilities

across various problem-solving tasks.

Next, in Chapter 5, we further develop a novel graph-based approach that leverages a

novel integrated attention mechanism, which jointly considers the importance of features

within each step as well as across multiple steps. Moreover, this attention mechanism

can be progressively learned to predict sequential and non-sequential solution graphs

depending on the characterization of the problem-solving procedure. We also introduce

a set of quantitative metrics that consider attention propagation across the entire graph

of solution steps to jointly and progressively supervise the integrated attention for free-

form and open-ended tasks.

1.2.3 Explainability

Explainability is an important component of human communication, reasoning, and

decision-making. Humans are not only good at identifying and reasoning with relevant

information but also at justifying the rationale behind their decisions. Current research

achieves state-of-the-art results in tracking visual exploration trajectories and predicting

“when” and “where” people shift their attention; however, little attention is paid to

explicitly explaining the “what” and “why” – the insights behind each fixation. Our

work, discussed in Chapter 6, advances existing studies by providing a venue for weaving
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a narrative thread that connects fixations to their underlying meaning and a novel model

for generating explanations that faithfully reflect the fixated visual information.

To enable a comprehensive understanding of human visual attention, we first propose

a novel task that predicts visual scanpaths along with the rationales behind them.

Furthermore, our approach goes beyond predicting the trajectory of visual fixations to

demonstrate the underlying rationale behind these gaze shifts. We find that aligning

visual and textual information is key to improving prediction performance and deepening

cognitive insight in modeling human visual attention.

1.3 Contributions

This dissertation introduces our efforts to close the gap between human intelligence

and machine intelligence. It focuses on modeling human attention, aligning different

attention mechanisms, and enhancing explainability to enable machine intelligence with

reasoning ability, generalizability, and interpretability. In summary, it makes the fol-

lowing contributions:

Chapter 2: Predicting Human Scanpaths in Visual Question Answering

• Introducing a deep reinforcement learning model for predicting scanpaths in task-

driven contexts like visual question answering (VQA), incorporating task perfor-

mance into scanpath prediction for the first time.

• Developing a method to integrate task-specific attention maps from deep neural

networks, enabling task-relevant information encoding and interpretability analy-

sis by comparing human and model attention.

• Proposing a self-critical sequence training method to optimize non-differentiable

evaluation metrics, addressing the gap between training and testing, along with a

novel loss function to differentiate correct and incorrect scanpaths.

• Achieving human-level performance across VQA, free-viewing, and visual search

tasks, outperforming state-of-the-art methods and demonstrating the approach’s

generalizability.

Chapter 3: Beyond Average: Individualized Visual Scanpath Prediction
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• Investigating the underexplored task of individualized scanpath prediction, focus-

ing on how unique attention traits influence eye movements.

• Proposing an individualization method with three novel components, including

an observer encoder for observer-centric feature integration and adaptive fixation

prioritization, enabling accurate and personalized predictions.

• Demonstrating the effectiveness and generalizability of the method across multiple

datasets, architectures, and tasks using value-based and ranking-based metrics.

Chapter 4: VisualHow: Multimodal Problem Solving

• Proposing a new VisualHow framework to advance vision-language methods and

multimodal understanding of real-world problems and solutions.

• Curating a dataset with diverse problem categories, multimodal solution descrip-

tions, and fine-grained annotations.

• Conducting comprehensive experiments on tasks addressing different aspects of

the VisualHow problem and performing extensive analyses of baseline models.

Chapter 5: Every Problem, Every Step, All In Focus: Learning to Solve Vision-Language

Problems with Integrated Attention

• Presenting a graph neural network-based approach to represent procedural solu-

tions as graphs, learning complex step dependencies for enhanced problem-solving.

• Designing an integrated attention mechanism to assess multimodal feature impor-

tance within and across steps, maintaining both step-level focus and a holistic

view of the solution.

• Introducing quantitative attention metrics to optimize attention propagation across

the solution graph, improving supervised learning for complex tasks.

Chapter 6: GazeXplain: Learning to Predict Natural Language Explanations of Visual

Scanpaths

• Proposing a novel task to jointly predict visual scanpaths and generate natural

language explanations, providing deeper semantic understanding of visual atten-

tion.
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• Annotating ground-truth explanations on three public eye-tracking datasets, of-

fering fixation-level insights for studying human attention and reasoning.

• Developing a general model architecture featuring an attention-language decoder

with semantic alignment for consistent fixation-explanation pairing and cross-

dataset co-training to enhance generalizability.

• Demonstrating through extensive experiments that the model generates accurate

scanpaths and explanations, highlighting the importance of explanation predic-

tion, semantic alignment, and cross-dataset co-training.

1.4 Publications

The relevant publication list for this dissertation is as follows:

• (Chapter 2) Predicting Human Scanpaths in Visual Question Answering [50]. In

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition

(CVPR), 2021.

• (Chapter 3) Beyond Average: Individualized Visual Scanpath Prediction [51]. In

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition

(CVPR), 2024.

• (Chapter 4) VisualHow: Multimodal Problem Solving [52]. In Proceedings of the

IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2022.

• (Chapter 5) Every Problem, Every Step, All In Focus: Learning to Solve Real-

World Problems with Integrated Attention [53]. In IEEE Transactions on Pattern

Analysis and Machine Intelligence (TPAMI), 2024.

• (Chapter 6) GazeXplain: Learning to Predict Natural Language Explanations of

Visual Scanpaths [54]. In Proceedings of the European Conference on Computer

Vision (ECCV), 2024. (Oral Paper, 2.3% acceptance rate)



Chapter 2

Predicting Human Scanpaths in

Visual Question Answering

Attention has been an important mechanism for both humans and computer vision sys-

tems. While state-of-the-art models to predict attention focus on estimating a static

probabilistic saliency map with free-viewing behavior, real-life scenarios are filled with

tasks of varying types and complexities, and visual exploration is a temporal process

that contributes to task performance. To bridge the gap, we conduct a first study

to understand and predict the temporal sequences of eye fixations (a.k.a. scanpaths)

during performing general tasks, and examine how scanpaths affect task performance.

We present a new deep reinforcement learning method to predict scanpaths leading to

different performances in visual question answering. Conditioned on a task guidance

map, the proposed model learns question-specific attention patterns to generate scan-

paths. It addresses the exposure bias in scanpath prediction with self-critical sequence

training and designs a Consistency-Divergence loss to generate distinguishable scan-

paths between correct and incorrect answers. The proposed model not only accurately

predicts the spatio-temporal patterns of human behavior in visual question answering,

such as fixation position, duration, and order, but also generalizes to free-viewing and

visual search tasks, achieving human-level performance in all tasks and significantly

outperforming the state of the art.

10
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2.1 Introduction

Question:	Is	the	vase	the	same	color	as	the	scarf?

Correct	Answer:	no Incorrect	Answer:	failed

Image

Figure 2.1: Visual scanpaths of humans can reveal their decision-making strategies and
explain their performance. Those who pay attention to relevant visual cues can achieve
high levels of task performance. This example compares the scanpaths of people who
succeed or fail to answer a question, where the dots represent fixations. The number
and radius indicate the fixation order and duration, respectively. The blue and red dots
indicate the beginning and the end of the scanpath, respectively.

Visual attention plays an essential role in everyday tasks. While existing works fo-

cus on stimulus-driven attention with free-viewing behavior, underlying daily tasks is

another form of attention, i.e., task-driven attention, that selects task-relevant infor-

mation to make a decision or to accomplish a task. Besides, beyond the static saliency

map that highlights the relative importance of a visual input, temporal sequences of eye

fixations encode a more comprehensive and natural representation of attention. Under-

standing and predicting visual scanpaths in general tasks will not only shed light on

the decision-making process but also be a useful tool for a variety of computer vision

applications.
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Task-driven visual scanpaths reflect the visual exploration to accomplish the task,

which also strongly correlates with task performance. As an example (figure 2.1), to

answer the question “Is the vase the same color as the scarf?” while exploring the

scene, humans need to actively explore the scene and search for the vase and the scarf.

While looking at the right places at the right time would usually lead to correct answers

(figure 2.1, middle), failing to do so may result in incorrect answers (figure 2.1, right).

As a step toward understanding and modeling general task-driven attention, we

propose a novel deep reinforcement learning method leveraging task guidance as an

important modality to predict the visual exploration behavior of humans performing

general tasks. We first introduce a task guidance map to specify task-relevant image

regions. The map is designed and demonstrated to generalize across tasks. To address

the exposure bias that arises between training- and test-time contexts, we introduce

a reinforcement learning method that directly optimizes non-differentiable test-time

evaluation metrics [55]. To differentiate eye-movement patterns that lead to different

performances, we further introduce a novel loss function to account for the consistency

and divergence between correct and incorrect scanpaths.

Our work has three distinctions from previous scanpath prediction studies: (1) While

state-of-the-art scanpath prediction studies focus on free-viewing [56, 57, 58, 59] or

well-structured tasks such as visual search [60], this paper for the first time studies the

complex scanpath patterns in general decision-making tasks, and investigates the corre-

lation of scanpaths and performances in this context. (2) Scanpath prediction has not

been as popular (compared with saliency prediction) or achieved excellent performance

(compared with humans), partly due to the exposure bias – the discrepancy between

training-time and test-time contexts. Here we close the gap using self-critical sequence

training in the reinforcement learning method, leading to significantly boosted perfor-

mance that is better than humans. (3) We go beyond a single task and design a new

mechanism to encode general task-relevant information that is easily adaptable to other

tasks with varying nature and levels of complexity. The proposed method has been

demonstrated by three tasks with human-level performance.

In sum, this work makes the following contributions:

1. We develop a deep reinforcement learning model to understand and predict scan-

paths in the general task-driven context with visual question answering (VQA).
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Task performance is for the first time taken into account to predict scanpaths.

2. We propose to explicitly integrate attention maps from task-specific deep neural

network models, allowing the encoding of task-relevant information as well as

providing an alternative to measure the interpretability of task-specific models

through analyzing model vs. human attention.

3. To address the discrepancy between training and testing that may have limited

the development of scanpath prediction methods, we apply self-critical sequence

training to directly optimize non-differentiable evaluation metrics. We further

introduce a novel loss function to learn discriminative features and differentiate

correct and incorrect scanpaths.

4. The proposed method significantly outperforms the state-of-the-art and shows

human-level performance on three tasks: VQA, free-viewing, and visual search,

demonstrating the generalizability of the method.

Question
What color is the table 

the vase is below?

Image

Visual 
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Figure 2.2: Overview of the proposed scanpath prediction network.

2.2 Related Work

Scanpath prediction. To precisely predict where humans look is not trivial, as eye

movements are governed by several confounding factors [61]. Existing attention models

either generate a saliency map where fixations can be sampled based on probability

distribution and a winner-take-all strategy [62, 63, 64, 65, 66], or predict a sequence
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of fixations by modeling their spatio-temporal complexity [56, 57, 67, 58, 68, 69, 70,

59, 71, 72, 73, 74, 75]. Our work is mostly related to the recent studies of task-driven

attention [60]. Instead of studying structured vision tasks such as visual search [60],

we aim to address a broader scope of general tasks. We use VQA as an example due

to its generality and complexity, while further demonstrating the generalizability and

flexibility of our method by adapting it for other tasks with various levels of complexity.

To the best of our knowledge, our method is the first scanpath prediction method that

successfully predicts human eye-movement behavior in the VQA task, and we further

take the correctness of answers into account. Our model not only approaches human-

level accuracy in the VQA task but is also highly generalizable across different tasks

and datasets.

Human and machine attention in VQA. A unique characteristic of our work is

the explicit integration of machine attention in the prediction of human scanpaths.

With the rapid development of deep neural networks, the attention mechanism has

become an essential component for improving the performance and explainability of

VQA models [1, 76, 77]. However, due to their intrinsic differences, machine attention

disagrees with human attention in many cases [77]. To study the relationship between

human attention and machine attention, Chen et al . [1] and Jiang et al . [76] have

developed datasets and computational methods to measure, model, and comparatively

analyze the attention maps of humans and VQA models. While these analyses focus on

the spatial difference of attention between correct and incorrect answers, our method

generates individual fixations to study how people maintain and shift their attention

which also encodes temporal information such as durations and orders. With the explicit

incorporation of machine attention, our method also provides an alternative to measure

the interpretability of VQA models based on their effectiveness in guiding scanpath

prediction.

Reinforcement learning in attention prediction. A plausible approach to human

attention prediction is reinforcement learning [78, 79, 80]. Early studies consider selec-

tive attention as a Markov decision process [81, 82] that can be optimized using policy

iteration and a predefined reward function [78, 79, 80]. Recent scanpath prediction

methods [83, 84, 60] adopt inverse reinforcement learning [85, 86] to automatically learn

the unknown reward function from humans’ eye-movement behavior. Although these
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methods are promising, there is still a significant performance gap between scanpath pre-

diction models and humans. We hypothesize that the performance gap is mainly caused

by the exposure bias that commonly exists in sequence prediction tasks [87]. Exposure

bias indicates the contextual discrepancy between the training and test settings. In

scanpath prediction studies, many evaluation metrics are based on non-differentiable

sequence comparison algorithms. Thus most computational methods are only able to

use conventional cross-entropy or saliency evaluation metrics for training, leading to

the discrepancy between training-time and test-time contexts. In this work, we adopt

self-critical sequence training (SCST) [87] to address this bias by directly optimizing the

non-differentiable test-time metrics. Leveraging the effectiveness of SCST, we further

introduce a Consistency-Divergence loss to learn the differences between correct and

incorrect scanpaths.

2.3 Method

We develop a deep reinforcement learning model to study and predict complex scanpath

patterns in general decision-making tasks, while taking the task performance into ac-

count. This section presents the architecture of the proposed network and the machine

learning methods to train the network with correct and incorrect scanpaths. Key tech-

nical novelties include the creation of a task guidance map to dynamically guide the

prediction of fixation positions and durations, a reinforcement learning method with

self-critical sequence training to address the exposure bias, and a novel Consistency-

Divergence loss to learn the differences between correct and incorrect scanpaths.

2.3.1 Network Architecture

Where humans look during the VQA task is largely dependent on the input question.

Existing task-driven attention models use a one-hot vector [60] or language embed-

dings [76] to encode the task input. These encoding methods provide semantic guidance

to the model, to generate task-dependent outputs, but do not spatially align the task

semantics with the visual contents. Differently, we compute a general task guidance

map to highlight task-relevant image regions. This task guidance map is designed to be

easily adaptable for other tasks. For example, it can be an all-zero matrix for predicting



16

scanpaths in the free-viewing task, or object detection masks can be used to provide

task guidance in visual search. In this section, we summarize our method with the

general VQA task.

As shown in figure 2.2, we design a neural network model to dynamically generate a

sequence of fixation positions and durations. A memory module and an attention mech-

anism are developed to selectively memorize and recall task-relevant visual information.

Specifically, given an image and a question, our goal is to generate a sequence of fixa-

tions positions y = {y1, y2, · · · , yT } and durations T = {τ1, τ2, · · · , τT }. At each step

t, the fixation position yt is sampled from a predicted action map mt, and the fixation

duration τt is sampled from a log-normal distribution with two predicted parameters

(µt, σ
2
t ). Besides, a scalar output et indicates the end of the scanpath. The specific

network design is as follows:

Inputs and task guidance. On the input side, we adopt a CNN-based visual en-

coder [6] to extract visual features X from the image. The influence of the question is

represented as a task guidance map highlighting task-relevant image regions. Trained on

large VQA datasets, machine attention can better bridge the task semantics and visual

contents by highlighting task-relevant spatial regions that are important for answering

the question. Therefore, we guide the prediction of eye fixations using the machine

attention of an externally trained VQA model [88, 1, 89, 90]. We preprocess the VQA

model’s attention into a 2D task guidance map Z with its values normalized within the

range of [0, 1].

Memory and attention. Answering complex questions requires dynamically updated

memory and attention mechanisms to trace the reasoning process over time [1, 76].

The memory is denoted as Mt = {m0,m1, · · · ,mt−1}, which explicitly maintains all

previously computed action maps, as well as the task guidance map m0 = Z. This

memory as a whole can be seen as a spatio-temporal attention volume. By applying it

to the visual features X, we can obtain the memorized features Xt = Mt ◦ X, where

◦ indicates the Hadamard product. The attention module recalls the most relevant

information from the memory, denoted as

Rt = fatt(Xt; θatt), (2.1)
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where the θatt indicates learnable parameters. It computes a temporal attention vector

indicating the dynamic importance of each historical time step [76], to determine what

to recall from the memory for the prediction of the current fixation.

ConvLSTM and outputs. We design a ConvLSTM network to simultaneously predict

the distributions of fixation positions and durations. The image features X and the

recalled features Rt are fed into a ConvLSTM layer to encode the spatio-temporal

patterns of scanpaths. With its current hidden state ht, the outputs are computed as

pat (at|a1:t−1) = softmax(fa(ht; θa)), (2.2)

[µt, σ
2
t ] = fτ (ht; θτ ), (2.3)

where fa and fτ indicate the output layers and θa and θτ are learnable parameters.

We use [mt, et] = pat (at|a1:t−1) to represent the distribution of the actions including the

action maps mt and the end-of-scanpath indicator et. Finally, we sample the fixation

point yt following the discrete probability values in the action map mt, and sample

the fixation duration following the parametric function τt ∼ pτt (τ |µt, σ
2
t ). We model

the duration distribution pτt as a log-normal function following previous experimental

studies [91, 92].

2.3.2 Objective

Scanpath prediction is a typical sequential learning task. To address the discrepancy

between training and testing contexts in sequential learning, we propose to apply self-

critical sequence training (SCST) [87] to directly optimize the non-differentiable eval-

uation metrics. We further introduce a novel loss function to help differentiate correct

and incorrect scanpaths.

Supervised learning. It is widely used in sequential learning to minimize a maximum-

likelihood loss at each step. In our context, the objective is to jointly optimize the

fixation action at and the duration τt:

L(θ) = −
T+1∑
t=1

log pat (a
∗
t |a∗1:t−1; θ)− λ

T∑
t=1

log pτt (τ
∗
t |µt, σ

2
t ), (2.4)

where T is the length of the ground-truth fixations, a∗t and τ∗t are the ground-truth
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action (one-hot vector indicating the fixation position or end of the scanpath) and

fixation duration, respectively. The hyperparameter λ balances the contributions of the

two loss terms. With this loss function, we simultaneously train two networks with the

correct and incorrect scanpaths. They share most of their parameters, except for the

memory and output layers.

However, this objective function does not always produce the best results on the

non-differentiable metrics for scanpath evaluation. This discrepancy between training

and testing contexts has been observed in similar sequence generation tasks [88, 87].

To address this issue, we propose to use SCST in scanpath prediction and optimize the

network based on test-time evaluation metrics.

Reinforcement learning with SCST. Specifically, in the context of scanpath pre-

diction, the objective is to minimize the negative expected reward:

Lr(θ) = −Ey,T [r(y, T )], (2.5)

where r(·, ·) is a reward function (i.e. ScanMatch [55]), while y and T indicate the sam-

pled fixation positions and durations, respectively. The main idea of SCST is to baseline

the REINFORCE algorithm with the reward achieved by the current model under the

corresponding evaluation metric used at the test time [87]. To reduce the variance of the

gradient estimate and accelerate the training, for each network, we compute the average

rewards of k scanpaths and use their mean reward as the corresponding baseline. We

denote their corresponding loss functions as L+
r (θ) and L−

r (θ), respectively. Without

loss of generality, in this paper, we use the superscripts + and − to distinguish the

notations for correct and incorrect scanpaths, respectively.

Consistency-Divergence loss. The level of difference between correct and incorrect

scanpaths is image-specific, so it is difficult to distinguish them by directly learning

from the data. We combine the SCST objective with a novel Consistency-Divergence

loss (CDL) to explicitly quantify the consistency and divergence of human scanpaths and

force the model predictions to resemble such statistics. Specifically, given the correct and

incorrect ground-truth scanpaths, we first compute their within-group similarity r∗+within,

r∗−within, and the between-group similarity r∗between, by averaging the pair-wise evaluation

scores within and between the correct and incorrect groups. The differences ∆r∗+ =
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r∗+within − r∗between and ∆r∗− = r∗−within − r∗between measure the consistency of scanpaths

within each group compared with the diversity between the two groups. Intuitively, high

within-group similarity and low between-group similarity suggest that the differences

between correct and incorrect scanpaths are more distinguishable. Similarly, we can

evaluate the predicted scanpaths in the same way to obtain ∆r+(y, T ) and ∆r−(y, T ).

The objective of the proposed CDL is to let ∆r+(y, T ) approximate ∆r∗+ and ∆r−(y, T )

approximate ∆r∗−, so that the differences between the predicted scanpaths are similar

to those of the ground-truth. Therefore, the CDL is computed as

LCD(θ) = Ey,T
[
|△r+(y, T )−△r∗+|

]
+ Ey,T

[
|∆r−(y, T )−∆r∗−|

]
,

(2.6)

Finally, we define the total loss as a linear combination of the negative expected

reward and the CDL (2.6):

L′(θ) = L+
r (θ) + L−

r (θ) + γLCD(θ). (2.7)

The hyperparameter γ balances the contribution of the loss terms in the policy gradient

update stage [93].

2.4 Experiments

We evaluate the proposed method with extensive experiments. Our quantitative and

qualitative results demonstrate the performance and generalizability of the proposed

method, sheding light on some interesting research questions about scanpath prediction.

2.4.1 Experiment Settings

Dataset. We conduct our experiments mainly on the AiR dataset [1]. It consists

of images and questions selected from the balanced validation set of GQA [94] and

provides the eye-tracking data collected from 20 participants who answer the questions.

Each question is answered by 10 different participants, and their eye-tracking data are

associated with their answers. The numbers of fixations in the recorded scanpaths are

similar between the correct answers (10.12 ± 0.99) and the incorrect answers (10.27 ±
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1.54). Their spatial priors are also highly similar. These similarities ensure that models

do not differentiate between correct scanpaths and incorrect scanpaths based on their

prior distributions. We randomly split this dataset into a training set of 1137 questions,

a validation set of 142 questions, and a test set of 143 questions. The proportion of

correct answers are balanced among these subsets.

Evaluation metrics. To evaluate the models, we generate 10 correct/incorrect scan-

paths with each model and compare them with the corresponding ground-truth scan-

paths using a combination of four evaluation metrics: The ScanMatch [55, 95] measures

scanpath similarity based on the Needleman-Wunsch algorithm [96]. It has been com-

monly used to evaluate scanpath prediction models due to its robustness to the substan-

tial noise inherent in the scanpaths. The MultiMatch [97] is a multidimensional evalua-

tion metric, composed of five similarity measures regarding shape, direction, length, po-

sition, and duration. The String-Edit Distance (SED) [98, 99] is a dissimilarity measure

that converts scanpaths into strings by associating each image region with a character.

The Scaled Time-Delay Embedding (STDE) [73] measures the average of the minimum

Euclidean distances of each sub-sequence of the compared scanpaths. For SED and

STDE, we report the mean and best evaluation scores. While the mean scores are the

averages of all subjects, the best scores are computed based on the most similar human

scanpath [100]. These complementary evaluation metrics provide a comprehensive view

of the prediction results.

Implementation details. We use ResNet-50 [6] to encode the visual features and use

AiR [1] VQA model to compute the task guidance maps. The object-based attention

weights are converted to spatial maps by computing a weighted average of their bounding

box masks [1]. The resolution of the input image is 240× 320. We discrete the fixation

position into a 30×40 action map. In supervised learning, we train our model using the

Adam [101] optimizer with learning rate 10−4 and weight decay 5× 10−5. To avoid the

divergence of loss, we also adopt the warmup strategy [102] followed by a linear decay of

the learning rates. In reinforcement learning, we also use the Adam [101] optimizer with

linearly decayed learning rates starting at 5×10−5 and weight decay 5×10−5. In SCST,

we sample k = 5 different scanpaths for the correct and incorrect answers, respectively.

The reward function is defined as the harmonic average of the two ScanMatch scores,

one with duration and the other without. Our implementation of the ScanMatch metric
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Method
ScanMatch ↑ MultiMatch ↑ SED ↓ STDE ↑

w/o Dur. w/ Dur. Vector Direction Length Position Duration Mean Best Mean Best

Human
0.421 0.391 0.945 0.747 0.938 0.879 0.522 7.836 4.804 0.867 0.918
0.375 0.358 0.938 0.734 0.929 0.851 0.526 8.611 6.406 0.841 0.895

SaltiNet [57]
0.112 0.130 0.933 0.676 0.930 0.696 0.504 10.620 9.264 0.729 0.765
0.120 0.138 0.930 0.676 0.926 0.696 0.506 10.650 9.750 0.734 0.754

PathGAN [56]
0.210 0.212 0.940 0.637 0.937 0.806 0.589 8.658 6.535 0.832 0.862
0.221 0.218 0.937 0.637 0.927 0.821 0.612 9.071 7.750 0.844 0.861

IOR-ROI [59]
0.171 0.202 0.918 0.724 0.908 0.782 0.570 9.210 7.332 0.791 0.818
0.198 0.216 0.917 0.737 0.905 0.793 0.590 9.177 7.945 0.801 0.817

Ours
0.394 0.391 0.950 0.717 0.933 0.879 0.615 7.523 5.701 0.869 0.893
0.365 0.368 0.946 0.705 0.930 0.864 0.632 7.955 6.772 0.856 0.877

Table 2.1: Scanpath prediction results on the AiR dataset (VQA). In each panel, the
first row indicates the correct scanpaths and the second row indicates the incorrect
scanpaths. The best results are highlighted in bold. Underlines indicate scores above
human performance.

in training and evaluation follows [55, 95]. The hyperparameters λ and γ are empirically

set to 1.0 and 2.0, respectively, based on the validation set performance.

2.4.2 Are the predicted scanpaths plausible?

We first evaluate how well the predicted scanpaths simulate human behavior. Since we

are the first to predict scanpaths in the VQA task, for a fair comparison, we customize

the most relevant deep-learning-based scanpath prediction models (i.e. SaltiNet [57],

PathGAN [56], and IOR-ROI [59]), by combining the BERT embedding [103] of the

question with the visual features and jointly predicting the correct and incorrect scan-

paths. Following [59, 60], we measure human performance by computing the inter-

observer agreements within the correct and incorrect groups, respectively. For each

image, we measure the similarity of every pair of human scanpaths from the same group

and compute their mean values.

table 2.1 reports the quantitative results of the compared methods. Our method

significantly improves the prediction of both fixation positions and durations. It out-

performs the other methods on 9.5/11 metrics by a substantial margin. For example,

its ScanMatch scores are over 84% (correct) and 69% (incorrect) higher than the state-

of-the-art methods. It even outperforms humans on 6.5/11 metrics.
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Ours

Human

Question: What is the 
device on top of the 

nightstand made of wood?
Answer: phone

Question: Are there 
both knives and 

spoons in the picture?
Answer: yes

PathGAN

SaltiNet

Correct Incorrect IncorrectCorrect

IOR-ROI

Figure 2.3: Examples of the predicted scanpaths. Each column compares the prediction
results and human scanpaths given specific answer correctness. The number and radius
indicate the fixation order and duration, respectively. The blue and red dots indicate
the beginning and the end of the scanpath, respectively.
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Method ScanMatch ↑ MultiMatch ↑ SED ↓ STDE ↑

TG SCST CDL w/o Dur. w/ Dur. Vector Direction Length Position Duration Mean Best Mean Best

0.290 0.323 0.927 0.719 0.914 0.845 0.537 8.539 6.829 0.838 0.858
0.280 0.310 0.920 0.713 0.909 0.831 0.544 8.797 7.667 0.827 0.845

✓
0.296 0.329 0.927 0.719 0.914 0.849 0.533 8.438 6.733 0.841 0.862
0.288 0.317 0.922 0.717 0.910 0.837 0.546 8.749 7.682 0.831 0.850

✓
0.360 0.363 0.948 0.705 0.930 0.865 0.612 7.752 5.961 0.860 0.885
0.350 0.350 0.943 0.704 0.925 0.852 0.627 8.013 6.818 0.850 0.871

✓ ✓
0.369 0.370 0.949 0.713 0.933 0.869 0.605 7.741 5.982 0.860 0.883
0.350 0.352 0.944 0.716 0.927 0.856 0.616 8.066 6.946 0.849 0.870

✓ ✓
0.385 0.383 0.949 0.714 0.932 0.876 0.614 7.569 5.736 0.867 0.891
0.348 0.354 0.945 0.703 0.928 0.855 0.620 8.011 6.796 0.849 0.873

✓ ✓ ✓
0.394 0.391 0.950 0.717 0.933 0.879 0.615 7.523 5.701 0.869 0.893
0.365 0.368 0.946 0.705 0.930 0.864 0.632 7.955 6.772 0.856 0.877

Table 2.2: Ablation study of TG, SCST and CDL on the AiR dataset. In each panel,
the first row indicates the correct scanpaths and the second row indicates the incorrect
scanpaths. The best results are highlighted in bold.

figure 2.3 presents qualitative examples of the predicted scanpaths. While the state-

of-the-art models look at salient objects in general, our predicted scanpaths align better

with task-related objects and the human eye-movement behavior regarding fixation

positions, durations, and orders. Note that subtle differences of scanpaths can determine

the correctness of answers: the incorrect scanpaths consistently miss important objects

(i.e. phone and knives).

Note that besides our significant performance boost in predicting correct scanpaths,

our method is also effective in predicting scanpaths that lead to incorrect answers thus

to be avoided. We find that incorrect scanpaths are less consistent compared with

correct ones (also corroborated with Human scores), possibly due to the variety of

factors that may lead to an incorrect decision. Yet with the task guidance and the

novel CDL loss, our method can capture the subtle differences between the correct and

incorrect scanpaths, and learn discriminative features relevant to answer correctness to

successfully predict both correct and incorrect scanpaths.
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2.4.3 What contributes to the model’s performance?

Our proposed method has three major technical contributions: VQA model attention as

the task guidance (TG), SCST to address the exposure gap, and the novel Consistency-

Divergence loss (CDL). To demonstrate the contribution of each component, we incre-

mentally apply them to a baseline (i.e. a task-ignorant supervised-learning variant of

our method). As shown in table 2.2, each component helps predict both correct and

incorrect scanpaths. In particular, though TG results in relatively minor improvements

by itself (under supervised learning), it plays a more important role in reinforcement

learning with SCST. This observation suggests that SCST can help the model to make

better use of the task input to fixate task-relevant regions. Finally, using the new CDL

loss together with SCST optimizes the within-group and between-group consistencies of

the correct and incorrect scanpaths, thus further increasing the model performance.

2.4.4 What do the predicted scanpaths fixate?

To investigate how the predicted scanpaths fixate different objects, we align the fixation

positions with the ground-truth object annotations provided by the GQA dataset [94].

We segment each image into three regions: 1) Region of Interest (ROI) is composed of all

the objects in the questions and answers; 2) Non-ROI is composed of the other annotated

objects that are not included in the ROI; 3) Background is the empty regions without

object annotations. For each compared model, we compute the percentage of fixations

in each region. As shown in table 2.3, in general, higher-performance models generate

more fixations in the ROI. Our proposed techniques (i.e. TG, SCST, CDL) improve the

accuracy of fixating task-relevant objects, allowing our method to perform significantly

better than the state-of-the-art methods [56, 57, 59]. The percentage of fixations to ROI

of our full model is similar to that of humans. Besides, humans’ correct scanpaths fixate

the ROI more frequently than the incorrect ones, showing the correlation between their

attention allocation and task performance. Our method replicates this correlation, while

the compared methods fail to do so. The proposed techniques allow our model to learn

more discriminative features and better distinguish correct and incorrect scanpaths.
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Method
Fixations Position %

ROI ↑ Non-ROI ↓ Background ↓

Human
26.43 67.48 6.09
21.60 71.92 6.48

SaltiNet [57]
4.17 77.88 17.95
3.96 78.49 17.55

PathGAN [56]
7.82 84.34 7.83
7.17 86.10 6.73

IOR-ROI [59]
9.14 82.99 7.87
9.79 82.53 7.67

Ours
25.04 69.70 5.26
22.33 72.27 5.40

Table 2.3: Percentage of fixations in ROI, non-ROI, and background. In each panel,
the first row indicates the correct scanpaths and the second row indicates the incorrect
scanpaths.

0.340.350.360.370.380.390.40.460.480.50.520.540.56ScanMatch (w/ duration)VQA AccuracyCorrectIncorrectMLBHANUpDownAiR

Figure 2.4: Comparison of VQA models’ answer accuracy, scanpath accuracy, and ma-
chine attention accuracy (bubble size).

2.4.5 Which VQA model is the most effective?

The explicit use of VQA models in our method allows us to evaluate and visualize VQA

models from a human attention’s perspective, which has not been explored before. We

evaluate the effectiveness of four VQA models: AiR [1], UpDown [88], HAN [90] and

MLB [89]. figure 2.4 compares their VQA accuracy on the GQA (test-dev) dataset, ma-

chine attention accuracy (AiR-E [1]), and the scanpath prediction performance (Scan-

Match w/ duration). As can be seen, both the machine attention accuracy and VQA

accuracy are positively correlated with the scanpath prediction performance. Object-

based attention maps tend to be more accurate and provide better task guidance: AiR [1]

achieves the best performance, thanks to its explicit attention supervision with the

ground-truth object annotations. UpDown [88] computes implicitly supervised object-

based attention, achieving lower performances in scanpath prediction. HAN [90] relies

on attention ground-truth from a specific group of questions [104], which leads to lower
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Method
ScanMatch ↑ MultiMatch ↑ SED ↓ STDE ↑

w/o Dur. w/ Dur. Vector Direction Length Position Duration Mean Best Mean Best

Human 0.390 0.386 0.941 0.695 0.931 0.851 0.621 7.486 5.001 0.844 0.906

Itti et al . [65] 0.211 0.088 0.824 0.653 0.763 0.685 0.415 8.701 6.529 0.714 0.757
SGC [71] 0.211 – 0.906 0.658 0.870 0.717 – 8.422 6.194 0.771 0.837
Wang et al . [73] 0.151 – 0.857 0.641 0.801 0.625 – 9.051 7.129 0.682 0.739
Le Meur et al . [70] 0.228 – 0.864 0.657 0.831 0.701 – 8.573 6.536 0.739 0.788
STAR-FC [75] 0.204 – 0.920 0.662 0.900 0.668 – 8.393 6.314 0.751 0.828
SaltiNet [57] 0.169 0.142 0.868 0.647 0.840 0.655 0.566 8.948 7.001 0.706 0.763
PathGAN [56] 0.077 0.079 0.919 0.572 0.905 0.511 0.678 9.414 7.677 0.611 0.691
IOR-ROI [59] 0.267 0.265 0.891 0.709 0.860 0.759 0.634 8.180 6.003 0.789 0.844

Ours 0.383 0.377 0.943 0.651 0.924 0.847 0.684 7.155 4.579 0.852 0.905

Table 2.4: Performances on the OSIE dataset (free-viewing). The best results are
highlighted in bold. Underlines indicate scores above human performance.

Method
ScanMatch ↑ MultiMatch ↑ SED ↓ STDE ↑

w/o Dur. w/ Dur. Vector Direction Length Position Duration Mean Best Mean Best

Human 0.526 0.490 0.944 0.755 0.934 0.913 0.685 2.181 0.359 0.920 0.974

SaltiNet [57] 0.199 0.127 0.909 0.546 0.907 0.740 0.551 4.037 2.742 0.759 0.829
PathGAN [56] 0.277 0.198 0.930 0.561 0.926 0.839 0.604 2.820 1.694 0.847 0.901
IOR-ROI [59] 0.316 0.274 0.919 0.665 0.907 0.834 0.586 4.384 2.595 0.846 0.896
IRL [60] 0.403 – 0.904 0.630 0.887 0.825 – 2.734 1.002 0.898 0.952

Ours 0.554 0.510 0.941 0.706 0.927 0.914 0.721 1.852 0.484 0.923 0.965

Table 2.5: Performances on the COCO-Search18 dataset (visual search). The best
results are highlighted in bold. Underlines indicate scores above human performance.

performances and difficulties to generalize. MLB [89] is based on image features, so its

spatial attention maps may not highlight objects, leading to the lowest performances. In

sum, our method suggests that a well-designed machine attention mechanism not only

improves the performance of VQA models but also benefits human attention prediction.

It also enables further correlational studies between human and machine attention mech-

anisms.

2.4.6 Does the proposed method generalize?

Our method can generalize across tasks with different complexities. Similar to what we

observe in the VQA task, results in the free-viewing and visual search tasks also show a

significant performance boost, achieving a human-level performance. First, for the free-

viewing task (i.e. task guidance and CDL are not applicable), we conduct experiments
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on the OSIE dataset [105] following the settings of Sun et al . [59]. table 2.4 shows that

our method significantly outperforms the state-of-the-art methods [56, 57, 65, 70, 59,

71, 73, 75] on 10/11 metrics with over 42% higher ScanMatch scores. Next, we conduct

experiments on COCO-Search18, a visual search dataset [60], using a CenterNet [106]

detector to detect the search targets and generate the task guidance maps. As shown

in table 2.5, our method outperforms the state-of-the-art approaches [56, 57, 59, 60]

by a large margin and reaches human-level performance on 6/11 metrics. Particularly,

our ScanMatch scores are over 37% better than the state-of-the-art [60] and over 5.3%

better than humans. These overwhelming performances demonstrate the robustness

and generalizability of our method in different task settings.

2.5 Conclusion

We propose the first model for predicting human scanpaths during visual question an-

swering. By explicitly integrating a task guidance map, the model learns to predict a

sequence of task-driven scanpaths that lead to correct or incorrect answers. To address

the exposure bias, we propose an SCST approach that optimizes the model based on

scanpath evaluation metrics and a Consistency-Divergence loss to distinguish between

correct and incorrect scanpaths. Our method significantly outperforms the state-of-the-

art methods on multiple datasets and tasks. Our experiments suggest that our model

can predict human-like scanpaths and reveal the critical fixation patterns that determine

the task performance. The improved performance of human scanpath prediction will

push forward the research on task-driven attention and advance a wide range of applica-

tions in the development of intelligent robots, automatic design and advertising systems,

human-computer interaction systems, and diagnostic tools for mental healthcare.



Chapter 3

Beyond Average: Individualized

Visual Scanpath Prediction

Understanding how attention varies across individuals has significant scientific and so-

cietal impacts. However, existing visual scanpath models treat attention uniformly,

neglecting individual differences. To bridge this gap, this paper focuses on individual-

ized scanpath prediction (ISP), a new attention modeling task that aims to accurately

predict how different individuals shift their attention in diverse visual tasks. It proposes

an ISP method featuring three novel technical components: (1) an observer encoder to

characterize and integrate an observer’s unique attention traits, (2) an observer-centric

feature integration approach that holistically combines visual features, task guidance,

and observer-specific characteristics, and (3) an adaptive fixation prioritization mech-

anism that refines scanpath predictions by dynamically prioritizing semantic feature

maps based on individual observers’ attention traits. These novel components allow

scanpath models to effectively address the attention variations across different observers.

Our method is generally applicable to different datasets, model architectures, and vi-

sual tasks, offering a comprehensive tool for transforming general scanpath models into

individualized ones. Comprehensive evaluations using value-based and ranking-based

metrics verify the method’s effectiveness and generalizability.

28



29

(a) (b) (c)

Figure 3.1: Understanding and predicting the distinct eye movements of each observer
is the key objective of individualized scanpath prediction. These examples reveal the
variations in the scanpaths of different observers, showing their distinct attention pref-
erences in (a) faces, (b) objects, and (c) background. Each dot represents a fixation,
with the number and radius indicating its order and duration, respectively. The blue
and red dots indicate the beginning and the end of the scanpath, respectively.

3.1 Introduction

Saccadic eye movements, such as fixations and saccades, enable individuals to shift

their attention quickly and redirect their focus to different points in the visual field.

Studying various factors driving people’s eye movements is important for understanding
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human attention and developing human-like attention systems. Computational mod-

els predicting eye movements have broad impacts across various domains, such as as-

sessing image and video quality [107, 108, 109], developing intuitive human-computer

interaction systems [110, 111, 112, 113, 114], creating immersive virtual reality ex-

periences [115, 116, 117], enhancing the safety and efficiency of autonomous vehi-

cles [118, 119, 120], and diagnosing neurodevelopmental conditions [121, 122, 123].

While existing models of saccadic eye movements predominantly focus on modeling

generic gaze patterns manifested as observer-agnostic scanpaths (i.e., a spatiotemporal

sequence of fixations), this work seeks to model the individual variations in eye move-

ments. As shown in Figure 3.1, there exists significant inter-observer variations in visual

scanpaths. Such variations can be attributed to a multitude of individual characteris-

tics, such as gender, age, and neurodevelopmental conditions [124, 125]. For instance,

females show more explorative gaze patterns than males [126, 127, 128], older adults

prefer faces [129] and objects with high color visibility [130], individuals with neurode-

velopmental disorders, such as autism spectrum disorder (ASD), may show a preference

for repetitive patterns while avoiding social cues [2, 131, 132]. Therefore, developing

tailored models that cater to the uniqueness of each observer is an essential step toward

more precise and adaptive attention modeling.

Existing research efforts have failed to address the divergence between the person-

alized nature of human attention and the collective nature of current scanpath models.

This is due to the lack of standardized methods for quantifying and representing indi-

vidual attention traits, as well as the absence of comprehensive frameworks that can

accommodate the diverse range of observer characteristics. In this paper, we resolve

this significant challenge with a novel individualized scanpath prediction (ISP) method

comprising three novel components: (1) The observer encoder is a key component for

personalized scanpath modeling. It efficiently captures an observer’s unique attention

traits by introducing an observer-specific identifier as an additional input, forming the

basis for individualized scanpath predictions. (2) The observer-centric feature integra-

tion module adopts a comprehensive approach, fusing visual features, task guidance,

and observer-specific attention traits spatially and channel-wise. This ensures consider-

ation of diverse bottom-up and top-down cues, simplifying subsequent processing and

enhancing the efficient prediction of individualized scanpaths. (3) The adaptive fixation
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prioritization module enhances scanpath precision by dynamically assigning priorities

to the output features, generating a probability map for each fixation. This adaptability

ensures refined predictions of individualized scanpaths.

Our method has three distinctions from previous visual scanpath studies: (1) We

go beyond prior work focusing on general scanpath modeling and propose the first

comprehensive investigation of individualized scanpath prediction. (2) We emphasize

the tight integration of observer features into the scanpath prediction process, distinct

from trivial individualization techniques such as fine-tuning with single-observer data.

(3) Our method is generally applicable to various model architectures and visual tasks,

broadening its usability in real-world applications.

The main contributions of this work are as follows:

1. We study the underexplored task of individualized scanpath prediction, focusing

on modeling how an observer’s unique attention traits affect their eye movements.

2. We propose an individualization method featuring three novel technical compo-

nents: The observer encoder is an important addition to scanpath models, which

enables observer-centric feature integration and adaptive fixation prioritization.

These components enable the model to adapt to individual observers, yielding

accurate and individualized predictions.

3. We comprehensively evaluate scanpaths from individual observers’ perspectives,

using both value-based and ranking-based metrics. Experimental results on mul-

tiple eye-tracking datasets, with different model architectures and visual tasks,

prove our method’s effectiveness and generalizability for predicting individualized

scanpaths.

3.2 Related Works

Our work is related to prior studies on eye-tracking datasets and visual scanpath pre-

diction methods.



32

Observer-
Centric
Feature

Integration

Visual
Encoder

Task
EncoderFree-Viewing

Decoder

 Adaptive
Fixation

Prioritization

AvgPools

softmax

Observer-Centric Feature IntegrationObserver Encoder

Observer
Encoder

softmax

AvgPoolc

AvgPools

Adaptive Fixation Prioritization

Sample

Figure 3.2: Our proposed method incorporates an observer encoder for characterizing
individualized attention traits, followed by observer-centric feature integration for holis-
tic processing, and adaptive fixation prioritization for refined predictions.

3.2.1 Eye-Tracking Datasets

The foundation for attention modeling relies on diverse, thoughtfully curated eye-

tracking datasets spanning various stimuli, tasks, and observers [1, 2, 105, 60, 123].

These datasets, from those dedicated to free-viewing [2, 105, 123] to those capturing

goal-directed behaviors [1, 60], serve as invaluable resources for training and evaluating

attention models. Specifically, several well-recognized eye-tracking datasets have pro-

vided benchmarks to quantify the performance of saliency models [133, 134, 105, 135]

and scanpath models [2, 105, 123]. Subsequent studies have developed datasets of goal-

directed behaviors to characterize how observers search for an object in an image [60]

or answer image-related questions [1]. These efforts facilitate the development of static

saliency models [136, 137, 138, 139, 140, 141, 142, 143] as well as dynamic scanpath

models [50, 144, 59, 60, 145, 146, 147, 148, 149]. Our work sets itself apart from indi-

vidualized saliency models [150, 151, 152, 142, 153, 154] by predicting dynamic scanpaths

rather than static saliency maps. It utilizes datasets from various visual tasks and ob-

server groups to expand scanpath modeling, with emphasis on the distinct attention

traits of each observer.
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3.2.2 Visual Scanpath Prediction

Scanpath prediction has been an underexplored topic in the field of attention model-

ing. Early studies generate scanpaths by sampling fixations from saliency maps us-

ing the inhibition-of-return mechanism [73, 70, 75, 65, 74, 153]. Recent studies have

developed computational models directly predicting the sequence of fixations and sac-

cades [50, 144, 59, 60, 145, 146, 147, 148]. Several scanpath models harness the power

of deep neural networks [50, 144, 59, 60, 145, 146, 147, 148, 155, 114], reinforcement

learning techniques [50, 60, 146], and transformer-based models [148, 144], ultimately

improving the accuracy of scanpath prediction to the human level. These developments

have significantly deepened our understanding of the temporal dynamics of human at-

tention. However, existing models focus on predicting general scanpaths rather than

taking individual variations into account. Differently, our method places particular em-

phasis on characterizing individual attention traits and integrating them into a general

scanpath model, thus enabling tailored predictions that align with each observer’s gaze

behavior. This unique approach extends the horizon of attention modeling, underlining

the importance of individual differences within the broader context of human attention.

3.3 Methodology

The core challenge in individualized scanpath modeling is the need to predict unique

gaze patterns for different observers. This arises due to the inherent variations in atten-

tion traits. Figure 3.2 presents an overview of our method. It offers a threefold solution:

(1) an observer encoder, (2) an observer-centric feature integration module, and (3) an

adaptive fixation prioritization module. These components are designed to be flexible

as they can be applied on a general scanpath model based on the encoder-decoders,

(e.g ., with a visual encoder and task encoder, and an LSTM [156] or Transformer [103]

decoder) to provide robust and precise predictions tailored to each observer.

3.3.1 Observer Encoding

At the core of our proposed method is an Observer Encoder, a key component designed

to enable the novel task of individualized scanpath prediction. It takes as input an



34

observer-specific identifier ũ (e.g ., a one-hot vector) and efficiently computes an observer

feature u. This feature represents the unique characteristics and preferences of each

observer. Our approach utilizes a linear embedding operation to derive the observer

feature:

u = W uũ, (3.1)

where W u indicates learnable parameters. The linear embedding operation provides a

straightforward mapping that retains important characteristics, offering a practical and

computationally efficient solution for capturing unique attention traits.

This observer encoder can be seamlessly integrated into an existing scanpath model.

As shown in Figure 3.2, a typical Visual Encoder is used to transform the input image

into multi-channel feature maps E characterizing the bottom-up attention. To model

the interaction between the visual feature E and the observer feature u, an observer

guidance map can be computed through a linear combination:

mu = softmax
(
wT

eu tanh(W euE +Wmuu)
)
, (3.2)

where weu, W eu, Wmu are learnable parameters. This observer guidance localizes

salient image regions of specific interest to the observer.

Some scanpath models use a Task Encoder to process task-relevant information

guiding the gaze behavior, such as a search target or a general question to answer.

Such top-down guidance can be represented as a spatial attention map m0 prioritizing

task-relevant regions. These bottom-up and top-down features are typically processed

with a decoder (e.g ., LSTM or Transformer) to predict a sequence of probability maps

{mt | t = 1, 2, . . . , T} and distribution parameters {(µt, σ
2
t ) | t = 1, 2, . . . , T} for sampling

fixation positions and durations, respectively, where T is the number of fixations.

In Sections 3.3.2 and 3.3.3, we present specific modules that leverage the observer

feature u to individualize the scanpath model. For clarity, our method description

focuses on its integration with an LSTM model [50]. Please refer to Section 3.4.1 for

details about its adaptation to a Transformer network [144].
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3.3.2 Observer-Centric Feature Integration

With the encoded observer features characterizing each observer’s distinct attention

traits, we design observer-centric feature integration to address the critical need to fuse

various inputs, including visual features, task relevance, and observer-specific character-

istics, into a unified representation. The motivation behind this integration is to create

a comprehensive understanding of individualized attention patterns. This integration

process results in a sequence of observer-centric feature maps {Rt | t = 1, 2, . . . , T} repre-
senting spatiotemporal fixation patterns, thus enabling the model to track individualized

attention dynamics over time [50, 1, 76].

Specifically, to guide the prediction at each step, we leverage the predicted fixation

distribution from the previous step (i.e., mt−1) as a soft attention map, applying it

to the visual features to derive the previously fixated visual features Xt = E ◦mt−1,

where the symbol ◦ denotes the Hadamard product. It is noteworthy that the task

guidance map m0 is used initially to guide the first fixation, mimicking the cognitive

process that initially directs eye movements based on the visual task. Similarly, the

observer guidance map mu is used as the attention weights to obtain observer-centric

visual features Xu = E ◦mu.

To seamlessly integrate the fixated visual features and observer-centric visual fea-

tures, we concatenate the two types of feature maps

Xut = Xt ∥Xu, (3.3)

and perform spatial and channel-wise feature fusion, which are achieved by average-

pooling the feature maps along the channel (AvgPoolc) and spatial dimensions (AvgPools),

respectively, followed by linear layer processing and the addition of encoded observer

features:

us
t = ReLU(W hsAvgPoolc(Xut) + bhs) +W usu, (3.4)

uc
t = ReLU(W hcAvgPools(Xut) + bhc) +W ucu, (3.5)

where W hs, W hc, W us, W uc, bhs, and bhc are learnable parameters. Ultimately,
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combining us
t and uc

t yields the final observer-centric feature maps

Rt = us
t ⊗ uc

t , (3.6)

where ⊗ is the outer product. It represents the dynamic importance of individual

attention traits in the prediction of the current fixation, providing a more profound

understanding of individualized visual behavior.

3.3.3 Adaptive Fixation Prioritization

While the observer-centric feature integration focuses on the fusion of input features,

the adaptive fixation prioritization module addresses the variations of gaze behavior at

the output end of the decoder. To achieve this, instead of directly predicting fixation

positions, our approach, aimed at individualizing fixation predictions, takes a distinct

path. We start by extracting semantic feature maps, denoted as At, from the decoder.

These feature maps are subsequently prioritized using attention weights specific to each

observer, providing a pragmatic means of refining fixation outputs based on their unique

attention traits.

To elaborate on the process, we begin by element-wise multiplication of the semantic

feature maps At with the input visual features E, and then perform average-pooling

along the spatial dimensions, resulting in a feature vector that characterizes the ob-

server’s attention distribution across different semantic feature channels, defined as

V t = AvgPools(E ◦At). (3.7)

Considering that the visual preferences of various semantic features may vary for

different observers, we introduce normalized attention weights β that prioritize the

different feature channels, taking into account the observer feature:

βt = softmax(wT
b tanh(W bV t +W umu)), (3.8)

where W b, W um and wb are learnable parameters. Finally, the attention weights βt
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OSIE [105] OSIE-ASD [2] COCO-Search18 [60] AiR-D [1]

Method SM ↑ MM ↑ SED ↓ SM ↑ MM ↑ SED ↓ SM ↑ MM ↑ SED ↓ SM ↑ MM ↑ SED ↓

Human 0.386 0.808 7.486 0.370 0.783 7.720 0.458 0.809 1.777 0.405 0.801 7.966

SaltiNet [57] 0.151 0.739 8.790 0.137 0.735 8.688 0.127 0.712 3.821 0.116 0.747 10.661
PathGAN [56] 0.056 0.744 9.393 0.042 0.732 9.342 0.231 0.714 2.454 0.072 0.739 9.888
IOR-ROI [59] 0.294 0.791 7.966 0.301 0.788 7.655 0.197 0.787 7.087 0.239 0.791 8.584
ChenLSTM [50] 0.373 0.804 7.309 0.341 0.791 7.602 0.454 0.799 1.932 0.356 0.808 7.845
Gazeformer [144] 0.372 0.809 7.298 0.388 0.792 7.081 0.432 0.796 2.023 0.349 0.810 8.004

ChenLSTM-FT 0.378 0.808 7.344 0.394 0.796 7.067 0.454 0.804 1.936 0.341 0.806 8.282
Gazeformer-FT 0.373 0.810 7.319 0.387 0.795 7.083 0.432 0.796 2.026 0.350 0.812 8.068
ChenLSTM-ISP 0.377 0.810 7.284 0.401 0.798 6.599 0.480 0.811 1.862 0.371 0.813 7.651
Gazeformer-ISP 0.390 0.813 7.163 0.406 0.797 6.823 0.455 0.806 1.997 0.362 0.814 7.911

Table 3.1: Comparison of value-based evaluation results for models’ ability to predict
the scanpaths of individual observers.

are applied to the corresponding semantic feature maps At to compute the output

mt = βT
t At. (3.9)

This mechanism reshapes the scanpath prediction process into a weighted combina-

tion of multi-channel feature maps, allowing for the adaptive integration of these maps

into the output fixation map. This approach allows the models to refine the fixation

positions, providing a precise prediction of an individual’s unique scanpath.

3.4 Experiments

This section reports comprehensive experimental results and analyses, demonstrating

the effectiveness and generalizability of our method across various datasets, model ar-

chitectures, and visual tasks.

3.4.1 Experiment Settings

Tasks and Datasets. We conduct experiments on four eye-tracking datasets featur-

ing a variety of visual tasks, including free-viewing, visual search, and visual question

answering: OSIE [105] comprising 700 images with free-viewing gaze data from 15 un-

dergraduate and graduate students aged 18–30, OSIE-ASD [2] with free-viewing gaze

data from 20 individuals with ASD and 19 controls, spanning ages 21 to 60, including

33 males and 6 females, COCO-Search18 [60] (target-present subset) featuring 6202
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images with gaze data from 6 males and 4 females aged 18 to 30, collected under a

visual search task, and AiR-D [1] offering images and questions from the GQA dataset

[94] with gaze and question-answering data from 16 males and 4 females aged 18 to 38.

Dataset splits follow ChenLSTM [50] for the OSIE, OSIE-ASD, and AiR-D datasets,

and the Gazeformer [144] for the COCO-Search18.

Evaluation Metrics. We conduct individualized scanpath prediction evaluation

using two complementary sets of metrics: value-based metrics and ranking-based met-

rics. The value-based metrics measure the similarity or dissimilarity between the pre-

diction and ground-truth scanpaths of the same observer. Different from existing stud-

ies [50] that compare a generic prediction with all observers’ ground-truth scanpaths,

we evaluate each individualized prediction against the corresponding observer’s ground

truth. Specifically, ScanMatch (SM) [55, 95] measures the similarity of fixation posi-

tion and duration using the Needleman-Wunsch algorithm [96]; MultiMatch (MM) [97]

measures scanpath similarity regarding shape, direction, length, position, and duration;

String-Edit Distance (SED) [100, 98, 99] converts scanpaths into strings by associating

each image region with a character. To evaluate how well the model predicts distinctly

different scanpaths for different observers, we also employ ranking-based metrics. For

each predicted scanpath, we rank the ground-truth scanpaths based on their ScanMatch

similarity. Recall at K (R@K) [157, 158] quantifies whether the correct scanpath (i.e.,

that from the same observer) is within the top-K most similar scanpaths. Mean Re-

ciprocal Rank (MRR) [159, 160, 52] measures the quality of the ranking by calculating

the reciprocal of the rank of the correct scanpath. Thus, the combination of value-

based metrics focusing on the specific observer and ranking-based metrics considering

all observers offers a comprehensive and robust performance evaluation.

Compared Models. We implement two individualized scanpath prediction models

representing typical autoregressive and non-autoregressive sequential processing paradigms,

respectively: ChenLSTM-ISP adapts the ChenLSTM [50] model, incorporating the ob-

server encoder and the observer-centric feature integration for input processing. The

model’s LSTM decoder outputs are further modified for the proposed adaptive fixation

prioritization. Similarly, we implement the Gazeformer-ISP model upon the Gaze-

former [144] architecture. It replaces the original visual-semantic joint embedding with

our observer-centric feature integration and changes the Transformer decoder outputs
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OSIE [105] OSIE-ASD [2] COCO-Search18 [60] AiR-D [1]

Method MRR ↑ R@1 ↑ R@5 ↑ MRR ↑ R@1 ↑ R@5 ↑ MRR ↑ R@1 ↑ R@5 ↑ MRR ↑ R@1 ↑ R@5 ↑

SaltiNet [57] 0.213 5.619 32.286 0.107 2.454 12.454 0.293 10.114 49.804 0.295 10.210 49.930
PathGAN [56] 0.221 6.667 33.048 0.110 2.601 12.894 0.294 10.082 50.245 0.293 10.000 50.629
IOR-ROI [59] 0.218 6.762 31.524 0.109 2.784 12.454 0.292 9.673 50.507 0.291 9.814 48.567
ChenLSTM [50] 0.222 7.048 32.952 0.108 2.418 13.114 0.296 10.199 50.719 0.297 9.957 51.433
Gazeformer [144] 0.223 7.048 32.476 0.107 2.564 11.758 0.292 9.873 50.114 0.299 10.459 51.361

ChenLSTM-FT 0.225 6.667 34.381 0.113 2.711 12.637 0.298 10.641 49.820 0.294 10.118 50.262
Gazeformer-FT 0.217 6.000 32.857 0.108 2.528 13.223 0.293 10.183 50.000 0.300 9.599 51.863
ChenLSTM-ISP 0.291 12.667 44.095 0.147 4.835 19.194 0.369 16.639 61.769 0.338 13.610 57.235
Gazeformer-ISP 0.268 10.095 41.905 0.141 4.286 18.571 0.353 15.299 60.020 0.334 13.539 57.450

Table 3.2: Comparison of ranking-based evaluation results for models’ ability to distin-
guish different observers.

Modules ChenLSTM Gazeformer

OE FI FP SM ↑ MM ↑ SED ↓ MRR ↑ R@1 ↑ R@5 ↑ SM ↑ MM ↑ SED ↓ MRR ↑ R@1 ↑ R@5 ↑

0.341 0.791 7.602 0.108 2.418 13.114 0.388 0.792 7.081 0.107 2.564 11.758
✓ 0.377 0.791 7.112 0.110 2.601 13.000 0.397 0.796 7.079 0.122 3.017 15.092
✓ ✓ 0.389 0.795 7.064 0.122 3.150 15.238 0.398 0.796 6.982 0.134 3.810 17.509
✓ ✓ 0.389 0.795 7.063 0.112 2.784 13.150 0.397 0.797 7.073 0.120 3.077 15.165
✓ ✓ ✓ 0.401 0.798 6.599 0.147 4.835 19.194 0.406 0.797 6.823 0.141 4.286 18.571

Table 3.3: Ablation study for the proposed technical components: observer encoder
(OE), observer-centric feature integration (FI), and adaptive fixation prioritization
(FP).

from fixation coordinates to feature maps. We compare these ISP models with their gen-

eral counterparts and other general scanpath prediction models, including SaltiNet [57],

PathGAN [56], and IOR-ROI [59]. In addition, we fine-tune the general models on

individual observer data (i.e., ChenLSTM-FT, Gazeformer-FT) to provide a baseline

for assessing the impact of explicitly incorporating observer-specific characteristics.

Implementation Details. We implement ChenLSTM [50] and Gazeformer [144]

following the original methods, such as using the same visual encoder (i.e., ResNet-

50 [6]) and task encoder (i.e., RoBERTa [161] or AiR-M [1] or CenterNet [106] object

detector). For both models, the number of output feature channels for At is empirically

set to 4. Specifically, for ChenLSTM [50] and Gazeformer [144], we adopt supervised

learning for 15 epochs and self-critical sequence training (SCST) [50, 87] for the re-

maining 10 epochs. In supervised learning, we train our model using the Adam [101]

optimizer with learning rate 10−4 and weight decay 5 × 10−5, while in the SCST, we

linearly decayed learning rates starting at 10−5. To improve the learning of discrimina-

tive features across observers, each training batch includes different scanpaths for the
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same image.

3.4.2 Quantitative Results

We present value- and ranking-based evaluation results to assess the effectiveness of our

ISP models in capturing the unique attention traits of individual observers.

Table 3.1 presents the value-based evaluation results revealing how model predic-

tions resemble the ground truth scanpath of each observer. While fine-tuning leads to

minor improvements in some cases (e.g ., OSIE and OSIE-ASD), it struggles on datasets

with less distinct inter-observer differences (e.g ., COCO-Search18 and AiR-D). In con-

trast, the ISP models consistently outperform the general methods and fine-tuning,

indicating their ability to adapt to the unique attention traits of observers. This is par-

ticularly evident in the improved performance (e.g ., Gazeformer-ISP, SM=0.406) on the

OSIE-ASD dataset with a diverse range of observer demographics. These results sug-

gest that our method, by directly targeting the modeling of observer-specific attention

patterns, offers more robust and effective individualization.

Table 3.2 presents ranking-based evaluation comparing models’ ability to distin-

guish ground-truth scanpaths. General models, which are observer-agnostic, cannot dif-

ferentiate the ground-truth scanpaths from similar ones (e.g ., ChenLSTM, R@1=2.4%

on OSIE-ASD, lower than random). Even after fine-tuning with individual eye-tracking

data, their performance improvements are marginal (e.g ., ChenLSTM-FT, R@1=2.7%

on OSIE-ASD), because independently tuning parameters cannot effectively learn fea-

tures that distinguish each observer from the others. Differently, the individualized

models achieve promising results across all metrics and datasets. From ChenLSTM to

ChenLSTM-ISP, R@1 is significantly improved to 4.8% on the OSIE-ASD dataset, dou-

bling the probability of finding the correct scanpath. It suggests that the ISP models

can predict scanpaths that align closely with an observer’s unique attention traits. Be-

tween network architectures, ChenLSTM-ISP consistently outperforms Gazeformer-ISP

when ranking scanpaths. This performance gain may be attributed to LSTM’s autore-

gressive nature which is more effective than Transformer’s parallel approach in learning

fine-grained spatiotemporal differences.
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3.4.3 Ablation Study

To evaluate the significance of the three technical components: observer encoder (OE),

observer-centric feature integration (FI), and adaptive fixation prioritization (FP), we

conduct an ablation study on the OSIE-ASD dataset [105] by applying them incremen-

tally to the ChenLSTM and Gazeformer models. Table 3.3 shows that a fundamental

module OE results in a significant improvement in the value-based evaluation and high-

lights its role of encoding attention traits of observers. Furthermore, based on OE, both

FI and FP have notable impacts on the model performance. First, both components

achieve similar performance improvements in SM, MM, and SED, demonstrating their

ability to improve the overall accuracy of scanpath predictions. Further, regarding the

MRR, R@1, and R@5 metrics, FI results in more significant improvements than FP,

suggesting that the seamless integration of various input features is more substantial

than FP’s ability to prioritize where to look at the output end. We also notice that com-

bining both modules leads to the most significant overall performance improvements,

indicating that FI and FP offer complementary enhancements.

3.4.4 Qualitative Examples

To understand how the predicted scanpaths align with observer-specific gaze patterns,

we present a qualitative comparison in Figure 3.3. Figure 3.3a and Figure 3.3b compare

the scanpaths between an observer with autistic traits and a non-autistic observer.

It can be seen that observer (a) focused on the center of the image while avoiding

direct gaze at people, while observer (b) looked at people more frequently. Figure 3.3c

and Figure 3.3d compare the scanpaths of two observers responding to the question

‘What is the device on top of the nightstand made of wood?’ with different answers.

Observer (c) successfully found the correct answer ‘phone’ by searching broadly within

the image, but observer (d) responded with an incorrect answer ‘television’ because the

fixations were mostly distributed around the television. Notably, while the fine-tuning

approach (column 1) falls short in capturing observer-specific gaze patterns, the ISP

models’ predictions (column 2) better align with the scanpaths of the human observers

(column 3). This capability of ISP models opens up new avenues for understanding and

interpreting individual differences in visual perception and decision-making processes.
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Ground TruthChenLSTM-ISPChenLSTM-FT

(a)

(b)

(c)

(d)

Figure 3.3: Qualitative examples of scanpaths predicted by ChenLSTM-FT,
ChenLSTM-ISP, and ground truth. Each row compares the model predictions and the
ground truth scanpath of one observer. These observers show different gaze patterns,
including (a) focusing on the image center, (b) exploring different people and objects,
(c) exploring broadly in the scene, and (d) focusing on a particular region. The blue
and red dots indicate the beginning and the end of the scanpath, respectively.
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Figure 3.4: Saliency evaluation results of the baselines, fine-tuned (FT) models, and
ISP models. Error bars indicate the standard error of the mean.

3.4.5 From Scanpaths to Saliency Maps

To further confirm the effectiveness of our ISP method, we assess the spatial accuracy of

the predicted fixations using established saliency evaluation metrics [133, 138], including

Linear Correlation Coefficient (CC), Area Under the ROC curve (AUC), Normalized

Scanpath Saliency (NSS), shuffled AUC (sAUC), Kullback-Leibler divergence (KLD),

and similarity metric (SIM). Saliency maps are generated by aggregating predicted fixa-

tions from all observers and applying a Gaussian kernel smoothing to all fixation points.

Figure 3.4 shows the substantial improvement of the ISP models over the baselines and

fine-tuned models when applied to the OSIE-ASD [2] dataset. This improvement shows

that our method not only accurately predicts individual observers’ fixations but also

enhances the overall prediction of fixation distributions for the population.

3.4.6 Semantic Analyses

Moving forward, we conduct statistical analyses on the OSIE-ASD dataset to test ISP

models’ ability to learn the attention differences across observers and populations. While

the evaluations above focus on fixation positions and durations, this analysis considers
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how the predicted fixations align with the ground truth regarding their semantic-level

statistics. Specifically, we group fixations into three categories based on the region of

interest (ROI) annotations provided by OSIE [105], which are social regions (directly

relating to humans, including faces, emotion, touched, gazed), nonsocial regions (e.g .,

implied motion, relating to nonvisual senses, designed to attract attention, and other

objects), and background. Each observer has a unique fixation distribution over the

three categories (i.e., social, nonsocial, and background), which enables the following

individual-level and population-level analyses.

Method Social Nonsocial Background

ChenLSTM [50] 0.181 -0.159 0.067
Gazeformer [144] -0.141 -0.253 -0.211

ChenLSTM-FT 0.137 0.040 -0.166
Gazeformer-FT 0.045 0.164 0.051
ChenLSTM-ISP 0.621 0.655 0.720
Gazeformer-ISP 0.692 0.572 0.699

Table 3.4: Spearmans’ correlation coefficients of fixation proportions in 3 semantic ROIs
(i.e., social, nonsocial, and background) between the ground truth and predictions. Bold
numbers indicate significant positive correlations (p < 0.05).

Individual Level. To evaluate how the predicted scanpaths resemble human fix-

ation statistics, we rank observers by their proportion of fixations in each category.

The fixations can be obtained from the model predictions or the ground truth. Ta-

ble 3.4 presents Spearman’s rank correlation coefficient [162] to compare the observer

rankings between the predictions and the ground-truth fixations. While fine-tuning is

less effective, showing low correlations across all categories, ISP models consistently

achieve significant and high positive correlations, suggesting their ability to resemble

each human observer’s unique fixation patterns.

Population Level. Beyond individual characterization, ISP models also effectively

capture and reproduce distinctive attention traits observed at the population level. For

example, individuals with ASD exhibit lower proportions, higher latency, and shorter

duration of fixations to both social and nonsocial cues [2, 131, 132]. Figure 3.5 shows that

fixations predicted by the ISP models achieve similar statistics. The statistical agree-

ment between the model predictions and the ground-truth scanpaths demonstrates our
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Figure 3.5: Statistical comparison between the predicted fixations for the ASD and
Control groups [2]. Error bars indicate the standard error of the mean. Asterisks
indicate significant differences (unpaired t-test, p < 0.05).

method’s ability to generalize and represent population-level characteristics, reinforcing

its potential utility in a variety of applications.

3.4.7 Application

To showcase the potential applicability of ISP models in the diagnosis of neurodevel-

opmental conditions, we visualize ISP model features and use these features to clas-

sify people with ASD. First, the individualization ability of our method is highlighted

through t-distributed stochastic neighbor embedding (t-SNE) visualization. By con-

catenating all observer-specific features from Equations (3.2), (3.4), (3.5), and (3.8),
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Figure 3.6: Visualization of features extracted from ISP models (numbers indicate ob-
server identities) and results of ASD classification using the features.

into v = [Wmuu ∥ W usu ∥ W ucu ∥ W umu], where ∥ represents the vector concate-

nation, Figure 3.6 shows that the ISP model features can clearly distinguish people

with ASD from the controls. It is noteworthy that such features are learned in an un-

supervised manner without knowing each observer’s class label, suggesting the strong

learning power of the ISP models. Further, based on a leave-one-out cross-validation, we

train a two-layer perceptron to classify people with ASD using the extracted feature v.

ChenLSTM-ISP and Gazeformer-IPS achieve 82.1% and 71.8% classification accuracy,

respectively, similar to clinical gold standards [163, 164]. These results demonstrate ISP

models’ potential in real-world healthcare applications.

3.5 Conclusion

We have introduced a novel approach to predicting individualized human visual scan-

paths. Our approach features three novel components: observer encoder, observer-

centric feature integration, and adaptive fixation prioritization. Through extensive ex-

periments across multiple datasets, network architectures, and visual tasks, our method

consistently outperforms state-of-the-art scanpath prediction methods and individual-

ization based on observer-specific fine-tuning. The results demonstrate the method’s

ability to generate human-like scanpaths and account for individual observers’ gaze
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patterns. By providing a better understanding of how individuals process visual infor-

mation, our study has significant implications for tailored, user-centric solutions, such

as improving the design of interfaces, products, and services across a wide range of

application domains.



Chapter 4

VisualHow: Multimodal Problem

Solving

Recent progress in the interdisciplinary studies of computer vision (CV) and natural

language processing (NLP) has enabled the development of intelligent systems that can

describe what they see and answer questions accordingly. However, despite showing

usefulness in performing these vision-language tasks, existing methods still struggle in

understanding real-life problems (i.e., how to do something) and suggesting step-by-

step guidance to solve them. With an overarching goal of developing intelligent systems

to assist humans in various daily activities, we propose VisualHow, a free-form and

open-ended research that focuses on understanding a real-life problem and deriving its

solution by incorporating key components across multiple modalities. We develop a new

dataset with 20,028 real-life problems and 102,933 steps that constitute their solutions,

where each step consists of both a visual illustration and a textual description that guide

the problem solving. To establish better understanding of problems and solutions, we

also provide annotations of multimodal attention that localizes important components

across modalities and solution graphs that encapsulate different steps in structured

representations. These data and annotations enable a family of new vision-language

tasks that solve real-life problems. Through extensive experiments with representative

models, we demonstrate their effectiveness on training and testing models for the new

tasks, and there is significant scope for improvement by learning effective attention

48
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mechanisms.

Create an ornament 
with their picture on it.

Cut out previous photos 
of your pet and make a 
collage. 

Play with your animal 
around the holidays.Give your pet a gift.

Problem: How to Involve a Pet in Christmas. 

Solution:

Figure 4.1: VisualHow is a vision-language task aiming to infer the solution to a real-life
problem. The solution consists of multiple steps each described with an image and a
caption.

4.1 Introduction

The remarkable progress in vision-language studies has developed visual systems with

the ability to understand and generate natural language information. Existing vision-

language models mainly focus on the understanding of visual input in task-free (i.e.,

Image Captioning [88, 165, 166] and Visual Storytelling [167]) or question-directed (i.e.,
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Visual Question Answering [168, 169] and Visual Dialog [159]) settings. In other words,

their aim is to develop visual systems that can “look and tell”, by describing or an-

swering questions about what is observed in a scene. On large-scale vision-language

datasets [170, 166, 167, 168, 169, 171, 159, 172, 173, 174], state-of-the-art models have

obtained promising achievements in understanding and predicting visual and textual

information. Although achieving significant progress, these methods only perform well

on standardized vision-language inference benchmarks and do not generalize to real-life

situations to solve problems, which makes their scope of application relatively limited.

We believe that the next generation of visual intelligence systems will need to develop

the ability to help humans solve real-life problems more directly. Achieving the goal

requires them to provide step-by-step solutions with both textual descriptions and visual

illustration. Applications of such systems may include: 1. Teaching people everyday

and/or domain-specific skills, such as to tie a tie, to make a sandwich, or to change a

bicycle tire. 2. Helping people decompose an abstract goal into actionable items, such

as to improve social skills, to sleep better, or to become a soccer player. To this end,

we introduce a novel research problem – VisualHow – along with a large-scale dataset

and a systematic evaluation of various modeling approaches. The main objective of

VisualHow is to generate a step-by-step vision-language description of how to solve a

problem, where a step will be described using an image and a caption. An example

of VisualHow data is shown in figure 4.1. To “involve a pet in Christmas”, one may

need to take a series of different actions. While people may still find it difficult to

understand how to involve a pet in Christmas by only reading the textual descriptions,

looking at the visual illustrations will offer great help in the process. Therefore, given

the description of the problem and the previous steps, the specific goal of VisualHow

is to predict a pair of well-matched and complementary image and caption to describe

what to do next. Achieving the goal requires the ability to understand three types of

relationships: the relationship between the problem and the solution, the relationships

between different steps of the solution, and the relationships between the visual and

textual information.

Our goal is to enable the development of intelligent systems for tackling various

real-life problems. Compared to conventional vision-language tasks, our proposed Vi-

sualHow task has the following differentiating factors: 1. Real-life problems and
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multimodal solutions. Rather than focusing on specific vision-language tasks [167,

159, 170, 175, 168, 169], our dataset contains 18 categories and 317 subcategories of

real-life problems. Solutions to these problems are described in multiple steps, each

with an image-caption pair, enabling the understanding of the decision-making process

in problem solving. 2. Fine-grained annotations. Our VisualHow dataset offers two

types of annotations that are absent from existing studies: the solution graphs describ-

ing dependencies between different steps, and multimodal attention that highlights and

associates important keywords and regions of interest. They play an essential role in

developing a structured understanding of the problem-solving procedure and closing the

semantic gaps between vision and language. 3. New vision-language tasks. Our

dataset enables several new vision-language tasks for various aspects of problem solving.

Our experiments lead to several interesting observations and suggestions on improving

the model performance.

To summarize, the contributions of this work are:

1. A new VisualHow study aiming to provide the foundation for developing novel

vision-language methods and pushing the boundaries of multimodal understanding of

real-life problems and solutions;

2. A new dataset that consists of diverse categories of problems, multimodal de-

scriptions of solutions, and fine-grained annotations;

3. Experiments on multiple new tasks on different aspects of the VisualHow problem

and extensive analyses of various baseline models.

4.2 Related Work

This paper is related to a series of studies including visual captioning and storytelling,

visual question answering and dialog, multimodal instructions and multimodal repre-

sentation learning.

4.2.1 Visual Captioning and Storytelling

There is a large body of research centering around generating textual descriptions of

visual inputs. For example, the image captioning task [170, 175, 176, 177, 178] focuses

on describing a single image with natural language, while visual storytelling [167] aims
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Figure 4.2: An overview of the VisualHow dataset. We provide a hierarchical structure
that organizes our data into categories, sub-categories, problems, solution graphs, steps
with image-caption pairs, and multimodal attention. Example steps are highlighted in
the solution graph. Steps without a dependency are connected to an empty node.

to generate a narrative with a sequence of sentences about multiple images. The shared

goal of these studies is to develop methods to effectively encode the input images into

representative features and transform them into a sequence of words that naturally

and fluently describes the images. Therefore, in their standard configuration, image

captioning and visual storytelling are image-to-sequence prediction tasks whose inputs

are pixels and outputs are a sequence of words decoded according to a given vocabulary.

While they focus on passively describing visual inputs without being directed by a

specific purpose, the VisualHow task is different: First, it jointly predicts the images

and captions that complement each other for the description of a solution, and second,

the prediction is conditioned on the problem to solve. These differences make VisualHow

a distinct and challenging research problem.

4.2.2 Visual Question Answering and Dialog

Previous studies have attempted to solve simple problems. For example, visual question

answering [168, 169] and visual dialog [159, 179, 180] aim to answer questions about

visual information based on the understanding of multimodal inputs. A number of re-

cent studies have proposed large-scale datasets [168, 169, 94, 159] and neural network
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models [181, 182, 183, 184, 185] for free-form and open-ended VQA and visual dialog.

However, these studies typically have restricted categories of questions, and their an-

swers are in simplified forms (i.e., categories or short phrases) [159]. On the contrary,

the goal of our VisualHow task is to provide step-by-step description of the solution for

various types of real-life problems. It not only requires the ability to understand both

visual and textual information, but also involves constructing a reasonable structure of

solutions to represent the relationship between different steps.

4.2.3 Multimodal Instructions

Our work is also related to existing studies on multimodal instructions. Datasets of

instructional images [186, 187] and videos [188, 189, 190, 191, 192] provide step-by-step

instructions about specific tasks. These datasets either focus on specific tasks or do

not consider complex attention or structure in solutions. However, understanding the

textual description of problems and providing step-by-step solutions each with a pair of

well-matched captions and images have not been considered. Our work is different by

considering diverse contents, multimodal attention, and solution structures, where the

captions and images jointly describe the solution rather than each other. It contributes a

large dataset with diverse and challenging problems, multimodal attention annotations,

and non-sequential solutions.

4.2.4 Multimodal Representation Learning

There has been a long line of studies aiming to learn vision-language representations [157,

158, 193, 194, 195, 196]. They improve the representation learning using advanced

attention mechanisms [197], better multimodal fusion methods [198, 199], multistep

reasoning [200, 1], incorporation of object relations [195, 201, 196] and compositional

reasoning models [202, 203]. Our study is most related with visual semantic embed-

ding (VSE) [158, 193, 157, 204, 205, 206, 207], a typical category of approaches that

learn a joint embedding space for visual and language representations. With VSE, com-

patibility score of visual features and language features can be computed as a simple

inner-product. Specifically, DeViSE [204] learns to match the visual embeddings and se-

mantic embeddings for zero-shot image recognition[208]. LSTM-SCNLM [205] encodes
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the sentence as the semantic embedding via bi-directional LSTMs. VSE++ [193] is

a fundamental VSE method that uses average pooling as the feature aggregator with

online hard-negative mining. VSRN [206] captures key objects and semantic concepts

of a scene to generate visual representations. Global pooling operation (GPO) [157]

learns to automatically adapt itself to the best pooling strategy for different features

while staying effective and efficient. These studies have provided suitable baselines for

the proposed VisualHow task, and inspired the development of computational models

for problem-solving in real-life scenarios.

4.3 The VisualHow Dataset

The goal of this work is to introduce a new benchmark with a focus on real-life prob-

lems and high-quality annotations to the community of vision-language understanding.

It consists of 18 categories of real-life problems and step-by-step solutions described

with images and captions. The diversity and generality of problems and solutions also

make VisualHow a more challenging dataset. In addition to the image-caption pairs,

VisualHow provides annotations for solution graph and multimodal attention, which

are essential for the understanding of problem-solution relationships and aligning the

semantics between vision and language. An example of VisualHow data is shown in

figure 4.2. In this section, we describe the data collection method, annotations, and the

data statistics.

4.3.1 Problems and Solutions

Building a general problem-solving dataset brings a series of unprecedented challenges.

First, with the diversity and generality of real-life problems, manually defining and

categorizing problems is impractical. Next, since many of the problems require domain

expertise (e.g ., those about health or finance), general online contents or non-expert

workers can hardly generate high-quality solutions. To address these challenges, we

collect real-life problems and solutions from the wikiHow [209, 210, 211] knowledge

base, which is known for its high-quality instructional articles. The wikiHow articles

are generated by a pool of well-qualified experts with the help of a rigorous quality

screening process. All articles come with detailed step-by-step descriptions and very

https://www.wikihow.com/Main-Page
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relevant visual illustrations in high resolution. Specifically, each problem consists of a

language description (e.g ., a question starting with “How to”) and is provided with a

step-by-step solution that describes a method to solve it. The solution is composed

of multiple steps described with an image and a caption. To control the data quality,

VisualHow focuses on the proportion of wikiHow data with higher user ratings and

popularity. A distinction from other wikiHow-based datasets is that for VisualHow we

only select contents created by domain experts and with more than 50% of the users

who voted and find it helpful, which ensures the quality of VisualHow contents. For

problems with multiple solution methods, we consider each method a unique sample

with the method title appended to the problem description.

4.3.2 Data Annotation

Learning to solve general problems is a challenging task, which requires knowledge to

be learned from a variety of visual and textual information and organized in a struc-

tured representation. To tackle these challenges and benefit the development of future

vision-language understanding methods, VisualHow offers fine-grained annotations on

the solutions. As shown in table 4.1, as distinguished from related studies, we col-

lect these annotations with crowdsourcing and implement an effective quality control

mechanism.

Crowdsourcing. The annotations are conducted in Amazon Mechanical Turk

(AMT) with a custom annotation paradigm and a user interface (see figure 4.3). First,

an overview of the problem and solution (i.e., the wikiHow article) is presented to the

workers. Next, they browse through all steps one at a time. In each step, they select

the important phrases from the caption and annotate the corresponding image regions,

which reflects their attention towards the multimodal information when performing dif-

ferent actions. Finally, they are asked to annotate the dependency between each pair

of steps, which will formulate a directed solution graph to provide a structured repre-

sentation of the problem-solving process. This research does not collect personal data

from crowd workers and is exempt from IRB review.

Quality control. Our dataset requires an effective mechanism for quality control,

so crowd workers can generate high quality annotations. Collecting high-quality mul-

timodal annotations is challenging. For example, determining what are important and
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wikiHow Article

Multimodal Attention Solution Graph

Figure 4.3: Crowdsourcing interface of the VisualHow task, which contains 1) an
overview of the wikiHow Article, 2) annotation of the multimodal attention, and 3)
annotation of the solution graph.
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VisualHow ViPT [187] COIN [191, 192]

Data Source wikiHow Snapguide; instructables YouTube
Multimodal Attention Yes No No
Solution Graph Yes No No
Solution Types Various Procedure Procedure

Table 4.1: Comparison between VisualHow and related datasets.

need to be annotated can be subjective. To control the data quality, objectiveness, and

consistency, we implement a series of quality control methods including qualification,

correction, and expert review. We first compose a list of specific guidelines and re-

quire each worker to complete two qualification Human Intelligence Tasks (HITs), and

examine the quality and consistency of their annotations to make sure that both the

multimodal attention and the solution graphs are reasonably correct. At the end of

each HIT, the workers are asked to review their annotations and correct what they find

problematic. We review the HITs with automatic anomaly detection and manual exam-

ination, and problematic HITs will be sent back to the workers for correction. Through

these steps, we ensure all workers follow the same quality standard.

4.3.3 Data Statistics

The VisualHow dataset consists of 20,028 real-life problems and their solutions that vary

in number of steps and fine-grained annotations. In this section, we conduct in-depth

analyses and report key statistics of the dataset.

Problems. VisualHow contains 20,028 problems grouped in a hierarchy of 18 cat-

egories and 317 subcategories. Some of our major categories, such as Family Life,

Computers and Electronics, Health, Finance and Business, have been rarely explored

in previous vision-language studies. As shown in figure 4.4, the number of problems

in each category ranges from 405 to 2,952, reflecting a naturally skewed distribution of

wikiHow data. Despite that, VisualHow is still much more diverse than related datasets

such as ViPT [187] and COIN [191], where a vast majority of samples are cooking or

other household problems.

Solutions. As shown in figure 4.5, each solution consists of 3 to 10 steps described
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Youth

sequential
parallel
others

Figure 4.4: Number of problems in each category and the three types of solution graphs.

Nouns Verbs Other POS

water icon click want new right
minutes account tap open around first
time hair use take one small

button area make choose sure away
app oil add remove next dry

Table 4.2: Most common tokens in the caption among 1) nouns; 2) verbs; 3) other parts
of speech (POS).
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Figure 4.5: Distribution of solution steps and attention annotations.

with images and captions. On average, each solution consists of 5.14 steps. The images

and captions are more diverse than existing datasets, thanks to the wide variety of

wikiHow data. Of all the images, 36.5% are realistic photos, and 58.6% are abstract

images such as cartoons, drawings, handwritings, charts, etc. The rest 4.9% are mixed

with both realistic and abstract contents. The captions also have a vocabulary of 30k

tokens. table 4.2 shows the most common nouns (52.3%), verbs (30.0%), and other

parts of speech (17.7%) in the captions.

Multimodal attention. We have collected abundant multimodal annotations

about important image regions and phrases, which enables fine-grained learning of vi-

sual semantic alignment. In figure 4.5, on average, 9.13 image regions and 11.69 phrases

are annotated for each solution. Over 98% of all steps have at least one instance of mul-

timodal attention in both the image and caption, and around 99.5% of all steps have at

least one annotated phrase. For each step of a solution, an average of 1.56 instances of

multimodal attention are annotated in both the image and the caption. In addition, each

step has an average of 0.72 important phrases annotated without specific image regions,

and 0.13 image regions are annotated without their corresponding phrases. In table 4.3,

the tokens in the annotated phrases include nouns (60.8%), verbs (31.6%), and other

parts of speech (7.6%). Compared to their distributions in the captions (see table 4.2),

the annotations contain more nouns, corresponding to various object instances in the
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Nouns Verbs Other POS

water oven click remove online overnight
doctor bowl tap select ok comfortable
hair child open choose together inside

settings oil add check regularly daily
ingredients food use make outside warm

Table 4.3: Most common tokens in the annotated phrases among 1) nouns; 2) verbs; 3)
other parts of speech (POS).

Image Caption

Method MRR R@1 R@3 R@5 Mean MRR R@1 R@3 R@5 Mean

GAP 0.495 28.583 62.313 77.882 3.758 0.535 34.449 64.785 79.284 3.558
GPO 0.501 29.441 62.249 78.676 3.695 0.549 35.695 67.165 81.203 3.392
ATT 0.505 29.589 63.420 79.579 3.649 0.572 38.563 69.240 83.213 3.186
ATT+CE 0.507 29.865 63.688 79.644 3.620 0.580 39.402 69.950 83.592 3.133

Table 4.4: Quantitative results of Task 1: solution steps prediction.

images. The abundance of verbs and others allow to infer a variety of semantics in

both modalities. On average, each annotated image region takes about 36.0% of the

image size, while an image region without textual correspondence takes about 30.7%.

For incomplete annotations, we assign an empty placeholder for their counterparts that

allow them to be used in model training or completed in later versions of the dataset.

Solution graphs. The solution graphs are diverse, complicated, and important

for characterizing the relationships between solution steps. They broadly fall into three

types based on their structures, including sequential (figure 4.2b, all steps are performed

in a sequential order), parallel (figure 4.2d, steps can be performed independently in any

order), and others (figure 4.2a and figure 4.2c, some of the steps depend on another).

As shown in figure 4.4, the distribution of the three types of solution graphs varies

across categories. For some categories (e.g ., Food and Entertaining, Computers and

Electronics, Hobbies and Crafts), a majority of the graphs are sequential because they

require to follow a certain procedure. For other categories (e.g ., Health, Pets and

Animals, Relationships), the solutions often contain multiple steps that address different

aspects of the problem (i.e. parallel) or have complex dependencies between steps.

These data and annotations enable fine-grained studies of understanding multimodal

information in problem solving.
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4.4 Experiments

Our VisualHow dataset enables new developments of intelligent problem-solving models

that understand and generate solutions to real-life problems. In this section, we sys-

tematically analyze a series of baseline models that address new vision-language tasks

based on the VisualHow dataset: 1) predicting the solution steps of paired images and

captions, 2) predicting the dependencies of different solution steps, 3) describing the

problem based on a given solution, and 4) generating captions of images in solution

steps. These experiments demonstrate the success of benchmarking baseline models on

the proposed VisualHow dataset. They also provide interesting analyses and observa-

tions and shed light on new research areas in multimodal understanding and real-life

problem solving.

4.4.1 Baseline Models

In our experiments, we adopt state-of-the-art pretrained models to extract features from

the visual and language modalities. In particular, the visual features are extracted from

a ResNeXT-101 (32× 8d) [6] pretrained on Instagram (WSL) [212], while the language

features are obtained with a pretrained BERT model [213]. We explore three baseline

methods to transform these features for downstream tasks: 1) GAP – a global average

pooling method that independently processes features from different regions and words

without considering their importance, 2) GPO – a generalized pooling operator [157]

that aligns visual and language features and jointly considers them during feature ag-

gregation, and 3) ATT – an attention mechanism to highlight the important semantic

region of each modality and then aggregate them by the learned weights. Based on

these methods, we develop baseline models for each of our four experiment tasks.

4.4.2 Task 1: Solution Steps Prediction

The main research objective of our work is to enable the learning of intelligent models

that can predict step-by-step solutions to real-life problems with both visual illustrations

and language descriptions. The joint prediction of multimodal descriptions has not been

fully explored by existing vision-language studies. We achieve the goal by carrying out

demonstrative experiments on the proposed VisualHow dataset with baseline models
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that simultaneously generate the multimodal solutions.

Implementation. Specifically, given the problem description and the previous so-

lution steps, the models are asked to predict the image and caption of the next solution

step by sorting two sets of candidate images and captions. We encode the problem,

images, and captions using three encoders. The encoded features are dynamically in-

tegrated with a bidirectional GRU [214, 215]. To predict the next step of the solution,

we develop a triplet network [193, 157] to maximize the cosine similarity between the

features of a positive candidate and the GRU features integrated from all previous steps,

and to minimize that of a negative candidate.

Evaluation. At evaluation time, the candidates are sampled from the validation

set following [159], which includes three sets of correct or incorrect solution steps: 1) the

correct next step of the ground-truth solution, 2) ‘hard negative’ steps from solutions to

the 10 most similar problems, 3) random solution steps from the same problem category.

To capture this, all questions are embedded into a vector space by concatenating the

averaged GloVe [216] embeddings of all words in the problem description. To generate

20 candidates, we first find the union of the correct and hard negative steps, and include

other random steps until a unique set of 20 is found. The model is evaluated with three

metrics: 1) mean reciprocal rank (MRR) of the correct step, 2) Recall@K, i.e., existence

of the correct step in top-K ranked steps, and 3) mean rank of the correct step.

Results. table 4.4 shows the evaluation results of this task. First, we observe that

conventional vision-language methods such as GPO [157] achieve mediocre performance,

although better than the GAP baseline, suggesting that solving a real-life problem is

more challenging than existing vision-language tasks. Further, the results show that at-

tention mechanisms (ATT) can effectively improve the model performance even without

explicit supervision, suggesting the importance of focused attention for understanding

and solving real-life problems. Finally, it is noteworthy that the performance rankings

across all evaluation metrics are consistent, which suggests that our dataset offers a fair

benchmark for evaluating solution step prediction models.

Analyses of attention. The rich multimodal attention annotations of VisualHow

dataset may act as a guidance for semantic alignment between the two modalities,

which allows us to learn more accurate attention with explicit supervision and improve

the prediction of solutions. To demonstrate this, we introduce auxiliary cross entropy
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Image Caption

Method MRR SIM KLD MRR SIM KLD

ATT 0.505 0.293 1.937 0.572 0.371 1.586
ATT+CE 0.507 0.520 0.852 0.580 0.665 0.543

Table 4.5: Quantitative results of Task 1: solution steps prediction (with attention
supervision).

(CE) losses to supervise the visual attention and language attention of models, and

analyze the improvement of attention accuracy as well as task performance. We measure

the attention accuracy with two popular evaluation metrics, Similarity (SIM) and KL-

Divergence (KLD) [217].

table 4.5 shows the quantitative results of models learned with (i.e., ATT+CE)

or without (i.e., ATT) attention supervision. Consistent with past observations [1],

we find that explicit attention supervision during training may help models focus on

important visual and language features, resulting in improved SIM and KLD scores. It

also improves their image and caption prediction performance (i.e., MRR). figure 4.6

further compares the attention output of the two models learned with and without

explicit supervision. They show that explicit attention supervision not only helps the

model locate important regions and words in the multimodal solutions, but also plays

an essential role in correlating key components across the two modalities (e.g ., fish oil,

steak) and deriving more accurate solutions. These observations highlight the important

role of multimodal attention for deriving comprehensive solutions to real-life problems.

4.4.3 Task 2: Solution Graph Prediction

Next, given the problem and solution descriptions, we develop models to predict the so-

lution graph. This experiment aims to demonstrate the solution graph as a fine-grained

annotation for developing a better understanding about the order and dependency of

different solution steps.

Implementation. To capture the relationships between different steps, we con-

catenate the features extracted from images, captions and the problem description, and

learn a single linear layer with a sigmoid activation function to predict the dependency

matrix that indicates the dependencies between every two steps.
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Evaluation. Evaluation of solution graph prediction is an open problem. In this

work, we calculate the intersection over union (IoU) [218, 219] given specific thresholds

to compare the similarity between the predicted probability matrix and the ground-

truth solution graph. Specifically, we apply a threshold (e.g ., 0.25, 0.5, 0.75) to the

model output to determine the graph edges and count the edges for the intersection and

union between the graph and the ground truth to compute the IoU score.

Ground Truth ATT ATT+CE

Problem: Cook Ham Steak

Glaze your
ham steaks

and
place them on

the tray.

Bake the ham
steaks for
20 to 25
minutes.

Serve your
ham steaks
while they're

hot from
the oven.

Serve your
ham steaks
while they're

hot from
the oven.

Roast the
sirloin tip.

Problem: Raise HDL
Cholesterol Levels

Get your
cholesterol
checked as

recommended
by

your doctor.

Talk to your
doctor about
prescription
medications
to raise HDL.

Ask your
doctor about
taking fish oil 
supplements.

Ask your 
doctor about

taking fish oil 
supplements.

Ask your
doctor about

taking fish oil 
supplements.

Figure 4.6: Qualitative results for attention supervision. Important regions and key-
words are highlighted with red and black colors.

Results. As shown in table 4.6, understanding and predicting the dependencies be-

tween solution steps is a challenging task for the baseline models, while the ranks of dif-

ferent models remain similar to Task 1. Similarly, the IoU performance can be improved

with the attention mechanism and explicit supervision. These results demonstrate the
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Method IoU@0.25 IoU@0.5 IoU@0.75

GAP 0.484 0.377 0.268
GPO 0.468 0.380 0.302
ATT 0.473 0.389 0.319
ATT+CE 0.494 0.434 0.376

Table 4.6: Quantitative results of Task 2: solution graph prediction.

potential of learning fine-grained solution structures based on the understanding of vi-

sion and language descriptions.

4.4.4 Task 3: Problem Description Generation

To further demonstrate the usage of our VisualHow as a general vision-language bench-

mark, we present a demonstrative experiment for the generation of problem description

based on the visual and textual descriptions of a solution. This experiment resem-

bles those for the conventional vision-language tasks (e.g ., image captioning and visual

question answering) and focus on estimating the models’ capability of understanding

multimodal contents and performing language generation.

Implementation. For this task, the visual and language features are directly con-

catenated across all steps, and a BUTD captioning model [88] is adapted to generate

the problem description. We implement the attention-based methods (i.e., ATT and

ATT+CE) using different inputs: images only (I), captions only (C), and both (I+C).

Evaluation. To evaluate problem description models, we adopt four automatic

metrics that are widely used for captioning evaluation, including BLEU [220], ME-

TEOR [221], ROUGE-L [222], and CIDEr [223].

Results. table 4.7 presents the results of problem description generation. We

observe that leveraging both images and captions (I+C) leads to a clear improvement

over single-modality models (i.e., image-only (I) and caption-only (C)). Furthermore,

the results show that attention supervision (ATT+CE) has a positive impact on the

task performance. Notably, the improvement is bigger with both modalities compared

with single modality, suggesting the usefulness of the attention data and supervision

methods that highlight multimodal attention alignment.
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Method B-1 B-2 B-3 B-4 M. R. C.

ATT (I) 16.7 8.5 4.7 2.9 6.7 16.5 22.9
ATT (C) 22.1 11.4 6.3 3.9 9.8 22.1 44.5
ATT (I+C) 22.7 12.0 6.8 4.4 9.9 22.4 46.7

ATT+CE (I) 16.9 9.5 5.3 3.7 7.3 18.5 24.6
ATT+CE (C) 22.8 11.7 6.3 3.8 9.9 22.3 47.0
ATT+CE (I+C) 24.1 13.1 7.7 4.8 10.7 23.2 50.8

Table 4.7: Quantitative results of Task 3: problem description generation.

4.4.5 Task 4: Solution Captions Generation

Our proposed VisualHow dataset can also serve as a useful testbed for evaluating the

models’ capability of jointly considering multiple images and generating fluent stories.

For the final task in our experiments, we consider generating the solution captions based

on the input problem description and solution images. It can be considered as a visual

storytelling task, but with additional emphasis on the contextual relationship between

the goals of problems and the different steps for achieving them.

Implementation. We adapt the AREL [214] model that achieves the state-of-the-

art performance on the ViST [167] dataset. We feed the solution images and a BERT

embedding of the problem description to the model, to obtain a sequence of captions

corresponding to the images [167, 214].

Evaluation. The training and evaluation of models follow the standard visual

storytelling paradigm. BLEU [220], METEOR [221], ROUGE-L [222], and CIDEr [223]

are used as evaluation metrics to compare the generated captions with the ground truth.

Results. Quantitative results of this task are demonstrated in table 4.8. From the

results, we observe that the generation of captions is less challenging than the predic-

tion of problem descriptions, as suggested by the higher BLEU [220], METEOR [221]

and ROUGE-L [222] scores. However, the CIDEr [223] scores are significantly lower

than those of Task 3. It is because the length of solution captions is much longer

than that of the problem description and the models are prone to predict the common

words that are discounted by CIDEr. Comparing the different models, we observe that

ATT+CE obtains the best performance, while the ATT and GPO fall slightly behind,

and the GAP achieves the lowest performance. This suggests that learning to focus on

important features can help with the understanding of solution images and generating
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Method B-1 B-2 B-3 B-4 M. R. C.

GAP 28.2 13.0 7.3 4.5 23.2 24.1 12.7
GPO 33.0 15.7 7.4 5.6 27.0 26.4 23.0
ATT 33.6 16.4 7.4 5.8 27.2 27.1 23.4
ATT+CE 33.8 17.0 9.9 6.2 28.1 28.2 24.3

Table 4.8: Quantitative results of Task 4: solution captions generation.

their corresponding captions. These observations suggest that VisualHow is a challeng-

ing benchmark for visual storytelling models, and accurate attention is important for

generating fluent descriptions.

4.5 Conclusion

The ability to solve real-world problems is an important step toward human-like intel-

ligence. In this paper, we have introduced VisualHow, a large-scale dataset for solving

real-life problems. Utilizing expert-generated internet contents and crowdsourcing, we

collected and annotated 20,028 problems and solutions. Dataset statistics demonstrate

that the problems, solutions, and annotations contain rich multimodal solutions for a

variety of problems in real-life scenarios. Understanding and predicting solutions to

real-life problems is an inherently challenging problem. These data and annotations

enable a family of new vision-language tasks and computational methods for under-

standing and solving problems. Our results indicate that there is significant scope for

improvement. We hope that this work will facilitate future research to better under-

stand the multimodal information in real-life problem-solving. We envision that this

work will spur innovation and encourage developments in problem-solving systems that

can positively impact a wide range of applications.



Chapter 5

Every Problem, Every Step, All

In Focus: Learning to Solve

Vision-Language Problems with

Integrated Attention

Integrating information from vision and language modalities has sparked interesting

applications in the fields of computer vision and natural language processing. Existing

methods, though promising in tasks like image captioning and visual question answering,

face challenges in understanding real-life issues and offering step-by-step solutions. In

particular, they typically limit their scope to solutions with a sequential structure, thus

ignoring complex inter-step dependencies. To bridge this gap, we propose a graph-based

approach to vision-language problem solving. It leverages a novel integrated attention

mechanism that jointly considers the importance of features within each step as well

as across multiple steps. Together with a graph neural network method, this attention

mechanism can be progressively learned to predict sequential and non-sequential solu-

tion graphs depending on the characterization of the problem-solving process. To tightly

couple attention with the problem-solving procedure, we further design new learning

objectives with attention metrics that quantify this integrated attention, which bet-

ter aligns visual and language information within steps, and more accurately captures

68
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6. Decorate your 
wedding tables with 
all the vintage items.

3. Use vintage 
throw pillows for 
the dining chairs.

Start End

1. Prepare vintage 
centerpieces for tables.

2. Add more 
flowers to the main 
table centerpiece.

4. Go to your liquor cabinet. 5. Look for vintage glasses.

Figure 5.1: Problem-solving tasks such as “how to decorate the tables for a vintage-
themed wedding” often follow a non-sequential procedure. For example, steps 1, 3, and
4 can be completed in no particular order, as long as step 1 takes place before step 2,
step 4 happens before step 5, and all of them take place before step 6. Our method
represents such problem-solving procedures in a graph structure. Steps are represented
as nodes, and dependent steps are directly connected by edges indicating ordering con-
straints. In this way, our approach can handle various types of step dependencies in
free-formed procedures. Attention is optimized end-to-end over the full graph-based
solution structure.

information flow between steps. Experimental results on VisualHow, a comprehensive

dataset of varying solution structures, show significant improvements in predicting steps

and dependencies, demonstrating the effectiveness of our approach in tackling various

vision-language problems.
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5.1 Introduction

Recent years have witnessed impressive progress in computer vision and natural lan-

guage processing, enabling intelligent systems to perform a broad range of joint vision-

language tasks, such as image captioning [88, 166, 165, 224, 225, 226], visual story-

telling [167, 227], visual question answering [168, 169, 171, 94, 1, 228, 229, 230], visual

dialog [159, 160, 231], and natural language generation [232, 233, 234]. However, a major

challenge still remains in developing artificial intelligence that can understand vision-

language problems and provide procedural solutions with step-by-step instructions. Hu-

mans exhibit remarkable ability in visually perceiving problems, comprehending goals,

and mapping out plans and procedures to solve them. Developing similar procedural

reasoning capabilities in artificial intelligence remains a significant challenge.

Solving vision-language problems requires recognizing important visual details, un-

derstanding the multimodal context, and predicting cohesive solutions incorporating

visual illustrations and natural language descriptions [52]. Understanding and predict-

ing such multimodal descriptions require an intelligent system to decompose the solution

into multiple steps. For example, as shown in Fig. 1, visual illustrations (e.g ., flowers,

pillows) or natural language descriptions (e.g ., “Look for vintage glasses”) are used to

describe specific steps taken to decorate the tables for a vintage-themed wedding. Ex-

isting methods [187, 191, 192, 218, 174, 189, 235, 236, 237, 238, 239] have approached

problem-solving with procedure planning, representing each solution as a linear sequence

of steps. Such sequential approaches, while convenient, are unable to model complex

dependencies across multiple steps. Vision-language problems often involve multiple

dependencies between steps, which might not fit neatly into a linear sequence: (1) a

step may depend on multiple steps. As shown in Fig. 1, step 6 must depend on the

completion of steps 2, 3, and 5, and (2) certain problem-solving steps (e.g ., paths 1-

2, 3, 4-5 in Fig. 1) can occur simultaneously. A sequential model might oversimplify

the relationships and struggle to represent these cases effectively, facing challenges in

the following aspects: First, sequential models inherently follow a linear structure, pro-

cessing information in a step-by-step fashion. This linear nature becomes a constraint

when dealing with multiple dependencies that don’t conform to a straightforward se-

quence. Second, the efficiency of sequential models is compromised when confronted
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with interdependencies across multiple steps. Directly converting parallel processes into

a fixed-order sequence regardless of variations can lead to suboptimal and inefficient so-

lutions. Third, sequential models often lack the interpretability required to understand

complex dependencies between different steps of the problem-solving process, dimin-

ishing the trust and transparency essential for real-world applications. Therefore, in

light of these challenges, our work is motivated by the need for a more flexible and

structured approach to vision-language problem-solving. Therefore, in light of these

challenges, our work is motivated by the need for a more flexible and nuanced approach

to vision-language problem-solving.

In this work, to enable more general and flexible problem solving, we propose a graph

neural network approach that represents solutions as graphs. This structured represen-

tation allows graph-based models to overcome the limitations of sequential models,

providing a more general and effective approach to handling complex problem-solving

scenarios. Our method leverages an integrated attention mechanism that jointly mod-

els intra-step attention and inter-step attention. This provides a more holistic view

compared to isolated step-based attention. To jointly and progressively supervise the

integrated attention, we further introduce quantitative metrics that consider attention

propagation across the entire graph of solution steps. This graph-based approach with

the novel integrated attention mechanism aims to provide an effective framework for

modeling complex dependencies across multiple steps and solving real-world problems,

such as those in autonomous driving, medical diagnosis, and various other applications.

To summarize, the main contributions of this paper are as follows:

1. We propose a graph neural network approach to represent procedural solutions

as graphs, capturing complex step dependencies and enabling an integral under-

standing of the entire problem-solving procedure.

2. We design an integrated attention mechanism that jointly models the importance

of multimodal features within each step as well as across interdependent steps.

3. We introduce quantitative attention metrics to optimize attention propagation

across the full solution graph, enabling supervised learning of attention for complex

vision-language problem solving.
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The remainder of this paper is structured as follows. In Section 5.2, we provide

a concise overview of related research pertaining to vision-language problem solving

and attention mechanisms in vision-language tasks. Section 5.3 outlines the problem

statement, introducing the formulation of the vision-language problem solving task that

we aim to address. The details of our proposed method, designed to tackle the afore-

mentioned task, are elaborated in Section 5.4. Extensive experiments are presented in

Section 5.5, where we report quantitative and qualitative results, along with compre-

hensive analyses of our approach’s performance. We conclude this paper and discuss

its limitations in Section 5.6, while also providing directions for future research and

improvements.

5.2 Related Works

Our work is relevant to previous efforts on visual problem-solving, attention mechanisms

in vision-and-language tasks, and supervision of attention.

5.2.1 Problem Solving Methods

Procedural problem solving with instructional solutions has gained increasing research

attention. Several studies [187, 174, 192, 191, 52, 189, 190, 235, 239] have curated

datasets of images or videos demonstrating procedures for daily tasks like cooking, main-

tenance, sports, and healthcare. These efforts have enabled data-driven approaches to

generate solutions for diverse problems. A series of previous methods focus on developing

captioning models to summarize instructional text describing procedures [187, 52, 238].

Other works emphasize aligning textual and visual modalities [240, 174, 191, 192, 52].

They retrieve images given instruction text or localize described activities. Alternative

approaches factorize solutions into discrete steps and predict structured representations

[218, 241, 242, 190, 236, 237, 238, 243]. However, these studies oversimplify real-world

solution procedures as sequential activities. Solutions often have complex, free-formed

structures with inter-dependencies between steps. Thus, while demonstrating feasibility

for varied tasks, existing methods are limited in generalizing across problems regardless

of solution structure. They also do not perform joint reasoning over steps and their rela-

tionships. Our work addresses these gaps by representing solutions as graphs to capture
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step dependencies and provide a comprehensive framework for complex problem solving.

5.2.2 Attention in Vision-Language Tasks

Attention mechanisms have become critical components in vision-language models to

effectively couple modalities and identify salient features for various tasks. Prior studies

have focused on designing attention for input feature prioritization [88, 1, 104, 244, 245],

cross-modal alignment [198, 52], and concept-dependency modeling [246, 247, 248].

Early attention approaches operated on grid-structured inputs like images or text, using

convolutional neural networks [249] or Transformers [213, 16], while recent graph-based

methods [246, 248] allow modeling attention in structured inputs [250, 251, 252, 253].

However, capturing the complex dependencies across steps in procedural solutions re-

quires structured representations that consider attention shifts across multiple modal-

ities and multiple steps. We advance existing techniques with a novel integrated at-

tention mechanism that enables joint attention modeling for both aspects and leverage

this new attention mechanism to progressively construct structured solutions for various

problems.

5.2.3 Supervised Learning of Attention

Instead of implicitly learning the attention mechanism with the end objectives of dif-

ferent tasks, prior works have explored explicitly supervising attention mechanisms to

improve alignment with regions of interest. Various approaches have been proposed to

construct the ground truth attention based on task annotation [1, 245], human attention

[224, 225, 244, 254], or adversarial learning [255]. Some supervision methods use single-

step supervision based on human annotations of salient image regions [244, 254, 245],

while others account for integrating attention across the visual reasoning procedure [1].

However, focusing on local alignments limits modeling relationships between steps in

structured problem solving. Without propagating attention, these methods fail to cap-

ture complex interdependencies in multi-step procedures. Differently, in this work, we

present a new metric that quantitatively measures the contributions of attention for

constructing the task solution, and leverage it to progressively supervise both the intra-

and inter-step attention. It provides an integral view of problem-solving procedures,
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resulting in enhanced performance in formulating a structured representation of the

solutions.

5.3 Problem Statement

The vision-language problem solving task involves comprehending general vision-language

problems and generating structured instructions to address them, incorporating both

visual and textual information [52]. Previous research has explored instructional im-

ages [186, 187] or videos [188, 189, 190, 174, 192], but these were limited to predicting

sequential instructions for specific task categories. In contrast, our work considers a

wide range of problems and their corresponding solution structures. The fundamental

goals of our proposed approach are twofold: (1) understanding the input problem de-

scription and (2) constructing a solution graph consisting of essential problem-solving

steps, each associated with relevant images and captions.

As shown in Fig. 5.1, the input of our proposed approach consists of a problem

description g, such as “how to decorate the tables for a vintage-themed wedding,”

and a pool of images {I1, I2, · · · , IN} or captions {C1, C2, · · · , CN}. These images and

captions serve as candidate steps or actions that could be relevant or irrelevant to solving

the given problem. The main challenge in the vision-language problem solving task is to

identify the essential steps and their correct order to construct a coherent and effective

solution for the problem at hand.

To tackle this challenge, our proposed approach involves creating a solution graph

G = {V, E} that encapsulates the problem-solving process. The graph nodes in V
represent essential steps, including the start node (node 0), the end node (node N +

1), and the nodes corresponding to the candidate steps (nodes 1, · · · , N) with their

associated image or caption capturing the possible actions that can be taken to solve

the problem. The edges in E represent the dependencies or chronological order between

the steps. For instance, a directed edge between the nodes corresponding to “prepare

vintage centerpieces for tables” and “add more flowers to the main table centerpiece”

indicates that the latter step should happen after the former.

By constructing such a directed graph, our approach can effectively model the logical
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Figure 5.2: Overview of the proposed SGAN architecture. The input consists of node
representations h(0), features for images/caption candidates v1, · · · ,vN . The network
leverages an integrated attention mechanism that progressively processes the input fea-
tures and predicts the output intra-step attention α(L) for capturing salient informa-
tion from the input images or captions, the inter-step attention P (L) characterizing the
probabilities of dependencies across different steps, and the final updated node repre-
sentations h(L).

flow of the problem-solving procedure, enabling a structured and coherent representa-

tion of the solution. The directed graph representation also allows for the existence of

multiple paths from the start node to the end node, corresponding to different ways

of solving the problem. This flexibility in the graph structure is particularly benefi-

cial for handling vision-language problems with multiple viable solutions or alternative

sequences of steps.

5.4 Method

Our proposed Solution Graph Attention Network (SGAN) addresses the vision-language

problem solving task by leveraging both intra-step and inter-step attention mechanisms

to iteratively refine the solution graph. The key technical components of our method

are (1) a novel graph neural network approach that progressively predicts solutions with

diverse structures, (2) an integrated attention mechanism combining intra-step atten-

tion and inter-step attention for a comprehensive understanding of the problem-solving

procedure, and (3) new attention metrics and learning objectives to jointly supervise

the attention throughout the solution graph by leveraging information propagation.
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Together, these components empower SGAN to effectively capture dependencies within

individual steps and the relationships between them, providing a powerful ability to

handle complex vision-language problems and generate coherent solutions.

5.4.1 Solution Graph Attention Network

In problem-solving scenarios, dependencies between steps can be complex and may not

be readily apparent. To address this challenge and predict the solution graph G, SGAN

progressively learns integrated attention using a graph attention network, enabling a

better understanding of the problem-solving procedure.

As depicted in Fig.5.2, the input features representing the candidates, denoted as

v = {vi|i = 1, · · · , N}, are obtained with a pre-trained image encoder (e.g ., ResNeXT-

101 [6], ViT [256]) for image candidates or a language embedding network (e.g ., BERT [213])

for caption candidates. The language embedding g represents the description of the in-

put problem [213, 52]. SGAN is designed with a stack of L graph attention layers,

allowing the step-by-step refinement of the solution graph. Specifically, the network

iteratively updates the node representations h(ℓ) = {h(ℓ)
i |i = 0, · · · , N + 1}, where

ℓ = 1, · · · , L indicates the ℓ-th layer. It consists of the updated features of the graph

nodes start (i = 0), end (i = N + 1), and each candidate step (i = 1, · · · , N). The

node representations of the previous layer h(ℓ−1) are passed to the current layer as the

input, while the first layer input is initialized as h(0) = {g, v̄1, · · · , v̄N ,W eg}, where
v̄i is the average of vi,k across all k = 1, · · · ,K image patches or word tokens, and

W e represents the learnable parameters to transform the language embedding g as the

end node representation. Each layer also outputs the corresponding intra-step attention

α(ℓ) and the inter-step attention P (ℓ) (see Section 5.4.2 for details).

To convert the final-layer output P (L) into the solution graph G, we employ the

following process. Initially, a heuristic threshold is applied to the dependency matrix

P (L) to preserve the most pertinent nodes (see Steps 1-3 in Algorithm 1). Next, these

selected nodes are iteratively added into the graph (see Steps 4-5 in Algorithm 1), along

with their associated edges featuring the highest values in P (L). This iterative process

ensures that the graph remains a directed acyclic graph without loops or isolated nodes.

Finally, attention weights α(L) assigned to each step’s images and captions offer insights

into what demands attention for effectively solving the given problem.
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Algorithm 1 Graph post-processing method to obtain the final solution graph

Input: Predicted dependency matrix P (L), retrieval threshold λr, and dependency
threshold λd.

1: Filter candidate steps using λr over P
(L)
0,1:N to obtain the node set S, where

P
(L)
0,i ≥ λr for i ∈ S.

2: Remove cycles between nodes i and j in S by updating P
(L)
i,j = max(0,P

(L)
i,j −

P
(L)
j,i ).
3: Initialize solution graph G with nodes V = {0, N +1}, edges E = {(0, N +1)},

and candidate edges W = {(0, N+1)} containing potential edges to add to the graph.

For u in S
4: Find the best node υb with maximum

b = max
v∈S,v /∈V

max
(v̄1,v̄2)∈W

( ∑
v̄3∈Pa(v̄1)

P
(L)
v̄3,v + P

(L)
v̄1,v + P

(L)
v,v̄2 +

∑
v̄4∈Ch(v̄2)

P
(L)
v,v̄4

)
,

where Pa(v̄1) and Ch(v̄2) represent the parent set of node v̄1 and child set of node
v̄2 in the solution graph G, respectively.

5: If b > λd, Update the edge set E and node set V by adding node υb and
candidate edges in W to ensure the graph remains a directed acyclic graph.
Output: The final solution graph G = {V, E}
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The proposed network is powerful for learning the dependencies between problem-

solving steps. By using this iterative approach, the network can generate free-formed so-

lutions with a better understanding of the problem-solving procedure. In the following,

we will describe the specific design of our integrated attention mechanism to effectively

capture the important contents and dependencies across problem-solving steps.

5.4.2 Integrated Attention Mechanism

Attention is a crucial component that drives advancements in natural language process-

ing and computer vision, which enables models to selectively focus on the most relevant

parts of the input data when performing different tasks. In the context of problem-

solving, our integrated attention mechanism plays a critical role in identifying the key

features and dependencies between the steps involved in a solution. It combines intra-

step and inter-step attention to enable the network to capture both the fine-grained

details of each step and the broader context in which they exist.

Intra-Step Attention

The intra-step attention focuses on capturing salient information from the input images

or captions for understanding and completing each individual step. Specifically, in the

ℓ-th layer, for the i-th candidate step, we define the intra-step attention weights as α
(ℓ)
i ,

which is computed based on the input problem description g, the candidate features vi,

and the node features h
(ℓ−1)
i :

a
(ℓ)
i,k = wT

a tanh(W vvi,k +W gh
(ℓ−1)
0 +W hh

(ℓ−1)
i ), (5.1)

where wa,W g,W v,W h are learnable parameters, and k = 1, · · · ,K indicates the k-th

element of the input candidate (i.e., image patch or word token).

The attention weights a
(ℓ)
i are normalized as α

(ℓ)
i with a masked softmax activation

function

α
(ℓ)
i = softmax(a

(ℓ)
i ,mi), (5.2)

where mi is a binary vector and mi,k indicates the k-th element (i.e., image patch or

word token) of the i-th candidate features is padded or not due to the variable length
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of the image or language inputs.

Finally, we apply the attention to the candidate features v to initialize the node

representations for the ℓ-th layer:

ĥ
(ℓ)

i =

h
(ℓ−1)
i if i = 0 or N + 1∑
k α

(ℓ)
i,kv

(ℓ−1)
i,k if i = 1, . . . , N.

(5.3)

Inter-Step Attention

The inter-step attention is responsible for capturing the chronological order between

different problem-solving steps, providing a coherent and structured representation of

the solution. By integrating inter-step attention into our model, we aim to enable more

effective joint reasoning across multiple problem-solving steps. Specifically, we compute

graph attention weights [246, 248] to estimate the existence of a dependency between

each pair of steps based on the initial node features ĥ
(ℓ)
i computed in Equation (5.3):

P
(ℓ)
i,j = σ

(
γ(ℓ)TLeakyReLU(W

(ℓ)
l ĥ

(ℓ)
i +W (ℓ)

r ĥ
(ℓ)
j )

)
, (5.4)

where γ(ℓ), W
(ℓ)
l and W

(ℓ)
r are learnable parameters and σ(·) is the sigmoid function.

This computation involves learning parameters that weigh the significance of each step’s

features in establishing a dependency with another step. The resulting weight matrix

P (ℓ) explicitly represents the probabilities of dependency between steps in order to

construct the final solution graph.

With these inter-step attention weights, we proceed to update the features of each

node i by combining information from all graph nodes, which involves measuring how

much weight is given to the connection between nodes i and j at the ℓ-th layer and then

using these weights to update the features of node i:

h
(ℓ)
i = ELU

∑
j

P
(ℓ)
i,jW

(ℓ)
r ĥ

(ℓ)
j∑

j′ P
(ℓ)
i,j′

 , (5.5)

where ELU is the exponential linear unit function. This feature update allows the

model to adaptively refine the representation of each node, incorporating insights from

its connections in the solution graph.
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By integrating both intra-step attention and inter-step attention mechanisms into

SGAN’s stack of attention layers, the model achieves a comprehensive understanding

of the problem-solving procedure. The iterative refinement of the solution graph across

these layers enables SGAN to progressively capture important features within individual

steps and the relationships between the steps. This integration introduces a novel and

powerful framework for SGAN to generate structured and coherent solutions for a wide

range of vision-language problem solving tasks.

5.4.3 Learning Objectives

Our integrated attention mechanism progressively focuses on salient information in vi-

sual and textual inputs, capturing step dependencies for effective problem-solving. We

propose novel learning objectives, supervising attention to identify important parts of

the images and captions, and propagating information across steps for high-quality so-

lution graphs.

Learning Intra-Step Attention

We present the attention learning loss to measure the prediction error of intra-step

attention, based on the ground-truth multimodal attention annotations. These anno-

tations are binary masks that indicate important image regions or word tokens in the

captions. To measure the prediction error of the intra-step attention α
(ℓ)
i , the intra-step

attention loss is defined as

L
(ℓ)
att =

∑
i∈GT

latt(α
(ℓ)
i ,α′

i), (5.6)

where GT is the set of ground-truth steps and latt is a dissimilarity metric that measures

the misalignment between the predicted α
(ℓ)
i and the softmax-normalized ground-truth

attention α′
i [52]. In our implementation, we define latt as a cross-entropy loss:

Latt(αi,α
′
i) = −

∑
k

α′
i,k log(αi,k). (5.7)

Similarly, other attention evaluation metrics like SIM [257], JSD [258, 259], and CC [257])

can also be used to measure the intra-step attention alignment.
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Learning Inter-Step Attention

To gain deeper insights into the contributions of attention throughout the entire problem-

solving process, we adopt an integrated approach that considers attention allocation

across multiple problem-solving steps. Inspired by information retrieval techniques [247,

260], we introduce novel learning objectives that involve propagating the intra-step at-

tention measurements along the edges of the predicted solution graph, quantifying the

impact of attention in achieving successful solution prediction.

Specifically, given the ground truth solution graph represented as an adjacency ma-

trix G and the inter-step attention P (ℓ) predicted by the ℓ-th layer, we compute F out(ℓ)

and F in(ℓ) that denote the probabilities of information propagation along the ground-

truth edges from step i, and those to step j, from out-degree and in-degree perspectives,

respectively:

F out
i,j

(ℓ)
=

∑
k Gi,jP

(ℓ)
i,k∑

k P
(ℓ)
i,k

, j = 0, · · · , N + 1 (5.8)

F in
i,j

(ℓ)
=

∑
k Gk,jP

(ℓ)
k,j∑

k P
(ℓ)
k,j

, i = 0, · · · , N + 1 (5.9)

Based on these propagation probabilities, we define two inter-step attention scores

that quantify the information flow from both in-degree and out-degree perspectives at

the ℓ-th layer, respectively:

S
(ℓ)
out = mean[(F out(ℓ) ⊙D(ℓ))Ts(ℓ)], (5.10)

S
(ℓ)
in = mean[(D(ℓ) ⊙ F in(ℓ))Ts(ℓ)], (5.11)

where ⊙ represents the Hadamard product, s(ℓ) = [1, s
(ℓ)
1 , · · · , s(ℓ)N , 0]T denotes an intra-

step attention similarity measure, and D(ℓ) is a distribution matrix measuring the prob-

ability distribution of attention weights from step i to step j:

D
(ℓ)
i,j =

Gi,jP
(ℓ)
i,j∑

k Gi,k
. (5.12)

Specifically, the similarity s
(ℓ)
i is defined as
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s
(ℓ)
i = 1−

JSD(α
(ℓ)
i ,α′

i)

ln 2
, (5.13)

where JSD is the Jensen–Shannon divergence [258, 259].

The above inter-step attention scores S
(ℓ)
out and S

(ℓ)
in comprehensively quantify the

performance of inter-step attention prediction from the out-degree and in-degree per-

spectives, where higher scores indicate that attention can be more effectively allocated

over the important steps and dependencies to build the solution graph, and the maxi-

mum score of 1 indicates the perfect alignment with the ground-truth solution graph.

Overall Objectives

Our final objective function is defined as a combination of the binary cross entropy loss

LBCE that evaluates the solution graph, the intra-step attention loss Latt
(ℓ), and the

inter-step attention scores S
(ℓ)
out and S

(ℓ)
in across all graph attention layers:

L = LBCE +
L∑

ℓ=1

L
(ℓ)
att −

L∑
ℓ=1

(S
(ℓ)
out + S

(ℓ)
in ), (5.14)

where

LBCE = −
L∑

ℓ=1

∑
i,j

(Gi,j logP
(ℓ)
i,j + (1−Gi,j) log(1− P

(ℓ)
i,j )), (5.15)

is the binary cross-entropy loss.

With this objective function, our method jointly and progressively supervises both

intra-step attention and inter-step attention. It enables an integrated optimization of

the solution with respect to multimodal attention alignment within individual problem-

solving steps, information propagation for between-step connections, and the final solu-

tion graph. With the ability to traverse the graph and selectively aggregate information,

our method achieves significant improvement in formulating solutions to various prob-

lems.
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5.5 Experiments

In this section, we present comprehensive experiments to demonstrate the advantages

of our proposed method and assess the contributions of its major components. The

experimental results underscore the significance of progressive attention learning and

the effectiveness of the proposed objectives, shedding light on the intricacies of complex

problem-solving processes. These findings hold promise in substantially advancing the

domain of vision-language problem solving and paving the way for more sophisticated

intelligent systems.

5.5.1 Experimental Setup

In this subsection, we provide a thorough description of our experiments and implemen-

tation details. We introduce the dataset used for our multimodal problem-solving task,

the compared state-of-the-art models and baselines, the evaluation methods, and the

implementation details of our proposed SGAN method.

Dataset

Our experimental evaluation is conducted on the VisualHow dataset [52], which com-

prises 20,028 real-life problems categorized hierarchically into 18 main categories and

317 subcategories. The number of problems in each category ranges from 405 to 2,952,

providing a diverse set of problem-solving scenarios. Unlike previous datasets [187, 174,

191, 192, 189, 190] that focus solely on sequential procedures, the VisualHow dataset

includes a solution graph for each problem, representing the structured dependencies

between individual steps. Importantly, a substantial portion of the graphs exhibit non-

sequential characteristics, featuring more complex inter-step dependencies. Each solu-

tion graph consists of 3 to 10 steps, each described with images and captions. The

images encompass a variety of formats, including realistic photos, cartoons, drawings,

handwriting, charts, among others. The captions have a vocabulary of 30,000 tokens,

ensuring rich and informative descriptions. To facilitate attention learning and evalua-

tion, fine-grained attention annotations are provided for both images and captions.
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Models

To evaluate the effectiveness of our method in handling vision-language problem-solving

tasks, we compare it with state-of-the-art approaches on the VisualHow dataset [52].

We treat these methods as multi-task models, addressing both the retrieval of the mul-

timodal instructions and the prediction of step dependencies. The compared methods,

including SEQ GPO [157], SEQ GAP [52], and SEQ ATT [52], aim to predict individual

problem-solving steps and their dependencies using various sequential processes. Specif-

ically, SEQ GPO employs a generalized pooling operator to align visual and language

features and jointly aggregates them during feature aggregation. Similarly, SEQ GAP

adopts a global average pooling method to process features from different image regions

and word tokens independently, without considering their importance. Finally, SEQ

ATT utilizes an attention mechanism to highlight important semantics in each modal-

ity and then aggregates them based on learned weights, supervised with ground-truth

attention annotations from VisualHow [52].

To further investigate the role and significance of the integrated attention mecha-

nism, we conduct a comprehensive ablation study using three variants of our proposed

model: SGAN-Base, SGAN-Intra, and SGAN-Inter. SGAN-Base is a basic model that

uses the same architecture as SGAN but doesn’t rely on any extra attention supervision

from outside sources. This helps us understand how well the model performs when it

learns attention on its own from the solution graph. For SGAN-Intra and SGAN-Inter,

we supervise the model with the intra-step attention loss and inter-step attention loss

terms, respectively. By comparing the performance of these three variants with our full

SGAN model, which incorporates intra-step and inter-step attention supervision, we

can analyze the specific contributions of each attention component.

Evaluation

To ensure a fair comparison with other methods, we adhere to the official training and

validation splits provided by the dataset. We construct candidate pools by sampling

images and captions from the corresponding subsets. These candidate pools include

positive samples corresponding to the given problem and negative samples from other

problems randomly sampled from the dataset. Note that the candidate pools contain
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only training data during the training phase, and only validation data during the val-

idation phase. Different from the previous study [52] that samples unrelated steps

from different problems, in this paper, to obtain negative step dependencies, we sample

negative problems first, and include all steps and their dependencies in the negative

problems. This approach serves as a suitable test bed for robustly evaluating and jus-

tifying the model’s performance. Following the VisualHow [52] study and our proposed

attention evaluation methods, we evaluate model performances with four categories of

metrics:

Retrieval of Steps. To evaluate the performance models in retrieving the correct

ground-truth steps, we rank the candidate steps based on their predicted relevance

to the input problem (i.e., P
(L)
0,i , i = 1, 2, · · · , N). We employ the mean reciprocal

rank (MRR) [159, 160, 52], Recall@K [159, 160, 52, 261, 157, 158], and recall sum

(RSUM) [261, 157, 158, 52] metrics. The MRR computes the reciprocal rank of a

correct step, which is defined as 1 divided by its position in the ranked list. Recall@K

measures the presence of the correct step in the top-K ranked steps. The RSUM is

defined as the sum of recall metrics at different values of K (e.g ., K = {1, 5, 10}). The
combination of these metrics provides a comprehensive summary of the model’s overall

performance in image and caption retrieval.

Step Dependency Prediction. The prediction of dependencies between steps

is evaluated using the area under the ROC curve (AUC) [52, 262], the area under the

precision-recall curve (AUPR) [262], and the intersection over union (IoU) [218, 219, 52].

The AUC represents the overall performance of the model in distinguishing positive

(correctly predicted edges) from negative (incorrectly predicted edges) dependencies

between steps. The AUPR is a useful performance metric for imbalanced data in a set-

ting with a bigger focus on positive examples, which is the case for our experiments. To

measure IoU, we apply a threshold (e.g., 0.25, 0.5, 0.75) [52] to the model output P (L)

to determine the graph edges and count the edges for the intersection and union be-

tween the predicted graph and the ground truth. These metrics enable a comprehensive

evaluation of the model’s performance in predicting the structure of solutions.

Intra-Step Attention. To evaluate the intra-step attention, the output α(L) is

first normalized and converted into an attention map, where each value indicates the

attention probability of an image patch or word token. The ground-truth attention
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maps are computed similarly as the annotations. Three attention metrics are used to

compute the attention maps: the linear Correlation Coefficient (CC) [257, 162] scores

are computed as Pearson’s linear correlation between the attention maps; the similarity

of histogram intersection (SIM) [257] computes the sum of the minimum values at every

location; Kullback-Leibler divergence (KL) [257] measures the difference between two

distributions based on information theory.

Inter-Step Attention. The inter-step attention is evaluated based on the final-

layer outputs α(L) and P (L) simultaneously by three metrics that measure out-degree

S
(L)
out (see Equation (5.10)), in-degree S

(L)
in (see Equation (5.11)) attention scores, and

an overall attention score S
(L)
all computed as

S
(L)
all = mean[(F out(L) ⊙D(L) ⊙ F in(L))Ts(L)]. (5.16)

Implementation Details

To extract discriminative visual-linguistic features, we adopt state-of-the-art pre-trained

models. For the visual features, we use ResNeXT-101 [6] (32×8d) trained on Instagram

images (WSL) [212], with image size 256 × 256. Regarding the language features, we

use a pre-trained BERT model [213] optimized on a massive corpus of text. We use

these models to extract features from the candidate image and caption pools, which are

then used as inputs to our SGAN model. We train our model using the Adam [101]

optimizer with learning rate 2 × 10−4, weight decay 10−4 and batch size 16. A cosine

annealing scheduler schedules the learning rate. We set L = 3 as the total number of

network layers. To address the imbalance between the positive and negative samples

from the solution graph, we train the model with the loss related to the retrieval task

for 5 epochs and then train the model with the loss related to the whole solution graph

for the remaining 20 epochs. A hard negative mining strategy [263, 264] is also used.

The post-processing method to obtain the final solution graph is implemented following

Algorithm 1, where we set dependency threshold λd = 0.8 and retrieval threshold λr =

0.45.
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Method Mode
Retrieval ↑ Dependency ↑

MRR R@1 R@5 R@10 RSUM AUC AUPR IoU@0.25 IoU@0.5 IoU@0.75

SEQ GPO [157]
I 0.4529 31.03 61.89 79.99

386.28
0.713 0.768 0.455 0.262 0.102

C 0.6066 47.25 77.27 88.85 0.816 0.847 0.544 0.443 0.269

SEQ GAP [52]
I 0.5311 39.28 69.55 85.30

404.72
0.685 0.752 0.444 0.250 0.080

C 0.5935 45.55 76.75 88.29 0.817 0.850 0.557 0.430 0.258

SEQ ATT [52]
I 0.5069 37.10 66.48 82.82

410.77
0.698 0.760 0.422 0.274 0.106

C 0.6509 51.94 82.02 91.41 0.815 0.849 0.520 0.432 0.263

SGAN-Base
I 0.5524 41.99 71.42 86.95

433.55
0.721 0.777 0.487 0.307 0.152

C 0.6820 56.66 83.10 93.43 0.799 0.834 0.553 0.481 0.321

SGAN-Intra
I 0.5833 45.03 74.89 88.93

451.82
0.700 0.765 0.488 0.316 0.189

C 0.7247 61.61 86.52 94.84 0.780 0.825 0.578 0.428 0.324

SGAN-Inter
I 0.5703 43.72 73.45 88.26

442.26
0.801 0.816 0.577 0.504 0.385

C 0.6954 57.98 84.76 94.09 0.861 0.863 0.653 0.616 0.538

SGAN
I 0.5898 45.97 75.61 88.89

455.56
0.800 0.817 0.580 0.508 0.394

C 0.7324 62.77 86.95 95.37 0.862 0.864 0.659 0.620 0.547

Table 5.1: Solution graph prediction results from retrieval and dependency aspects.
In each panel, the first row (I) indicates the image modality and the second row (C)
indicates the caption modality. The best results are highlighted in bold.

5.5.2 Quantitative Results

Comparison with the State-of-the-Art

Our approach demonstrates superior performance across all metrics for generalizing so-

lutions to vision-language problems, as shown in Table 5.1. Overall, it outperforms the

state-of-the-art SEQ GPO, SEQ GAP, and SEQ ATT methods [52] across all evaluation

metrics. In terms of retrieving multimodal instructions for individual problem-solving

steps, it achieves an impressive improvement of 11.1% and 12.5% in MRR scores for

images and captions, respectively, as well as an improvement of 10.9% in RSUM scores

which aggregate the Recall@K scores over both modalities. Further, in terms of pre-

dicting the step dependencies, our method exhibits strong capability in capturing the

diverse structures of solutions, which has been a challenge for existing methods. It

shows 81.0% and 45.3% improvements in the average IoU scores (i.e., 0.25, 0.5, and

0.75) for images and captions, respectively. These observations not only demonstrate

the advantages of our approach in solving complex vision-language problems but also

highlight the significance of progressively constructing task solutions.
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Comparison with Baseline Models

Table 5.1 also compares our proposed SGAN model with different baselines, including

the SGAN-Base model that is learned without supervision from attention annotations,

the SGAN-Intra model supervised with the intra-step attention loss, and the SGAN-

Inter model supervised with the inter-step attention loss. The comparison shows that

even without any external supervision, the SGAN-Base can still effectively learn the

integrated attention from the ground-truth solution graph, and achieve promising re-

sults. Its MRR, RSUM, and IoU scores are all significantly better than those of the SEQ

ATT method (e.g ., RSUM is improved from 410.77 to 433.55), demonstrating the effec-

tiveness of the proposed network design. Notably, the introduction of either intra-step

or inter-step attention supervision leads to substantial improvements. In particular,

compared with SGAN-Base, SGAN-Intra achieves an improvement of 5.6% and 6.3%

in MRR scores for images and captions, respectively. Its RSUM score is improved from

433.55 to 451.82, outperforming the SGAN-Base by 4.2%. These improvements suggest

that the supervision of intra-step attention can benefit the localization of important

information in both modalities. Furthermore, SGAN-Inter’s performance highlights its

practical significance in predicting step dependencies. With inter-step attention super-

vision, it achieves an impressive average improvement of 37.7% across AUC, AUPR,

and IoU scores. This suggests the models’ applicability in real-world scenarios where

detailed annotations may be limited. Overall, incorporating both types of attention su-

pervision achieves the best results, demonstrating the effectiveness of the integral design

of our method in modeling attention for vision-language problem solving.

5.5.3 Qualitative Results

To further understand the proposed integrated attention mechanism and how it con-

tributes to the prediction of problem-solving procedures, we conduct a qualitative com-

parison of the predicted solution graph and their intra-step attention maps. The quali-

tative examples are shown in Fig. 5.3, where the proposed SGAN method is compared

with the state-of-the-art SEQ ATT [52] method and the ground truth. For a clearer

illustration, we present the optimal predicted solution graph obtained from the image

or caption candidate pool. The results consist of (1) the final solution graph obtained
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Problem How to Avoid Foods That Make You Drowsy
by Eating Meals that Boost Energy Levels
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Problem How to Make Cocoa
by Microwave Hot Cocoa
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serve.
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tablespoons (30 ml) of
milk together in a mug.

Add 1 cup of milk, and
microwave the mug for
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Stir the mixture and
heat for an additional 30

seconds.

Add the salt, stir, and
serve.

Mix the sugar, cocoa
powder, and 2

tablespoons (30 ml) of
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Add 1 cup of milk, and
microwave the mug for

a minute.

Stir the mixture and
heat for an additional 30

seconds.

Add the salt, stir, and
serve.

Let it dry overnight.

Figure 5.3: Qualitative comparison of the predicted solution graphs and intra-step at-
tention maps. The green edges in the graphs indicate correct predictions, while the red
ones indicate wrong predictions.
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with Algorithm 1 showing the procedure flows across all steps, and (2) the intra-step

attention maps for each problem-solving step overlaid on the images (i.e., hot areas)

and the captions (i.e., bold text).

Despite leveraging explicit intra-step attention supervision based on fine-grained

annotations, SEQ ATT sometimes fails to adequately attend to crucial objects relevant

to problem-solving. As shown in Fig. 5.3, SEQ ATT allocates insufficient attention

on the conditioner (see Fig. 5.3A, step 1), the sugar and cocoa powder (see Fig. 5.3B,

step 1), the structured meal plan (see Fig. 5.3C, step 1), and the rinse action (see

Fig. 5.3D, step 3). On the contrary, our proposed SGAN exhibits promising performance

by attending to essential information within various steps. The comparison of intra-step

attention between SEQ ATT and SGAN shows that progressively refining attention is

effective in terms of learning accurate attention distribution in images and captions.

Furthermore, the inter-step attention mechanism is also shown to be effective in

predicting the solution graph correctly. Because SEQ ATT sequentially predicts the

dependencies one step at a time, it results in suboptimal solutions (see Fig. 5.3A-D).

Differently, the integration of intra-step attention and inter-step attention in SGAN

allows it to better understand the importance of key objects (e.g ., conditioner, sugar,

cocoa powder, structured meal plan, rinse, etc.) across multiple steps. In addition, the

progressive learning of the integrated attention mechanism allows SGAN to improve

the solution graph by interactively refining it. Therefore, with a holistic view of the

problem-solving procedure and interactive refinement, SGAN manages to predict the

dependencies more accurately.

5.5.4 Performance Analyses

We further present extensive analyses to understand the roles and contributions of

different components in our proposed approach. Through these in-depth analyses, we

aim to gain a deeper understanding of the key factors that contribute to the success of

our approach in solving complex vision-language problems.

Sequential and Non-Sequential Solutions

Unlike previous datasets that focus on sequential solutions, VisualHow is a unique

dataset that contains a variety of complex problem-solving tasks. To demonstrate
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Method Mode
Sequence Non-Sequence

MRR ↑ IoU@0.5 ↑ MRR ↑ IoU@0.5 ↑

SEQ GPO [157]
I 0.4435 0.190 0.4640 0.337
C 0.5707 0.326 0.6487 0.564

SEQ GAP [52]
I 0.5338 0.181 0.5280 0.321
C 0.5584 0.302 0.6346 0.563

SEQ ATT [52]
I 0.4968 0.187 0.5187 0.363
C 0.6130 0.286 0.6952 0.584

SGAN
I 0.5823 0.404 0.5986 0.616
C 0.7087 0.537 0.7602 0.706

Table 5.2: Solution graph prediction results for sequential and non-sequential solutions.
The best results are highlighted in bold.

the effectiveness of our proposed method on different types of solution structures, we

present the model’s performance on both sequential and non-sequential solutions sep-

arately. In Table 5.2, we evaluate the performance of our method in both sequential

and non-sequential problem-solving scenarios. The results show that our SGAN method

outperforms the state-of-the-art methods in both scenarios, achieving the highest MRR

and IoU@0.5 scores. This demonstrates that SGAN excels in capturing the structure

and dependencies of solution steps, regardless of whether the problem-solving process

is sequential or not, making it a versatile approach for a wide range of real-world appli-

cations that involve complex structures and diverse multimodal instructions.

Intra-Step Attention

The results presented in Table 5.3 provide insights into the performance of our intra-step

attention mechanism. The attention output α(L) is evaluated using three metrics: CC,

KLD, and SIM to quantify the quality of intra-step attention learning and help assess

the effectiveness of this method in focusing on salient information. The state-of-the-art

method SEQ ATT [52], which also learns intra-step attention following a sequential ap-

proach, achieves moderate results for both image and caption modalities. However, our

proposed SGAN with intra-step attention (SGAN-Intra) outperforms SEQ ATT consis-

tently across almost all the metrics (5/6) for both modalities. This demonstrates that

the progressive refinement of the solution graph with intra-step attention enables the
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Method Mode
Intra-Step Attention

CC ↑ SIM ↑ KLD ↓

SEQ ATT
I 0.600 0.571 0.705
C 0.764 0.623 0.616

SGAN-Base
I 0.133 0.401 1.540
C 0.307 0.337 1.915

SGAN-Intra
I 0.611 0.586 0.668
C 0.768 0.656 0.648

SGAN-Inter
I 0.456 0.523 0.880
C 0.726 0.625 0.740

SGAN
I 0.608 0.588 0.666
C 0.772 0.657 0.605

Table 5.3: Intra-step attention evaluation results. The best results are highlighted in
bold.

model to focus on relevant information within each step, leading to improved attention

quality. On the other hand, the impact of inter-step attention (SGAN-Inter) alone is

not as significant on these evaluation metrics. However, integrating the two attention

mechanisms is able to further improve the model’s ability in finding important infor-

mation in the images and captions. This highlights the importance of combining both

attention mechanisms to achieve a comprehensive understanding of the problem-solving

procedure.

Inter-Step Attention

Understanding how attention is aligned across multiple steps in complex problem-solving

is crucial for developing effective learning models. Here, we provide a detailed analysis

of our method by examining the attention alignment between steps. Table 5.4 presents

the results of the inter-step attention evaluation, which sheds light on the model’s ability

to capture dependencies between problem-solving steps. The metrics used to evaluate

inter-step attention include S
(L)
in , S

(L)
out , and S

(L)
all , which quantify the quality of attention

propagation within the solution graph. The state-of-the-art method SEQ ATT [52]

exhibits limited performance in capturing inter-step dependencies, as evidenced by the
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Method Mode
Inter-Step Attention

S
(L)
in ↑ S

(L)
out ↑ S

(L)
all ↑

SEQ ATT
I 0.0696 0.0551 0.0102
C 0.1313 0.0998 0.0244

SGAN-Base
I 0.0766 0.0627 0.0209
C 0.1102 0.0934 0.0309

SGAN-Intra
I 0.0878 0.0654 0.0125
C 0.1354 0.0971 0.0217

SGAN-Inter
I 0.2017 0.2217 0.1366
C 0.3081 0.3158 0.2288

SGAN
I 0.2220 0.2360 0.1493
C 0.3214 0.3274 0.2390

Table 5.4: Inter-step attention evaluation results. The best results are highlighted in
bold.

relatively low values of all metrics for both image and caption modalities. This is because

the sequential design of SEQ ATT cannot effectively propagate attention to other steps

across multiple steps, resulting in suboptimal predictions. However, the most significant

improvement is observed with the addition of inter-step attention in the SGAN-Inter

model. The values of S
(L)
in , S

(L)
out , and S

(L)
all for SGAN-Inter are notably higher than those

of SEQ ATT, SGAN-Base, and SGAN-Intra. The full SGAN model, which combines

both intra-step and inter-step attention mechanisms, achieves the best results among

all methods and modalities across all metrics. These observations indicate that the

inter-step attention mechanism effectively captures the dependencies between problem-

solving steps, allowing the attended information to effectively propagate across multiple

steps, leading to improved reasoning about the chronological order of various solution

steps.

Correlation Between Attention Performance and Task Performance

To further investigate how the intra-step and inter-step attention contribute to the

model performance in tackling vision-language problems, we compute the Pearson’s r

between the attention evaluation scores CC, S
(L)
all and task evaluation scores MRR and
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Attention Type Mode
Sequence Non-Sequence

MRR IoU@0.5 MRR IoU@0.5

Intra-step
I -0.068 0.212 -0.001 0.001
C -0.091 0.236 -0.048 -0.058

Inter-step
I 0.677 0.417 0.625 0.738
C 0.629 0.435 0.607 0.732

Table 5.5: Pearson’s r between attention evaluation score and our proposed SGAN
model’s performance. Bold numbers indicate significant positive correlations (p < 0.05).

Number Mode
Retrieval ↑ Dependency ↑

MRR R@1 R@5 R@10 RSUM AUC AUPR IoU@0.25 IoU@0.5 IoU@0.75

1
I 0.5649 42.90 73.11 87.52

432.90
0.781 0.795 0.501 0.427 0.308

C 0.6624 53.62 82.62 93.13 0.845 0.847 0.582 0.515 0.413

2
I 0.5846 45.00 75.35 88.46

451.77
0.796 0.809 0.553 0.482 0.369

C 0.7224 61.26 86.83 94.86 0.855 0.854 0.629 0.583 0.504

3
I 0.5898 45.97 75.61 88.89

455.56
0.800 0.817 0.580 0.508 0.394

C 0.7324 62.77 86.95 95.37 0.862 0.864 0.659 0.620 0.547

4
I 0.5815 44.98 74.38 88.08

448.05
0.799 0.811 0.580 0.491 0.363

C 0.7169 60.89 85.36 94.36 0.861 0.858 0.655 0.618 0.532

Table 5.6: Ablation study of the number of integrated attention layers. The best results
are highlighted in bold.

IoU@0.5. Table 5.5 shows the Pearson’s correlation coefficient (r) between the atten-

tion evaluation scores and the performance of our proposed SGAN model on predicting

sequential solutions and non-sequential ones. For the intra-step attention evaluation,

we observe a significant positive correlation between attention performance and model’s

ability to predict the dependencies in sequential solutions. The correlation coefficients

for IoU@0.5 are 0.212 and 0.238 for the image and caption modalities, respectively. On

non-sequential problems, the correlation coefficients are close to zero, indicating a weak

correlation between intra-step attention performance and model performance. The weak

correlations suggest that in the final SGAN model, the quality of attention within indi-

vidual steps has limited impacts on the model’s performance. In contrast, the inter-step

attention evaluation shows strong positive correlations between attention performance

and model performance on both sequential and non-sequential solutions. In particular,

for non-sequential ones, attention performance is highly correlation with the IoU@0.5,
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Layer Mode
Intra-Step Attention Inter-Step Attention Retrieval Dependency

CC ↑ SIM ↑ KLD ↓ S
(L)
in ↑ S

(L)
out ↑ S

(L)
all ↑ MRR ↑ IoU@0.5 ↑

1
I 0.607 0.587 0.669 0.1994 0.2039 0.1366 0.5867 0.450
C 0.764 0.656 0.608 0.2981 0.2993 0.2275 0.7324 0.569

2
I 0.607 0.588 0.667 0.2201 0.2297 0.1512 0.5862 0.488
C 0.765 0.656 0.606 0.3191 0.3210 0.2421 0.7327 0.601

3
I 0.608 0.588 0.666 0.2220 0.2360 0.1493 0.5898 0.508
C 0.772 0.657 0.605 0.3214 0.3274 0.2390 0.7324 0.620

Table 5.7: Evaluations on Intra-step attention, Inter-step attention, and solution graph
prediction results across layers. The best results are highlighted in bold.

Proportion Mode
Retrieval ↑ Dependency ↑

MRR R@1 R@5 R@10 RSUM AUC AUPR IoU@0.25 IoU@0.5 IoU@0.75

0%
I 0.5524 41.99 71.42 86.95

433.55
0.721 0.777 0.487 0.307 0.152

C 0.6820 56.66 83.10 93.43 0.799 0.834 0.553 0.481 0.321

20%
I 0.5551 42.12 71.84 87.00

434.13
0.774 0.803 0.546 0.405 0.286

C 0.6829 56.65 83.50 93.03 0.834 0.849 0.612 0.453 0.383

40%
I 0.5875 45.48 75.35 89.35

453.59
0.786 0.810 0.548 0.423 0.299

C 0.7272 61.95 86.58 94.87 0.846 0.857 0.635 0.565 0.443

60%
I 0.5890 45.94 75.14 89.12

454.29
0.793 0.814 0.560 0.457 0.335

C 0.7286 62.26 86.92 94.92 0.853 0.859 0.643 0.593 0.488

80%
I 0.5863 45.52 74.78 89.02

454.21
0.796 0.815 0.570 0.484 0.367

C 0.7334 63.16 86.61 95.12 0.859 0.863 0.658 0.613 0.527

100%
I 0.5898 45.97 75.61 88.89

455.56
0.800 0.817 0.580 0.508 0.394

C 0.7324 62.77 86.95 95.37 0.862 0.864 0.659 0.620 0.547

Table 5.8: Ablation study of the proportion of fine-grained data annotations. The best
results are highlighted in bold.

with values of 0.738 and 0.732 for the image and caption modalities, respectively. The

strong positive correlations suggest that the quality of inter-step attention is closely

related to the model’s ability to capture dependencies between problem-solving steps

and predict coherent and structured solutions. These results indicate that the inter-step

attention mechanism plays a crucial role in improving the model’s performance on both

sequential and non-sequential problems.



96

Number of Attention Layers

Progressively refining attention is a fundamental component of our proposed SGAN

architecture, which enables the network to iteratively focus on key information within

from visual and textual inputs and discover the dependencies between the steps. To ver-

ify the effect of the number of integrated attention layers, we conduct experiments with

four variants of our models. As shown in Table 5.6, for the retrieval of the most relevant

images and captions, increasing the number of attention layers consistently improves the

model’s performance. We observe that with three attention layers, the SGAN model

achieves the highest MRR, Recall@K, and RSUM scores for both the image and caption

modalities. However, adding more layers does not lead to further improvements in the

retrieval performance. Similar trends are observed for the evaluation of step depen-

dencies, with AUC, AUPR, and IoU scores. Overall, this ablation study demonstrates

that a three-layer SGAN model results in the right balance between capturing relevant

information within individual steps and modeling the dependencies between steps. This

configuration achieves the best performance for both retrieval and dependency aspects,

indicating its effectiveness in tackling complex multimodal problem-solving tasks.

Progressive Attention Refinement Across Layers

Gradually refining attention constitutes an important element within our proposed

SGAN method, empowering the model to progressively concentrate on key informa-

tion across visual and textual inputs, unraveling inter-step dependencies. To illustrate

the effectiveness of progressively refining attention in our proposed SGAN, we compare

the outputs of different layers, including the intra-step attention α(ℓ) and the inter-step

attention P (ℓ) (ℓ = 1, 2, 3). As shown in Table 5.7, we find that the attention alignments

(Intra-Step Attention and Inter-Step Attention) exhibit a progressive enhancement as

the layers delve deeper. This suggests that, with each subsequent layer, the model

refines its ability to focus on relevant information, capturing more detailed relation-

ships. This refinement in attention aligns with an observed improvement in prediction

performance metrics, including MRR and IoU@0.5, suggesting the significance of this

progressive attention mechanism in the success of problem solving.



97

Proportion of Attention Annotations

In Table 5.1, we have demonstrated that SGAN-Base can self-learn attention from the

solution graph, which has performed better than the SEQ ATT [52] model that requires

additional attention annotations, while learning from annotations with the proposed

objectives can further improve the model’s performance. To study the impact of the

annotations on model performance, we use different proportions of annotations in train-

ing, ranging from 0% to 100%, and evaluate the model’s performance using various

metrics. Table 5.8 presents the results of our ablation study on the proportion of fine-

grained data annotations used in training the SGAN model. For both the retrieval

and the dependency evaluations, we observe that all evaluation scores increase steadily

with a higher proportion of fine-grained annotations. This indicates that providing

more detailed annotations enhances the model’s ability to accurately retrieve multi-

modal instructions for individual problem-solving steps, as well as to better predict the

structured dependencies between steps.

Using Pre-Trained Grounding As Attention Annotations

Although providing more attention annotations can improve model performance, the

practicality of obtaining such annotations may raise scalability concerns. To address

this, instead of leveraging human annotations, we generate ground-truth attention an-

notations using a pre-trained GLIP [29] model, which exhibits strong zero-shot and few-

shot transferability to diverse object-level recognition tasks. As shown in Table 5.9, the

GLIP-generated annotations demonstrate comparable performance as the human anno-

tations from the VisualHow dataset. This consistency suggests that large pre-trained

vision-language models can provide sufficient attention annotations for modeling intra-

step attention across various problems, offering a viable approach to scalability.

Multimodal Procedure Planning Models

Table 5.10 compares the performance of our method with state-of-the-art multimodal

procedure planning models, including Text-Image Prompting (TIP) [265] and Skip-

Plan [243]. TIP generates a sequence of step captions using the text-davinci-003 model [28],
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Source Mode
Retrieval ↑ Dependency ↑

MRR R@1 R@5 R@10 RSUM AUC AUPR IoU@0.25 IoU@0.5 IoU@0.75

GLIP [29]
I 0.5907 46.06 75.39 89.28

453.21
0.797 0.812 0.572 0.507 0.395

C 0.7238 61.52 86.32 94.65 0.852 0.856 0.648 0.495 0.451

VisualHow [52]
I 0.5898 45.97 75.61 88.89

455.56
0.800 0.817 0.580 0.508 0.394

C 0.7324 62.77 86.95 95.37 0.862 0.864 0.659 0.620 0.547

Table 5.9: Solution graph prediction results with different sources of attention annota-
tions. In each panel, the first row (I) indicates the image modality and the second row
(C) indicates the caption modality. The best results are highlighted in bold.

and subsequently converting these captions into images using Stable Diffusion [25]. Skip-

Plan learns to predict solutions by breaking down a long chain of steps into several

reliable sub-chains, addressing error accumulation in long sequence predictions. Since

these sequential methods cannot handle complex graph structures, we only compare

them with our method by evaluating them through image and caption retrieval. As

shown in Table 5.10, there is a notable discrepancy in the retrieval capabilities of the

TIP model between image and caption retrieval tasks, indicating a greater proficiency

in processing and extracting information from textual data compared to visual inputs.

On the other hand, the Skip-Plan model exhibits an improved retrieval performance, a

result of its end-to-end training on the VisualHow [52] dataset. However, these state-

of-the-art procedure planning methods still underperform our SGAN model, because

of their sequential nature. The graph-based model architecture and the novel atten-

tion mechanisms allow SGAN to capitalize on the extensive in-domain problem-solving

knowledge embedded in the VisualHow dataset [52], achieving a significant performance

improvement. This improvement solidifies SGAN’s status as a promising solution for

effectively addressing multimodal complexities in problem solving.

Similarity Functions used in Attention Learning

In this ablation study, we investigate the impact of adopting different attention evalua-

tion metrics on attention learning. We consider three widely used similarity functions:

SIM [257], JSD [258, 259], and CC [257], which are applied to supervise the inter-step

attention mechanism in our proposed SGAN model. The results in Table 5.11 demon-

strate that our attention supervision method is robust against the choice of similarity
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Model Mode
Retrieval ↑

MRR R@1 R@5 R@10 RSUM

TIP [265]
I 0.4046 29.09 50.72 64.06

377.67
C 0.7124 62.08 82.40 89.32

Skip-Plan [243]
I 0.4819 33.72 64.21 82.25

384.08
C 0.5571 40.92 74.24 88.76

SGAN
I 0.5898 45.97 75.61 88.89

455.56
C 0.7324 62.77 86.95 95.37

Table 5.10: Comparison of multimodal procedure planning models. The best results
are highlighted in bold.

Similarity Mode
Retrieval ↑ Dependency ↑

MRR R@1 R@5 R@10 RSUM AUC AUPR IoU@0.25 IoU@0.5 IoU@0.75

SIM [257]
I 0.5896 45.81 75.74 89.03

455.44
0.796 0.815 0.576 0.485 0.377

C 0.7310 62.48 87.22 95.17 0.861 0.865 0.657 0.615 0.531

JSD [258, 259]
I 0.5898 45.97 75.61 88.89

455.56
0.800 0.817 0.580 0.508 0.394

C 0.7324 62.77 86.95 95.37 0.862 0.864 0.659 0.620 0.547

CC [257]
I 0.5921 46.24 75.52 88.89

456.62
0.798 0.816 0.579 0.507 0.389

C 0.7370 63.47 87.14 95.37 0.862 0.863 0.659 0.621 0.553

Table 5.11: Ablation study of similarity functions used in the proposed evaluation
metrics.

function, as all three metrics produce similar performance. This consistency in per-

formance indicates that our method effectively captures the attention alignment from

different perspectives, leading to comparable results regardless of the selected similar-

ity function. Based on these findings, we adopt JSD similarity in the measurement of

inter-step attention. Overall, these results affirm the effectiveness of our approach in

measuring attention alignment from multiple angles. This versatility is crucial for the

success of our SGAN model in solving complex multimodal problem-solving tasks, as

it allows the model to capture fine-grained dependencies between individual solution

steps, leading to more accurate and coherent predictions.
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λd λr Precision Recall F1

0.2

0.45

0.477 0.605 0.499
0.5 0.477 0.605 0.499
0.8 0.482 0.601 0.500
1.1 0.490 0.586 0.498
1.4 0.495 0.529 0.473

0.8

0.05 0.444 0.650 0.493
0.25 0.462 0.629 0.499
0.45 0.482 0.601 0.500
0.65 0.505 0.557 0.494
0.85 0.525 0.473 0.463

Table 5.12: Ablation study on different combinations of dependency threshold λd and
retrieval threshold λr. The best results are highlighted in bold.

Graph Post-Processing Thresholds

Finally, we investigate the impacts of the thresholds (i.e., dependency threshold λd

and retrieval threshold λr) on the predicted solution graph. It is noteworthy that

following the VisualHow [52] benchmark, quantitative results presented in this paper,

including the evaluation of retrieval, dependency, intra-step attention, and inter-step

attention, are based on the probabilistic output P (L). The dependency threshold λd

and retrieval threshold λr are only used to binarize the soft probabilities into the final

deterministic solution graph. In Table 5.12, we show various threshold combinations

and their corresponding precision, recall, and F1 scores computed with the final solution

graph. These scores are derived from comparing the ground-truth solution graph with

binarized solution graphs after post-processing. The analysis reveals that the final

solution graphs are not significantly affected by the choice of the dependency threshold

λd (0.2 ≤ λd ≤ 1.1). The retrieval threshold λr acts as a balancing factor between

precision and recall, and the final solution graphs are not sensitive to the choice of it

(0.05 ≤ λr ≤ 0.65). Based on this observation, we empirically choose λd = 0.8 and

λr = 0.45 for our experiment.
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5.6 Conclusion

In this paper, we focus on addressing existing gaps in understanding and providing

effective step-by-step instructions for problem-solving in vision-and-language applica-

tions. Our contribution is a novel Solution Graph Attention Network (SGAN) ap-

proach that takes into account both intra-step and inter-step attention mechanisms,

enabling a progressive construction of solutions by refining the dependencies between

relevant problem-solving steps. The flexibility of our method allows for the formulation

of solutions with various structures, accommodating both sequential and non-sequential

patterns. In order to enhance the accuracy of attention in the problem-solving process,

we have introduced quantitative metrics to study the role of attention in task accom-

plishment. These metrics serve as valuable tools for attention supervision, providing

insights into how attention mechanisms can be leveraged effectively.

Our experimental results showcase the advantages of our proposed method in tack-

ling a wide range of vision-language problems. By employing our model, we achieved

significant improvements in formulating solutions with complex graph structures. More-

over, our findings shed light on the crucial components that contribute to successful

problem-solving, thus offering valuable insights for future research and applications. We

believe that the insights gained from our work will have a profound impact on solving

intricate visual problems and providing effective guidance for various daily-life activ-

ities. Our method not only advances the state-of-the-art in vision-language problem

solving, but also lays the groundwork for the development of more powerful and flexible

attention mechanisms. With the hope that our work will inspire further advancements

in this field, we envision that our proposed GNN-based model and attention supervi-

sion techniques will continue to drive progress in solving problems more effectively and

efficiently.

While our proposed method shows promising results in tackling vision-language

problem-solving tasks, it also has several limitations and opens up interesting avenues

for future research. One limitation is that our method relies on annotated data for

training and supervision. We have explored GLIP-generated annotations to reduce the

data dependency and improve the generalization capabilities of our model, which has

shown promising results. Another challenge we face in this work is that the dependencies
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between steps may not always be clear-cut. There can be cases where multiple possible

dependencies exist, leading to ambiguity in constructing the solution graph. Developing

methods to handle such ambiguity and effectively capture uncertain dependencies is an

important direction for future research.



Chapter 6

GazeXplain: Learning to Predict

Natural Language Explanations

of Visual Scanpaths

While exploring visual scenes, humans’ scanpaths are driven by their underlying at-

tention processes. Understanding visual scanpaths is essential for various applications.

Traditional scanpath models predict the where and when of gaze shifts without provid-

ing explanations, creating a gap in understanding the rationale behind fixations. To

bridge this gap, we introduce GazeXplain, a novel study of visual scanpath prediction

and explanation. This involves annotating natural-language explanations for fixations

across eye-tracking datasets and proposing a general model with an attention-language

decoder that jointly predicts scanpaths and generates explanations. It integrates a

unique semantic alignment mechanism to enhance the consistency between fixations and

explanations, alongside a cross-dataset co-training approach for generalization. These

novelties present a comprehensive and adaptable solution for explainable human visual

scanpath prediction. Extensive experiments on diverse eye-tracking datasets demon-

strate the effectiveness of GazeXplain in both scanpath prediction and explanation,

offering valuable insights into human visual attention and cognitive processes.

103
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There is a black car driving 
down a city street.

There is a person standing 
on the sidewalk

There is a person walking
on the sidewalk

Q: Does the person 
on the sidewalk 
appear to be 
walking?

A: Yes

Figure 6.1: This example reveals how observers strategically investigate a scene to
find out if the person is walking on the sidewalk. Fixations (circles) start centrally,
locating a driving car, then shifting to the sidewalk to find the person, and finally
looking down to confirm if the person is walking. By annotating observers’ scanpaths
with detailed explanations, we enable a deeper understanding of the “what” and “why”
behind fixations, providing insights into human decision-making and task performance.

6.1 Introduction

Picture yourself driving through a bustling city at dusk, with your eyes scanning the

surroundings for critical details like pedestrian crossings, brake lights, and turn signals.

These seemingly random glances are guided by an internal dialogue questioning your

environment. As depicted in figure 6.1, when determining if a person on the sidewalk

is standing or walking, our gaze naturally shifts from the car ahead to the sidewalk.

We may fixate on their upper body to start with, and then move downward to assess

their movement. Understanding this implicit language of gaze and translating it into

explicit explanations, such as whether we correctly deduced the person’s movement

or overlooked subtle details, holds significant potential for enhancing human-machine

interaction.

Research on human attention modeling builds upon decades of study in psychology

and cognitive science, aiming to understand how humans allocate their attention to

visual stimuli [138, 133]. Recent studies have shifted from static fixation distribution

modeling to dynamic gaze patterns, known as scanpaths [70, 65, 50, 144]. Current

scanpath models excel at tracking visual exploration trajectories, predicting “when”

and “where” people shift their attention. However, scanpath prediction models fall

short of explicitly explaining the “what” and “why” – the insights behind each fixation.
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This lack of explainability hampers the understanding and potential applications of

these models in real-world scenarios.

To bridge this explainability gap, we introduce GazeXplain, a novel study that goes

beyond predicting where people look; it demands models to explain them in natural

language, weaving a narrative thread that connects fixations to their underlying mean-

ing. Particularly, GazeXplain features several key distinctions from existing scanpath

prediction methods: (1) We annotate ground-truth explanations for scanpaths over di-

verse eye-tracking datasets. These annotations build a strong foundation for modeling

scanpath explanation, unlocking explainable methods that understand user attention in

applications. (2) We introduce a general model architecture with an attention-language

decoder jointly predicting scanpaths and natural language explanations. (3) We present

a novel semantic alignment mechanism that promotes consistency between the vision

and language modalities, guiding the model toward generating explanations that faith-

fully reflect the fixated visual information. (4) While existing models target single

task-specific datasets, such as free-viewing, object search, or visual question answer-

ing (VQA), we generalize scanpath prediction and explanation with a cross-dataset

co-training technique, overcoming data and task-specific biases.

In summary, the contributions of this paper are outlined as follows:

1. We introduce a novel task aiming to jointly predict and explain scanpaths, offering

a deeper semantic understanding of what people look.

2. We annotate ground-truth explanations on three public eye-tracking datasets, pro-

viding detailed fixation-level explanations.

3. We propose a general model architecture with an attention-language decoder that

jointly predicts scanpath and explanation. It incorporates a novel semantic align-

ment mechanism for consistent fixation-explanation alignment, along with cross-

dataset co-training for enhanced generalizability.

4. Comprehensive experiments across various datasets demonstrate GazeXplain’s ef-

fectiveness in generating accurate scanpaths and explanations, highlighting the

importance of explanation prediction, semantic alignment, and cross-dataset co-

training on model performance.
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6.2 Related Work

Visual Scanpath Prediction. Understanding human visual attention requires in-

sight into the dynamic sequence of eye fixations. While static saliency prediction has

been extensively studied [136, 137, 138, 139, 140, 141, 142, 143], dynamic scanpath

prediction remains relatively underexplored due to its complexity influenced by vari-

ous factors. Early studies employed heuristics or statistical priors to generate scan-

paths [62, 63, 64, 65, 66], while recent models leverage machine learning techniques,

including supervised learning [136, 148, 144, 266, 59, 58, 155] and reinforcement learn-

ing [50, 60, 146], achieving promising results [50, 60, 146, 148, 144, 51, 267]. However,

these methods lack interpretability and struggle to explain the predicted fixations. Our

method, GazeXplain, stands out in two aspects: Firstly, it generates natural language

explanations for predicted fixations, going beyond mere scanpath prediction. Secondly,

it ensures generalizability across visual tasks by training on a combination of datasets.

This improved explainability and generalizability represent significant advancements in

understanding human visual attention processes.

Explanations. Automatic reasoning and explanation [268] initially rely on rules

or predefined templates to explain medical diagnosis [269], simulator actions [270, 271,

272, 273] and robot movements [274] etc. Recent explanation models explored deep

learning-based natural language generation, with successful applications in producing

natural language justifications for object classification [275, 276, 277], visual reason-

ing [278, 279, 280, 281, 282, 283, 284], recommendation systems [285], and sentiment

analysis [286], etc. Different from these studies, we for the first time explore natu-

ral language explanations of eye-tracking data to facilitate a deeper understanding of

human visual behaviors. Our proposed GazeXplain model simultaneously predicts scan-

paths and explanations, establishing a direct semantic connection to jointly improve the

scanpath prediction and explanation accuracy.

Vision and Language Models. GazeXplain is inspired by the success of deep

vision-language models [287, 249, 288, 77, 289, 225, 52, 53, 290]. These models, trained

on multimodal image and language datasets [175, 178, 52], are able to generate fluent

and accurate descriptions of visual information. The recent advent of transformer archi-

tecture [16, 291, 292] marked a significant breakthrough, providing a robust framework
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for handling intricate relationships and long-range dependencies. This advancement

facilitated the development of large-scale vision-language models that excel in trans-

lating visual information into natural language descriptions [293, 294, 23, 22]. While

these models have achieved impressive results in characterizing vision-language features,

scanpath models haven’t fully leveraged this capability to enhance human attention

prediction. Unlike existing scanpath models, GazeXplain builds upon the strengths of

vision-language models, incorporating explainability in scanpath prediction. By lever-

aging the capabilities of vision-language models for both ground-truth annotations and

language modeling, GazeXplain deciphers the attention and reasoning behind fixations,

bridging the gap between visual attention and language understanding.

6.3 GazeXplain

Human visual attention is a complex interplay across multiple visual features and cogni-

tive factors [64, 295, 296] (e.g ., low-level contrasts, objects, semantics, goals, and prior

knowledge, etc.) However, existing deep learning-based scanpath models lack trans-

parency in explaining how different factors influence their predictions. Our work tack-

les this challenge through novel dataset construction and modeling approaches: (1)

We annotate new scanpath explanations based on existing eye-tracking datasets, offer-

ing ground-truth explanations for fixations across diverse tasks like VQA, free-viewing,

and search. (2) We propose the first scanpath prediction and explanation model gen-

erating natural language explanations alongside predicted scanpaths, featuring novel

techniques including attention-language decoder, semantic alignment, and cross-dataset

co-training.

6.3.1 Data

We propose data annotation to offer ground-truth explanations for fixations across vari-

ous eye-tracking datasets. Compared to previous image-to-language datasets, it has two

key distinctions: (1) We present the first natural-language annotations on scanpaths,

offering explanations for each specific fixation within the scanpath, rather than image-

wise descriptions such as image captioning [175, 178] and visual storytelling [167]. This
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Focusing specifically on the red circle region and
ignoring the rest of the image, please describe what
you see in the circle in one sentence. Start your
description with 'In the red circle, there...'

In the red circle, there is a potted plant on the sidewalk.

Figure 6.2: LLaVA generates the ground-truth explanation for each fixation using an
input image with a red circle marking the fixation. The model’s response provides
information within the marked area, serving as a basis for further refinement.

granular level of detail offers deeper insights into the cognitive process behind each fix-

ation. (2) While most image-to-language datasets focus on specific tasks, ours comprise

a wider range of visual tasks, including free-viewing [105], object search [60, 146], and

VQA [1]. This ensures the diversity of explanations, allowing models to be co-trained

across multiple datasets to enhance their generalizability.

While the manual annotation of fixation-level explanations is subjective and time-

consuming, we employ a novel semi-automated approach, leveraging the power of large

vision-language models to efficiently generate accurate explanations for every eye fixa-

tion. figure 6.2 illustrates our paradigm for annotating explanations. We utilize LLaVA-

1.6 [22] (with a Mistral-7B [297] base language model) for its renowned ability to un-

derstand and describe visual information. We combine visual and language prompts to

guide the model’s description: Firstly, we generate a visual prompt by enclosing each

fixation within a red circle [298], mirroring the size of the human fovea [299] (i.e., a

diameter of 5 degrees), thereby directing LLaVA’s attention to the fixated region. Com-

plementing this, we crafted a language prompt that instructs LLaVA to describe the

image information within the circled area in one sentence (see figure 6.2). These prompts

guide LLaVA to generate concise and contextually relevant descriptions centered solely

on the fixation. Preliminary evaluations have demonstrated the effectiveness of this

prompting technique compared to alternative methods, such as describing multiple fix-

ations simultaneously or generating foveated images as prompts, where the proposed one

avoids issues related to information overload of multiple explanations or the complexity
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Dataset Task Images Scanpaths Length of Scanpath Words per Fixation Words per Scanpath

AiR-D VQA 987 13,903 10.17± 2.23 10.79± 3.46 109.81± 31.27
OSIE Free Viewing 700 10,500 9.36± 1.88 11.43± 3.99 107.07± 31.26
COCO-Search18 TP Object Search 3,101 30,998 3.48± 1.82 9.84± 3.14 34.28± 20.55
COCO-Search18 TA Object Search 3,101 31,006 5.86± 4.07 10.61± 3.45 62.21± 45.85

Table 6.1: Statistics of the eye-tracking datasets with annotated explanations.

of computing foveated images. Finally, these generated descriptions are combined in the

order of fixations to describe the full scanpath, enabling the extraction of meaningful

insights into the dynamic shift of attention.

While LLaVA’s capabilities are impressive, it may exhibit limited robustness in han-

dling noisy or ambiguous visual inputs, such as small objects, text, or complex scenes

with cluttered backgrounds. Therefore, manual quality control remains crucial for en-

suring accuracy and objectivity. To improve the data quality, we review and revise

generated explanations based on the following criteria: Firstly, any reference to the red

circle is eliminated to ensure that descriptions accurately reflect the information of the

fixated regions. Secondly, for consistency and readability across datasets, the gener-

ated descriptions are maintained within a specific length (e.g ., 5-20 words), facilitating

subsequent analysis and interpretation. Thirdly, in images containing English text, the

text recognition is manually verified and corrected. Finally, to ensure the consistency

of explanations of fixations on the same object or region, we apply MeanShift [300]

clustering to fixation positions and manually correct semantically different explanations

in each cluster without sacrificing linguistic diversity. This quality control process en-

hances the overall accuracy, objectivity, and reliability of the annotations, mitigating

potential errors introduced by automated processes.

By leveraging the combined strengths of LLaVA and human expertise, we anno-

tat ground-truth explanations for three different eye-tracking datasets: AiR-D [1],

OSIE [105], as well as COCO-Search18 [60] including target-present (TP) and target-

absent (TA) subsets. As shown in table 6.1, this results in a rich collection of natural-

language explanations annotated on 7,004 images and 86,407 fixations across diverse

visual tasks. The explanations are concise, with lengths falling within 10.66 ± 3.54

words each. The AiR-D dataset, involving question-answering scenarios, exhibited a
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COCO
Search-18

OSIE

Q: Is there a potted
plant in the image?
A: Yes.

Visual
Encoder

Attention
Decoder

Attention-Language
Decoder

Language
Encoder

Vision-Language
Encoder

Integration Sampling

Language
Decoder

1. There is a sign that reads "MARCH" in
large white letters on a black background.

2. There is a small window on a building.
3. There is a potted plant on the sidewalk.

Cross-Dataset
Co-Training

AiR-D

Scanpath

Explanation

Image

Instruction

Semantic
Alignment

Figure 6.3: GazeXplain’s architecture consists of a general vision-language encoder
and a novel attention-language decoder. The decoder outputs an explanation for each
fixation in the predicted scanpath, with a semantic alignment mechanism facilitating
the semantic consistency between fixations and explanations. The model is developed
on three public datasets using a cross-dataset co-training technique.

range of explanation lengths (i.e., 10.79 per fixation), likely reflecting the varied com-

plexity of the questions and corresponding fixations. Explanations for free-viewing tasks

in OSIE tended to be slightly longer (i.e., 11.43 words per fixation) compared to search-

oriented tasks in COCO-Search18 (i.e., 10.33 words per fixation). This aligns with the

inherent differences in information processing during free exploration versus focused ob-

ject search. Overall, the annotated explanations offer a valuable resource for researchers

studying visual attention and its connection to language.

6.3.2 Model

The core challenge in scanpath explanation is the mapping ambiguity: translating brief

fixations with limited context into clear natural language descriptions. This difficulty

stems from inherent subjectivity in visual perception and the lack of explicit semantic

meaning behind each fixation. To address this, GazeXplain presents a three-fold solution

(see figure 6.3):

GazeXplain is built on top of a general vision-language encoder [144, 161]: Given

an image (i.e., the visual stimuli) and a language instruction (i.e., the task context) as

inputs, the encoder computes the image features V T ∈ Rd×hw, the semantic embedding

tI ∈ Rdtext , and the joint visual-semantic embedding V I ∈ Rd×hw, where h × w is the
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size of the image feature maps, dtext is the semantic embedding dimensionality, and d

is the joint embedding dimensionality.

Our attention-language decoder employs these features in predicting explana-

tions alongside fixations, leveraging a novel semantic alignment mechanism to ensure

that explanations accurately reflect fixated information. GazeXplain’s language input

generalizes it to a wider range of eye-tracking tasks, allowing it to be trained on vari-

ous eye-tracking datasets with different task designs. This cross-dataset co-training

equips GazeXplain with a broader range of knowledge across different tasks and prevents

overfitting to specific datasets, improving model robustness and generalizability.

Attention-Language Decoder.

GazeXplain goes beyond conventional scanpath models by introducing a novel attention-

language decoder to bridge the gap between visual attention patterns and natural lan-

guage explanations.

The attention decoder utilizes a transformer model to generate feature vectors

{sk|sk ∈ Rd}Kk=1, indicating salient features at each temporal step, where K is the

maximum number of fixations. With a cross-attention mechanism, it computes the

cosine similarity between sk and the joint vision-language embedding V I to predict the

spatiotemporal distribution of fixations, denoted as {mk|mk ∈ Rh×w}Kk=1. Additionally,

it predicts parameters {µk, σ
2
k}Kk=1 characterizing the log-normal distribution of fixation

durations, along with a binary indicator {ek}Kk=1 denoting the end of the scanpath.

Following [50], we perform Monte Carlo sampling to obtain fixation positions {yk}K
′

k=1

and durations {τk}K
′

k=1, where K ′ is the length of the sampled scanpath.

The language decoder in GazeXplain is a novel and distinguishing component de-

signed to provide comprehensive semantic explanations for fixated regions, accomplished

through three key steps:

1. From the visual encoder’s output V T , it extracts the local features according to

the fixation position yk, which results in the fixated features gk ∈ Rd that captures

the salient information within the fixated region, emphasizing localization over the

entire image.

2. To integrate visual features gk and semantic embedding tI effectively, we transform
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them into the same dimensionality gd
k ∈ Rdtext = W dgk + vI and tdI ∈ Rdtext =

tI + vT , through learnable parameters W d ∈ Rdtext×d and positional encodings

vI ,vT ∈ Rdtext , allowing for the integration of both visual and textual information.

This integration facilitates the description of local visual information in the context

of task instruction.

3. To generate the description, the features gd
k and tdI are stacked and fed into a

pre-trained language model (e.g ., BLIP [293]), leveraging its contextual under-

standing and linguistic capabilities. This enables the generation of detailed and

informative explanations {wk
ℓ }Lℓ=1 for each fixation, where L represents the length

of the generated explanation.

By integrating visual and semantic features and incorporating language models, our

language decoder enables the explanations of the scanpath predictions.

Semantic Alignment.

We propose a semantic alignment mechanism to ensure the semantic consistency be-

tween predicted fixations, explanations, and visual features. It operates by computing

the cosine similarity Scos(·, ·) of different categories of features between the i-th and the

j-th fixations of a scanpath:

1. The visual similarity serves as pseudo labels for supervising the semantic align-

ment. It is computed as sri,j = Scos(ri, rj), where ri and rj represent the local

image features at the fixation points, obtained from a pre-trained and frozen

ResNet [6] model.

2. The explanation similarity, computed as sei,j = Scos(e
p
i , e

p
j ), measures how

closely the explanations of different fixations resemble each other semantically,

where epi and epj represents the language features of the corresponding explana-

tions, obtained from the language decoder.

3. The fixation similarity, computed as sfi,j = Scos(gi, gj), compares the fixated

features acquiring global image information from the visual encoder. It measures

whether the two fixations focus on similar visual information.
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4. The multimodal similarity, computed as smi,j = Scos(e
p
i , gj), measures the gap

between the language features epi and the visual features gj , evaluating how well

the explanations align with the visual information fixated upon.

Based on the similarity measures, the semantic alignment loss is denoted as

Laln =
1

K ′2

K′∑
i=1

K′∑
j=1

(
(sei,j − sri,j)

2 + (sfi,j − sri,j)
2 + (smi,j − sri,j)

2
)
, (6.1)

which compares similarities sei,j , s
f
i,j , s

m
i,j against their corresponding pseudo labels sri,j .

Minimizing this loss during the optimization process encourages alignment of semantic

representations across fixations, explanations, and visual features, ensuring consistency

in the understanding of the scanpath, fostering explanations of the visual scene through-

out the scanpath. Our final training objective combines this loss with a traditional

scanpath prediction loss [50] and a language generation loss [88, 301], jointly optimizing

scanpath prediction and explanation.

Cross-Dataset Co-Training.

Prior studies commonly focus on single dataset training [59, 50, 144]. For exam-

ple, ChenLSTM relies on external VQA models to predict scanpaths on the AiR-D

dataset [1], while Gazeformer targets search-related tasks offered by COCO Search-

18 [60]. Such model and task dependencies limit their broader applicability. To ad-

dress this, we propose cross-dataset co-training, enabling models to learn from multiple

datasets simultaneously. We standardize inputs across datasets, ensuring compatibil-

ity and meaningful interaction. On the one hand, images and scanpaths are scaled to

384 × 512 resolution. On the other hand, task-specific instructions are structured into

a standard VQA format. For example, for free-viewing, a general question “What do

you see in the image?” is asked, while object search instructions are converted to a

question “Is there a [search target] in the image?” with a binary “yes/no” answer.

Optionally, on datasets with behavioral responses (e.g ., AiR-D, COCO-Search18), the

observer’s answer is also added to the instruction, which helps the model to understand

inter-observer variations. Different from general co-training techniques relying on struc-

tured input formats [267], GazeXplain’s free-formed input captures rich semantics for
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scanpath explanation, allowing the model to understand the specific contexts and goals.

In this way, models can be trained with a combination of multiple datasets, unlocking

their full potential in generalization across various tasks.

6.4 Experiments

We evaluate GazeXplain through comprehensive experiments: (1) performance com-

parison against state-of-the-art methods, (2) ablation studies to understand component

contributions, (3) evaluation of generated explanations, and (4) qualitative analysis of

predicted scanpaths and explanations.

6.4.1 Experimental Setup

Datasets. Our experiments utilize a combination of eye-tracking datasets. AiR-D [1]

provides insights into human gaze behavior in VQA [302, 94], capturing gaze patterns

aligned with complex visual reasoning processes. OSIE [105] enriches our evaluation

with eye-tracking data from free-viewing scenarios, ensuring a comprehensive assess-

ment of our model’s predictive capabilities amidst multiple salient objects. COCO-

Search18 [60] expands our evaluation to include both target-present and target-absent

scenarios. The target-present subset focuses on gaze behavior when the search target

is present, while the target-absent subset assesses our model’s ability to predict gaze

patterns without the target.

Compared Models. We compare GazeXplain against human ground truths and

a diverse range of scanpath prediction models, including SaltiNet [57], PathGAN [56],

IOR-ROI [59], ChenLSTM [50], Gazeformer [144].

Evaluation Metrics. We comprehensively evaluate GazeXplain using a diverse set

of metrics evaluating three aspects of models: First, with established metrics, including

ScanMatch (SM) [55], MultiMatch (MM) [97], SED [99, 98, 100], SS [60, 146, 144] and

SemSS [146, 144], we assess scanpath models’ ability to accurately predict the tempo-

ral dynamics of gaze patterns. In addition, we aggregate the sampled fixations into a

smoothed saliency map [149], and incorporate saliency metrics, including CC [138, 133],

NSS [138, 133], AUC [257], and sAUC [257], to assess the spatial accuracy of the pre-

diction. Finally, to measure the linguistic quality of the generated textual explanations,
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we adopt BLEU [220], METEOR [221], ROUGE [222] and CIDEr-R [223, 303]. This

comprehensive suite of metrics allows us to assess how well the model captures the

temporal, spatial, and semantic accuracies in the fixations and explanations.

6.4.2 Scanpath Prediction Results

GazeXplain demonstrates remarkable spatiotemporal accuracy in scanpath prediction,

consistently surpassing state-of-the-art methods across various datasets. As shown in

table 6.2, GazeXplain’s promising performance in scanpath metrics suggests its ex-

cellence in capturing spatial, temporal, and semantic aspects of human gaze behavior.

In addition, its dominance in saliency metrics also indicates its ability to highlight vi-

sually important image regions. These comprehensive results suggest that GazeXplain

effectively captures the underlying patterns of human visual attention across diverse

tasks and datasets, demonstrating its robustness and generalizability. The performance

improvements suggest the significant role of integrated attention-language decoder, se-

mantic alignment mechanism, and cross-dataset co-training strategy in characterizing

human attention dynamics, particularly in tasks requiring semantic-level cognitive pro-

cessing.

6.4.3 Ablation Study for Scanpath Prediction and Explanation

Our GazeXplain features three key components: the language decoder for scanpath

explanations (EXP), the semantic alignment mechanism (ALN), and the cross-dataset

co-training (CT). The ablation study conducted on the AiR-D dataset, as shown in

table 6.3, reveals the role of each component and their joint impacts on the accuracy

of scanpath prediction and explanation. To evaluate the linguistic quality of a baseline,

we directly crop fixated image regions and describe them with a pre-trained BLIP

captioner [293].

Language Decoder. table 6.3 presents notable improvements achieved by integrat-

ing the language decoder into the model architecture. Even in the absence of semantic

alignment, GazeXplain exhibits considerable improvements in scanpath prediction ac-

curacy by explaining the scanpath. For instance, the inclusion of fixation-based expla-

nations elevates the SM score from 0.356 to 0.378, which emphasizes the role of semantic
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Dataset Method
Scanpath Saliency

SM ↑ MM ↑ SED ↓ SS ↑ SemSS ↑ CC ↑ NSS ↑ AUC ↑ sAUC ↑

AiR-D [1]

Human 0.403 0.803 8.110 0.336 - 0.830 2.328 0.879 0.797

SaltiNet 0.106 0.750 10.749 0.117 - -0.014 -0.021 0.506 0.502
PathGAN 0.151 0.733 9.407 0.079 - 0.134 0.280 0.558 0.503
IOR-ROI 0.209 0.795 8.883 0.176 - 0.342 0.743 0.708 0.571
ChenLSTM 0.350 0.808 7.881 0.283 - 0.629 1.727 0.806 0.702
Gazeformer 0.357 0.811 7.962 0.287 - 0.550 1.512 0.760 0.670
GazeXplain 0.386 0.817 7.489 0.308 - 0.662 1.851 0.808 0.719

OSIE [105]

Human 0.386 0.808 7.481 0.332 - 0.903 2.976 0.912 0.867

SaltiNet 0.149 0.745 8.768 0.166 - 0.230 0.556 0.659 0.596
PathGAN 0.056 0.744 9.392 0.135 - -0.091 -0.199 0.448 0.494
IOR-ROI 0.290 0.790 7.826 0.232 - 0.499 1.426 0.776 0.673
ChenLSTM 0.377 0.805 7.244 0.316 - 0.722 2.488 0.813 0.770
Gazeformer 0.372 0.805 7.298 0.315 - 0.685 2.308 0.793 0.739
GazeXplain 0.380 0.806 7.228 0.317 - 0.748 2.530 0.839 0.786

COCO-
Search18
Target-

Present [60]

Human 0.427 0.810 1.957 0.510 0.401 0.861 3.675 0.944 0.836

SaltiNet 0.127 0.715 3.827 0.269 0.205 0.425 1.923 0.680 0.578
PathGAN 0.213 0.716 2.461 0.318 0.268 0.377 1.465 0.720 0.591
IOR-ROI 0.137 0.770 6.990 0.198 0.162 0.301 0.836 0.748 0.569
ChenLSTM 0.448 0.803 1.932 0.475 0.406 0.802 3.376 0.903 0.814
Gazeformer 0.433 0.800 2.224 0.470 0.394 0.712 2.990 0.872 0.785
GazeXplain 0.480 0.807 1.981 0.541 0.443 0.809 3.529 0.915 0.836

COCO-
Search18
Target-

Absent [60]

Human 0.330 0.802 5.539 0.353 0.341 0.800 2.351 0.872 0.765

ChenLSTM 0.366 0.810 4.345 0.371 0.359 0.701 2.036 0.796 0.703
Gazeformer 0.354 0.812 4.492 0.366 0.353 0.632 1.837 0.774 0.681
GazeXplain 0.373 0.813 4.307 0.382 0.365 0.716 2.089 0.811 0.721

Table 6.2: Scanpath prediction results. The best results are highlighted in bold.

Method Scanpath Saliency
CIDEr-R ↑

EXP ALN CT SM ↑ MM ↑ SED ↓ SS ↑ CC ↑ NSS ↑ AUC ↑ sAUC ↑

0.337 0.805 8.197 0.274 0.582 1.582 0.794 0.693 61.9
✓ 0.339 0.805 8.216 0.280 0.614 1.674 0.806 0.706 91.9
✓ ✓ 0.346 0.806 8.250 0.284 0.631 1.733 0.807 0.713 115.1

✓ 0.356 0.812 7.834 0.292 0.582 1.597 0.781 0.688 66.7
✓ ✓ 0.378 0.819 7.693 0.299 0.647 1.797 0.806 0.713 97.3
✓ ✓ ✓ 0.386 0.817 7.489 0.308 0.662 1.851 0.808 0.719 123.1

Table 6.3: Ablation study on AiR-D [1] for the proposed technical components: language
decoder (EXP), semantic alignment (ALN), and cross-dataset co-training (CT). The
best results are highlighted in bold.

comprehension in fostering precise and interpretable scanpath predictions. Compared
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to the off-the-shelf BLIP captioner used in the baseline, the CIDEr-R score is improved

from 66.7 to 97.3, demonstrating the effects of our model design and training on in-

dividual datasets. These results suggest that by providing explanations for individual

fixations, the model gains deeper insights into the underlying visual semantics, thereby

refining its predictive capabilities.

Semantic Alignment. The semantic alignment mechanism further improves the

model’s accuracy in identifying fixated visual semantics and generating coherent de-

scriptions. Aligning the semantics of fixations with their corresponding explanations

not only improves the precision of explanations, as observed in the improved CIDEr-R

scores from 97.3 to 123.1, but also guides the model to produce more accurate fixa-

tions, reflected in the scanpath and saliency metrics (e.g ., SM from 0.378 to 0.386, CC

from 0.647 to 0.662). This indicates the importance of semantic coherence in guiding

attention prediction models.

Cross-Dataset Co-Training. Scanpath prediction research typically tackles indi-

vidual tasks in isolation, each relying on its own dataset. However, our approach diverges

by training a unified model across multiple datasets, harnessing shared knowledge and

contemporary features to enhance performance. By leveraging diverse data sources, our

model achieves notable improvements in performance across various datasets. For in-

stance, we observe a substantial enhancement in the SM score (from 0.346 to 0.386) as

well as CIDEr-R (from 115.1 to 123.1) This demonstrates the effectiveness of integrating

diverse data sources for robust scanpath prediction and explanation.

6.4.4 Scanpath Explanation Results

We evaluate GazeXplain’s explanatory capabilities through three main analyses: (1)

assessing agreement with ground-truth annotations using language evaluation metrics,

(2) analyzing the diversity and informativeness of explanations, and (3) examining its

ability to accurately describe fixated objects.

Language Evaluation. table 6.4 comprehensively evaluates the agreement between

generated explanations and ground-truth annotations with language metrics. GazeX-

plain consistently outperforms its variants (without alignment, without co-training, or

both) across all datasets. The semantic alignment mechanism results in consistent per-

formance gains across datasets (e.g ., BLEU-4 from 27.7 to 30.7 and CIDEr-R from 97.3
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Dataset Method B-4 M R C-R Voc. Len. UnP%

AiR-D [1]

w/o CT & ALN 27.6 20.5 50.1 91.9 557 100.8 30.92
w/o CT 30.4 21.7 51.6 115.1 668 100.4 39.51
w/o ALN 27.7 20.6 50.3 97.3 541 91.8 35.74
GazeXplain 30.7 21.9 51.7 123.1 579 88.3 40.34

OSIE [105]

w/o CT & ALN 12.4 16.5 40.2 23.6 633 103.4 42.08
w/o CT 16.1 17.4 41.7 37.4 760 105.9 44.20
w/o ALN 15.7 20.4 41.7 37.2 569 94.4 42.17
GazeXplain 16.7 21.1 42.0 48.6 614 90.9 44.76

COCO-
Search18
TP [60]

w/o CT & ALN 23.3 15.4 52.4 111.2 304 27.3 64.67
w/o CT 26.0 16.2 54.2 133.2 401 26.0 70.41
w/o ALN 26.8 18.1 54.5 130.9 505 28.0 68.83
GazeXplain 28.2 19.5 55.3 139.6 560 28.4 71.30

COCO-
Search18
TA [60]

w/o CT & ALN 15.6 20.9 43.2 77.0 514 35.8 58.35
w/o CT 17.2 22.5 43.8 91.9 583 35.9 67.03
w/o ALN 16.3 26.4 43.2 92.9 566 33.3 66.04
GazeXplain 18.5 27.5 44.5 106.5 685 35.5 71.35

Table 6.4: Explanation prediction results and diversity analysis.
The best results are highlighted in bold.
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Figure 6.4: ROC
analysis of fixations
and explanations.

to 123.1 on AiR-D), suggesting its significance in generating natural and fluent expla-

nations. The co-training is more effective on OSIE (free-viewing) and COCO-Search18

(target-absent) datasets involving less structured exploration compared to the other

datasets where specific objects need to be identified. It allows the model to exploit

the combined information from all available data sources to learn diverse visual and

linguistic relationships under these more challenging scenarios (e.g ., CIDEr-R is 48.6

on OSIE, compared to the 139.6 on COCO-Search18 target-present dataset).

Diversity. To assess explanation diversity with three metrics: vocabulary size

(Voc.), total explanation length per scanpath (Len.), and the percentage of unique sen-

tences per scanpath (UnP%). Table 6.4 reveals that incorporating semantic alignment

significantly improved both vocabulary size and UnP%. For example, on the COCO-

Search18 (target-absent) dataset, vocabulary size increased from 566 to 685 words, and

UnP% increased from 66.04% to 71.35%. Notably, this improvement in diversity oc-

curred while maintaining consistent explanation lengths. The COCO-Search18 dataset,

known for its shorter scanpaths, naturally yielded a smaller vocabulary size, shorter

explanations, and a higher percentage of unique sentences. Our co-training method,

while consistently boosting UnP%, also helped balance vocabulary sizes and expla-

nation lengths across datasets. These findings highlight the importance of semantic
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alignment and co-training in promoting both diverse and specific explanations.

Faithfulness. We evaluate the faithfulness of explanations in describing the search

targets of the COCO-Search18 dataset. Specifically, we examine whether the explana-

tion describes the search target when it is fixated on, and refrain from falsely describing

it when fixations are elsewhere. To achieve this, we employ two key metrics: fixation

proximity to the search target, quantified as the distance between fixations and the

bounding box of the target, and semantic similarity between the generated explanation

and the target, computed as the cosine distance between their embeddings using state-

of-the-art techniques such as SBERT [304]. By varying spatial and semantic distance

thresholds, we construct ROC curves and calculate the area under the curve (AUC) as

a performance metric. Our findings, shown in figure 6.4, indicate that both semantic

alignment and co-training lead to improved agreements between explanations and fixa-

tions, with AUC values increasing from 0.878 to 0.902 and 0.871 to 0.902, respectively.

It suggests the significance of these techniques in aligning explanations with fixated

objects.

6.4.5 Qualitative Analysis

figure 6.5 presents qualitative examples of GazeXplain’s scanpaths and explanations.

For the Gazeformer model, we directly crop fixated image regions and describe them

with a pre-trained BLIP captioner [293]. For illustration, we select two explanations

describing task-relevant fixations. We observe GazeXplain’s enhanced capability in

predicting fixations on key objects crucial for answering questions, mirroring human gaze

behavior during high-level cognitive processing. For instance, in figure 6.5a, GazeXplain

accurately identifies the cake on the left side. Similarly, in figure 6.5b, the model

focuses on the dog, while in figure 6.5c, it prioritizes the trash can. This alignment with

human scanpaths demonstrates GazeXplain’s capability of characterizing complex gaze

patterns associated with cognitive tasks. Regarding explanations, while Gazeformer

wrongly describes its fixations (e.g ., figure 6.5a: “a plate of food with a fork and knife”

while there is no fork or knife present, figure 6.5b: “a man riding a horse” while the

man is walking, and figure 6.5c: “a red wall with a black chair and a black chair”

while the chair is not black), GazeXplain provides more accurate and specific fixation

descriptions. Particularly in scenes with multiple relevant objects (e.g ., different types
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Ground Truth

Q: Is the trash can to the left of a chair? A: No.

Q: Are there either any cats or dogs? A: Yes.

Q: What fruits are on the dessert on the left side of the photo? A: Blackberries.

1: There is a cup
of coffee on a tray.

6: There is a plate
with a piece of
cake on it.

1: There is a cup
of coffee on a
saucer.

5: There is a small
piece of cake with
a blueberry on top.

2: There is a
person standing
next to a cow.

8: There is a black
dog sitting on the
ground.

2: There is a
person walking
with a donkey.

7: There is a small
dog walking on a
cobblestone street.

4: There is a
bench.

9: There is a green
trash can.

5: There is a chair.

10: There is a
green trash can.

GazeXplainGazeformer

3: There is a red
wall with a black
chair and a black
chair.
6: There is a black
car parked in front
of a building.

1: There is a man
riding a horse.

8: There is a dog
running on the
beach.

2: There is a white
cup with a spoon
and a spoon.

(c)

(b)

(a)

6: There is a plate
of food with a fork
and knife.

Figure 6.5: Quantitative examples from GazeXplain compared to Gazeformer and the
ground truth. Each row shows scanpaths and explanations of two key fixations.

of desserts and animals in figure 6.5a-b), GazeXplain successfully distinguishes them,

demonstrating robust semantic understanding. These examples illustrate GazeXplain’s

effectiveness in integrating visual exploration with semantic understanding, yielding

more explainable and robust scanpath predictions.

6.5 Conclusion

We introduce GazeXplain, a novel scanpath explanation task to understand human vi-

sual attention. We provide ground-truth explanations on various eye-tracking datasets

and develop a model architecture for predicting scanpaths and generating natural lan-

guage explanations. The model features an attention-language decoder with a unique

semantic alignment mechanism ensuring fixation-explanation consistency. Additionally,
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our proposed cross-dataset co-training approach enhances generalizability by leveraging

diverse training datasets. Extensive experiments demonstrate GazeXplain’s superior

performance in both scanpath prediction and explanation, suggesting not only scan-

path modeling benefits from language explanations but also GazeXplain’s explanations

can be integrated with other language-driven user environments. We anticipate that

GazeXplain will catalyze the development of interpretable attention models, fostering

advancements in human visual behavior understanding.



Chapter 7

Conclusion and Discussion

In this dissertation, we summarize our prior and ongoing efforts in modeling human

visual attention, aligning machine attention with human attention, and developing an

explainable visual intelligence system. By treating visual attention as a key interface

connecting perception, reasoning, and performance, we explored methods to address

complex real-life tasks and uncover the rationale behind human attention deployment.

Our findings demonstrate that human attention plays an important role in guiding

machines to pay attention to relevant information, which enhances their ability to per-

form general tasks and quantify reasoning capabilities. With a profound understanding

of visual attention, we curated an open-ended dataset to study real-life problems and

their evolution by incorporating key components across multiple modalities, focusing on

attention deployment and complex step dependency relationships. Results show that

current machine attention significantly differs from human attention, since machine at-

tention relies heavily on top-down statistical correlations rather than reasoning based on

justifiable evidence. This limitation emphasizes the challenges faced by existing vision

and language models in generalizing to open-ended tasks and explaining the rationale

behind their decisions.

These observations provide a principled framework for understanding how humans

dynamically integrate visual stimuli and reasoning processes to make decisions while

also justifying the rationale behind their visual fixations. Bringing perception and ex-

planation together gives us a practical starting point for designing the next generation

of visual intelligence systems. Such systems should be able to interpret human gaze
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patterns and shed light on the reasoning that drives them. Such systems have the pos-

sibility to address the complexity of real-world environments and produce significant

societal benefits in areas such as healthcare, education, and autonomous systems.

While our studies present significant progress in bridging the gap between human

and machine intelligence, there is still room for further improvement. Most notably, our

reliance on fine-grained annotated data highlights the need for models that can gen-

eralize beyond specific datasets. Recent developments in foundational models, such as

GPT [32, 33] and DINO [305, 306, 307], suggest promising avenues for distilling world

knowledge and reasoning across modalities, while also offering practical tools for gen-

erating fine-grained annotations. The next generation of artificial general intelligence

lies in developing interpretable and explainable systems that evolve from black-box sta-

tistical models to white-box frameworks capable of genuine reasoning with multimodal

inputs. In the future, I plan to advance human-like machine intelligence by curating

high-quality multimodal data and leveraging foundational models for impactful appli-

cations beneficial for human beings, with a particular emphasis on healthcare. By

overcoming the challenges of AI deployment and placing transparency at the forefront,

we can enable transformative applications that fully realize the societal benefits of AI

innovations.
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Labatut, and Piotr Bojanowski. DINOv3. arXiv preprint arXiv:2508.10104, 2025.


	Acknowledgements
	Dedication
	Abstract
	Contents
	List of Tables
	List of Figures
	Introduction
	The Gap between Machine and Human Intelligence
	Our Approaches
	Modeling
	Alignment
	Explainability

	Contributions
	Publications

	Predicting Human Scanpaths in Visual Question Answering
	Introduction
	Related Work
	Method
	Network Architecture
	Objective

	Experiments
	Experiment Settings
	Are the predicted scanpaths plausible?
	What contributes to the model's performance?
	What do the predicted scanpaths fixate?
	Which VQA model is the most effective?
	Does the proposed method generalize?

	Conclusion

	Beyond Average: Individualized Visual Scanpath Prediction
	Introduction
	Related Works
	Eye-Tracking Datasets
	Visual Scanpath Prediction

	Methodology
	Observer Encoding
	Observer-Centric Feature Integration
	Adaptive Fixation Prioritization

	Experiments
	Experiment Settings
	Quantitative Results
	Ablation Study
	Qualitative Examples
	From Scanpaths to Saliency Maps
	Semantic Analyses
	Application

	Conclusion

	VisualHow: Multimodal Problem Solving
	Introduction
	Related Work
	Visual Captioning and Storytelling
	Visual Question Answering and Dialog
	Multimodal Instructions
	Multimodal Representation Learning

	The VisualHow Dataset
	Problems and Solutions
	Data Annotation
	Data Statistics

	Experiments
	Baseline Models
	Task 1: Solution Steps Prediction
	Task 2: Solution Graph Prediction
	Task 3: Problem Description Generation
	Task 4: Solution Captions Generation

	Conclusion

	Every Problem, Every Step, All In Focus: Learning to Solve Vision-Language Problems with Integrated Attention
	Introduction
	Related Works
	Problem Solving Methods
	Attention in Vision-Language Tasks
	Supervised Learning of Attention

	Problem Statement
	Method
	Solution Graph Attention Network
	Integrated Attention Mechanism
	Learning Objectives

	Experiments
	Experimental Setup
	Quantitative Results
	Qualitative Results
	Performance Analyses

	Conclusion

	GazeXplain: Learning to Predict Natural Language Explanations of Visual Scanpaths
	Introduction
	Related Work
	GazeXplain
	Data
	Model

	Experiments
	Experimental Setup
	Scanpath Prediction Results
	Ablation Study for Scanpath Prediction and Explanation
	Scanpath Explanation Results
	Qualitative Analysis

	Conclusion

	Conclusion and Discussion
	List of All Publications
	References

