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Abstract

This project addresses the lack of transparency in Document Visual Question Answering (DocVQA)
models by comparing AI-generated attention with human cognitive processes captured via eye-
tracking. It was recorded gaze data from 30 participants and performed causal occlusion experiments
on a multimodal model to test its reliance on human-attended information. The experiments revealed
that information prioritized by humans is both sufficient for the model to maintain its 70.7% accuracy
and necessary for its high performance. These findings expose a critical ”explainability gap,” validating
the use of human cognitive data as a ground truth for developing more transparent and trustworthy AI
systems.
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1 INTRODUCCTION

1.1 Context and Motivation
Document Visual Question Answering (DocVQA) is a cru-
cial and complex task at the intersection of computer vision
and natural language processing, designed to answer ques-
tions based on the contend of document images. The ap-
plications for this technology are wide-ranging and impact-
ful, including automated contract analysis, invoice process-
ing, and the digitization of historical documents. While cur-
rent DocVQA models often achieve high levels of accuracy,
their utility is frequently compromised by a lack of trans-
parency in their decision-making processes. These AI mod-
els, which rely on sophisticated deep learning techniques,
struggle to justify their outputs in a manner that aligns with
human reasoning, creating a significant barrier to user trust
and adoption.

To address this, various explainability techniques such
as Grad-CAM, LIME, and Attention Maps have been de-
veloped to offer a window into the model’s inner work-
ings. However, a fundamental question remains unan-
swered: how well do these machine-generated explanations
reflect actual human cognitive processes? This project ad-
dresses this challenge directly, aiming to bridge the gap be-
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tween AI-generated attention and human-centered reason-
ing.

1.2 Project Objectives and Contributions
The primary goal of this project is to improve the inter-
pretability and trustworthiness of DocVQA models by in-
corporating insights from human cognitive strategies. To
achieve this, we utilized a Tobii Pro Spark eye-tracker to
record the visual behavior of human participants as they en-
gaged in DocVQA tasks, capturing their fixation patterns,
search sequences, and even keystroke timings.

The main objectives of this thesis were to:

• Analyze and understand human attention by identify-
ing which sections of a document participants focus on
when answering questions.

• Directly compare human gaze data with AI-generated
explainability maps to systematically identify align-
ments, discrepancies, and biases between the two.

• Explore how human perceptual strategies can be lever-
aged to improve the explanations generated by AI
models, making them more intuitive and transparent.

By aligning AI attention mechanisms with observable
human cognitive patterns, this project makes a significant
contribution toward developing DocVQA systems that are
not only accurate but also fundamentally more transparent,
explainable, and trustworthy.
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1.3 Document Structure

The remainder of this document is organized as follows:
Section 2 provides an overview of the state-of-the-art in
DocVQA models and AI explainability techniques. Sec-
tion 3 details the methodology used for the experimental
setup, data collection, and analysis. Section 4 presents the
final results of the project, including a comparative analysis
of human and AI attention. Finally, Section 5 summarizes
the main conclusions and proposes potential directions for
future work.

2 STATE-OF-THE-ART

This project explores the collaboration between Document
Visual Question Answering (DocVQA), AI explainability,
and human cognitive science. This section reviews the rel-
evant literature in these domains, establishing the technical
background and motivation for incorporating human eye-
tracking to enhance AI interpretability.

2.1 Document Visual Question Answering
Models

DocVQA systems are designed to understand and answer
questions about document images by processing both tex-
tual and visual information. These models typically rely
on sophisticated deep learning architectures, such as Trans-
formers, which have become the standard for multimodal
document understanding.

A widely adopted approach in this domain involves
adapting powerful language models, such as the Text-
to-Text Transfer Transformer (T5), for multimodal tasks.
These advanced models are capable of fusing three dis-
tinct types of information: they use a language backbone
for semantic embeddings (the meaning of words), incorpo-
rate spatial embeddings derived from the bounding box co-
ordinates of text (the layout of the page), and process the
document scan with visual embeddings (the underlying im-
age features). By combining these semantic, spatial, and vi-
sual inputs, the models can perform complex reasoning that
accounts for both the content and the structure of the doc-
ument. Although these architectures have achieved notable
improvements in accuracy, their internal decision-making
processes remain mostly inaccessible, a limitation that mo-
tivates this project.

2.2 Explainability in AI (XAI)

Explainability techniques aim to make the ”black box” na-
ture of deep learning models more transparent. In the con-
text of VQA, methods like Grad-CAM, LIME, and atten-
tion maps are commonly used to generate visualizations
that highlight the regions of an image a model ”looks at”
when forming an answer. However, these approaches are
fundamentally model-centric and were not designed with
human cognitive strategies in mind. This creates a critical
gap: while these maps offer a form of justification, there
is no guarantee that they reflect a reasoning process that
is intuitive or understandable to a human user. Research
has begun to question the alignment of these models with

human perception, asking directly, ”Do Multimodal Large
Language Models See Like Humans?”

2.3 Eye-Tracking for Cognitive and AI
Model Analysis

Eye-tracking technology provides a direct and objective
method for observing human attention and cognitive pro-
cesses during a task. It offers a unique opportunity to val-
idate and improve AI systems by connecting them to ob-
servable human behavior. Although eye-tracking and ex-
plainable AI (XAI) have been explored independently, few
studies have combined them in the context of document un-
derstanding.

Furthermore, researchers have examined whether hu-
mans and AI models focus on the same regions during Vi-
sual Question Answering (VQA) tasks, finding a significant
discrepancy between human attention and model-generated
attention maps [1]. More recent work has focused on bridg-
ing this gap by incorporating human-like attention to en-
hance VQA explainability [2, 3]. Similarly, the Voila-A
framework aligns vision-language models with user gaze,
which has been shown to improve both performance and
interpretability [4].

Moreover, the development of new datasets such as
VISTA highlights the increasing value of comprehensive vi-
sual and textual attention data for interpreting multimodal
models [5]. Subtle aspects of human behavior, includ-
ing strategies for managing distractor information [6], of-
fer valuable insights for creating more robust and human-
like AI systems. By collecting and analyzing human eye-
tracking data specifically within the DocVQA domain, this
project advances the field by aiming to produce AI systems
whose explanations are not only generated, but also cogni-
tively aligned with human users.

3 METHODOLOGY

The project followed a structured methodology consisting
of four main phases, starting with the initial experimental
design and setup through to data collection, analysis, and fi-
nally, comparison with the AI model. The approach ensured
a robust and replicable workflow for collecting high-quality
human attention data for DocVQA tasks.

3.1 Phase 1: Experimental Framework De-
velopment

The starting point of this project was the development of a
robust experimental framework. The initial phase involved
adapting an existing Python-based eye-tracking system to
meet the specific requirements of DocVQA tasks. To op-
timize the experimental process, a new graphical user in-
terface (GUI) was created using Tkinter. This custom GUI
managed all stages of a participant’s session and provided:

• Multilingual consent forms in Catalan, Spanish, and
English

• Seamless integration with the Tobii Pro Spark eye-
tracker for precise calibration and gaze tracking
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• A user-friendly interface for conducting document-
based question-answering trials

• Reliable data management, storing all recorded data
- including gaze coordinates, timestamps, keystrokes,
and responses — in a structured JSON format for each
participant

Fig. 1: GUI

Prior to full-scale data collection, three pilot sessions
were conducted with volunteers. These sessions were es-
sential for testing calibration accuracy, system robustness,
and overall usability. Feedback from the pilots led to im-
portant refinements of the GUI, ensuring a more reliable
and user-friendly environment for the final data collection
phase.

3.2 Phase 2: Human Data Collection and Ex-
perimental Procedure

This phase was the core of the project, focusing on the care-
ful execution of the eye-tracking trials with human partici-
pants.

3.2.1 Participant Recruitment

A total of 30 participants were successfully recruited for the
study, exceeding the initial target and providing greater sta-
tistical power. Recruitment was conducted through a broad,
informal network, including university classmates, friends,
family, and community members. This strategy resulted in
a diverse group of participants representing a wide range
of ages and backgrounds, including students, teachers, and
other working professionals.

The main requirement for participation was a sufficient
understanding of English, as all documents and questions
were presented in this language. To capture a wide range of
natural viewing behaviors, no other exclusion criteria were
applied; participants of all ages and with various types of
vision (including those with and without glasses) were in-
cluded. Participation was entirely voluntary. A small com-
pensation was offered for the time committed to each trial,
though several participants chose to contribute their time
without accepting it.

3.2.2 Environment and Hardware Setup

The experimental setup was designed to be both controlled
and flexible. Trials were conducted in various quiet rooms
that provided good, consistent illumination to avoid inter-
ference with the eye-tracker.

The primary hardware consisted of a Huawei MateBook
D14 (2020 edition) laptop, which ran the experimental soft-
ware. The Tobii Pro Spark eye-tracker was magnetically
mounted at the bottom of the laptop’s screen, approximately
4-6 cm below the active display area. Participants were
seated at a comfortable distance from the laptop. This dis-
tance was flexible to accommodate individual needs, par-
ticularly for participants who wore glasses. For those who
needed to sit further back to achieve optimal focus, an exter-
nal keyboard was provided so they could comfortably type
their answers without reaching for the laptop’s built-in key-
board.

3.2.3 Task Design and Experimental Walkthrough

The images used in the experiment were sourced from the
official Single-Page Document Visual Question Answering
(SP-DocVQA) dataset. From this large dataset, a subset of
40 document images was carefully selected for the trials.
The selection was based on two criteria: visual clarity and
orientation. Only landscape-oriented documents were cho-
sen, as their larger format allowed the text to be displayed
more clearly and legibly on the laptop screen.

The procedure for each session was carefully planned
from start to finish:

1. Onboarding and Consent: At the start of each ses-
sion, each participant was greeted and given a care-
ful verbal explanation of the study’s purpose and what
the experiment would entail. They were then guided
through the multilingual consent form presented in the
GUI. The trial could only begin after they read the in-
formation and clicked a button to provide their con-
sent. For participants who accepted compensation, the
relevant personal data was collected separately.

Fig. 2: Consent Agreement Page - GUI

2. Calibration: A precise calibration was crucial for data
quality. Using the Tobii Pro Eye Tracker Manager soft-
ware, a 5-point or 6-point calibration was performed.
Participants were instructed to sit still and follow the
points on the screen with their eyes. After the auto-
mated calibration, a manual validation step was per-
formed: the participant was asked to look at several
cross-shaped markers appearing on the screen. It was
visually confirmed that the recorded gaze point was ac-
curate. If any inaccuracies were detected, the calibra-
tion process was repeated until it was successful.

3. Main Task: The experiment began with an instruc-
tion screen explaining the task flow. For each trial, the
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question appeared at the top of the screen, with the cor-
responding document image displayed directly below
it. An answer box was situated at the bottom. Partici-
pants would read the question, search for the answer in
the document, and type their response in the box. To
proceed to the next trial, they pressed the ”Enter” key.
After each completed question, a ”Good job!” message
was displayed to provide positive reinforcement.

Fig. 3: Welcome Page

Fig. 4: Document Page

4. Conclusion, Data Validation, and Debriefing: After
the final question was answered, a concluding screen
appeared. Immediately following the trial, the Data
Analysis was executed to ensure that the data had been
collected correctly. Gaze heatmaps were generated
for the just-completed session. As a final validation
step, these heatmaps were shown to the participant,
who could then informally corroborate that the visu-
alizations accurately reflected their memory of where
they had looked on the screen. The session concluded
thanking the participant and holding a brief, informal
chat to answer any remaining questions.

3.3 Phase 3: Data Preprocessing and Analy-
sis

The raw data collected in the JSON files was then prepro-
cessed for analysis. This step utilized a pre-existing script,
which was adapted for the project’s needs. The primary
output of this phase was a set of visualizations where gaze
heatmaps were overlaid onto the document images, provid-
ing an intuitive representation of where participants focused
their attention.

3.3.1 Fixation Identification and Clustering

Raw eye-tracking data consists of a high-frequency se-
quence of gaze coordinates, which is too noisy for direct
interpretation. The first crucial preprocessing step was to
identify ”fixations”—periods where a user’s gaze remained
stable, indicating a pause to process information.

To achieve this, the HDBSCAN (Hierarchical Density-
Based Spatial Clustering of Applications with Noise) al-
gorithm was employed. This algorithm grouped spatially-
proximate gaze points (based on their X and Y coordinates)
into distinct clusters. A min cluster sample hyper-
parameter was used to define the minimum number of data
points required to form a valid fixation, effectively setting a
minimum duration for a user’s pause and filtering out rapid,
unintended movements (saccades).

3.3.2 Behavioral Phase Separation

To gain deeper insight into the user’s cognitive process,
the analysis separated the gaze data into distinct behavioral
phases. The timestamp of the user’s first keystroke was
used as the critical dividing line to distinguish between in-
formation gathering and answer formulation. This resulted
in three separate datasets for each trial:

• Pre-Typing Phase: All gaze data occurring before the
first keystroke, representing the user’s reading, search,
and comprehension process.

• Typing Phase: All gaze data occurring at or after the
first keystroke, representing any visual reference while
the user was typing their answer.

• Last Pre-Typing Fixation: The single, final fixa-
tion event that occurred immediately before the first
keystroke. This was isolated to represent the user’s
last point of focus before committing to an answer.

3.3.3 Generation of Human Attention Maps

The ultimate goal was to create a quantitative ”attention
map” for each phase that could be directly compared to
the output of the computational model. For each fix-
ation identified in a given phase, the script located all
OCR tokens on the document that fell within a predefined
fixation radius .

Each token received an attention score based on the num-
ber of fixations that landed on or near it. This fixation count
method was chosen over a duration-based model to empha-
size the locations the user repeatedly checked. The final
data for each trial was saved to a consolidated JSON file,
containing separate, normalized attention maps for each of
the three behavioral phases.

3.3.4 Multi-Layered Visualizations

The initial heatmaps were improved to visualize this multi-
phase data on a single plot. The final plots display a lay-
ered heatmap where each color represents a different phase,
allowing for intuitive analysis of the user’s entire decision-
making process:

• Blue Heatmap: Represents the general ”Pre-Typing”
phase. The color is a gradient, becoming darker for
fixations that occurred closer in time to when the user
started typing.

• Green Heatmap: Represents the ”Typing” phase,
showing where the user looked while inputting their
answer.
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• Red Outline: Represents the crucial ”Last Pre-Typing
Fixation,” highlighting the user’s final fixation with a
distinctive border drawn on top of all other layers.

These plots also include a header displaying the question
and a detailed footer showing the user’s answer, the correct
answer, and a legend for the color scheme.

Fig. 5: Example Human Attention Heatmap

3.4 Phase 4: AI Model Comparison
The final phase of the methodology focused on the AI
model. The model selected for this project was VT5, a
multimodal transformer architecture that combines seman-
tic, spatial, and visual embeddings to understand document
content and layout.

The initial work involved testing the provided VT5 code-
base on the standard validation set to confirm that the im-
plementation worked as expected. It was observed that run-
ning the model efficiently required a GPU, which was not
available during this phase of the project. As a result, subse-
quent tests were conducted using the much smaller dataset
collected from the 30 participant sessions, which could be
processed in a reasonable time without a dedicated GPU.
The goal was to generate AI explainability maps from this
model to compare against the human gaze data collected in
Phase 2.

3.4.1 Initial Focus: Visual vs. Textual Attention

The initial explainability analysis focused exclusively on
the model’s visual attention. The goal was to determine if
the model’s focus on different spatial regions of the doc-
ument image, represented by a heatmap over the visual
patches, could explain its reasoning.

However, it was observed that these visual heatmaps
were often too general and did not clearly correlate with the
specific information required by the question. The model’s
visual attention did not appear to be a sufficiently accurate
or interpretable signal for this particular task.

Given the limitations of the strictly visual approach, the
focus of the analysis shifted to the model’s textual attention.
This method, which highlights specific OCR words and

Fig. 6: Example Model Visual Attention Heatmap

phrases, provides a much more detailed and interpretable
form of explainability. Importantly, this textual attention
map is directly comparable to the human gaze data, which
is also centered on reading text, thus enabling a direct and
meaningful comparison.

Fig. 7: Example Model Textual Attention Heatmap

3.4.2 Model Attention Map Generation

To create an explainability map that shows what the model
is ”looking at,” the cross-attention scores from the final de-
coder layer of the VT5 transformer were extracted. These
scores represent the level of focus the model places on each
token of the input sequence as it generates its answer.

The model utilizes a multi-head attention mechanism,
where each ”head” can learn to focus on different types of
information. To simplify this complex, multi-layered out-
put into a single, interpretable score for each input token,
the maximum attention value across all heads was taken as
the definitive score for that token.

3.4.3 Word-Level Attention Aggregation

A significant challenge in comparing model and hu-
man data is the mismatch between the model’s ”tokens”
and human-readable ”words.” The model’s tokenizer of-
ten breaks single words from the OCR data into multiple
smaller sub-word tokens (e.g., ”opportunity” might become
["opportun", "ity"] ).
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Fig. 8: Example Model Combined Attention Heatmap

To resolve this, a geometric aggregation method was im-
plemented. For each original word and its corresponding
bounding box from the OCR data, the script identifies all
sub-word tokens whose calculated center point is physically
located inside that word’s box. The final attention score for
the word is then determined by taking the maximum atten-
tion score from all the sub-tokens it contains. This process
yields a clean, per-word attention map that is directly com-
parable to the human data. This word-level attention map,
along with the model’s predicted answer and the correct an-
swer, was saved to a JSON file for each trial.

3.4.4 Quantitative Comparison Methodology

To perform a quantitative comparison between human and
model attention, it was first necessary to establish ro-
bust human consensus heatmaps from the collective gaze
data, which would serve as ground truth. This was ac-
complished by aggregating attention data from all par-
ticipants for each unique document and categorizing the
results into three baselines based on response correct-
ness (human correct, human semi correct, and
human wrong).

Fig. 9: Example Consensus Attention Heatmap

Within each category, the number of unique users who
fixated on each specific OCR token was counted. A
CONSENSUS THRESHOLD was then applied: a bounding

box or word was included in the final consensus map if the
percentage of users who fixated on it met or exceeded this

threshold. This approach filters out individual-specific gaze
patterns, resulting in a stable representation of each group’s
collective attention.

With both the model’s per-word attention maps and the
multiple human consensus baselines established, a compre-
hensive quantitative comparison was performed using two
distinct methods.

1. Spearman’s Rank Correlation: To measure the
global similarity in how the model and humans priori-
tize information across an entire document, the Spear-
man correlation coefficient was calculated. This metric
was chosen for its robustness, as it evaluates the sim-
ilarity in the rank order of attended words rather than
their absolute attention values, making it unaffected by
scaling differences between model and human atten-
tion scores. The resulting coefficients were then ag-
gregated in two ways to reveal different patterns:

• By Model Performance: To understand how at-
tention alignment relates to the model’s success,
correlations were averaged based on the model’s
answer category (correct, semi correct, wrong).

• By Question Type: To identify if alignment
varies by task, the correlations were also inde-
pendently averaged by question category (EN-
TITY, NUMERIC, OTHER).

2. Top-5 Attention Overlap: To extend global correla-
tion and provide a more direct measure of agreement
on the most critical evidence, a graduated Top-N over-
lap analysis was conducted for N values of 3, 5, and
10. This method offers a detailed view of similar-
ity, testing for agreement on the most important word
(Top-3), the primary set of key evidence (Top-5), and
the broader contextual area (Top-10).

Furthermore, this analysis was performed as a full
matrix comparison. Each of the three model perfor-
mance categories was compared against each of the
three human consensus baselines. This comprehen-
sive approach enables a deep analysis of specific in-
teractions, making it possible to determine, for exam-
ple, whether a correctly performing model’s attention
is more aligned with a successful human’s strategy or
one associated with errors.

3.4.5 Causal Analysis via Occlusion Experiments

While the correlational metrics described previously can re-
veal an association between human and AI attention, they
cannot establish a cause-and-effect link. To investigate
whether the information prioritized by humans has a direct
impact on the model’s performance, a series of occlusion
experiments were designed.

The methodology involved comparing the model’s base-
line performance on the original documents against its per-
formance on precisely modified inputs where specific infor-
mation was either revealed or removed. The impact of these
manipulations was measured by the change in two key per-
formance metrics: Accuracy and Average Normalized Lev-
enshtein Similarity (ANLS).
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Two distinct experiments were conducted to test for suf-
ficiency and necessity.

Experiment 1: Testing for Sufficiency

This experiment was designed to answer the question:
Is the information attended to by humans sufficient for the
model to perform its task correctly?

To test this, a human-only version of each document was
generated. This input was created on a completely black
canvas of the same dimensions as the original document.
The script then selectively revealed only the regions corre-
sponding to the human consensus attention map. To main-
tain consistency between the visual and textual modalities,
the input data for the model was also filtered to contain only
the words and bounding boxes appearing in these visible re-
gions.

A critical detail was the explicit preservation of the
ground-truth answer’s location. The bounding boxes for the
answer were always revealed, even if they fell outside the
human consensus map. This step was essential to ensure the
task remained solvable.

This process created a new image where the model could
only ”see” what the human group collectively focused on,
plus the answer itself. This modified image was then passed
to the model for evaluation. Strong model performance un-
der these conditions would suggest that the information pri-
oritized by humans is indeed sufficient for task completion.

Fig. 10: Example Occlusion Image

Experiment 2: Testing for Necessity

Alternatively, this experiment aimed to answer the ques-
tion: Is the information attended to by humans necessary
for the model’s performance?

To test this, the original document input was modified
by occluding the regions identified by the human consen-
sus map. Both the image regions and their corresponding
text and bounding box information were removed from the
model’s input. As in the sufficiency experiment, maintain-
ing the ground-truth answer was essential. Any part of the
answer that overlapped with a human consensus region was
explicitly excluded from occlusion, thereby isolating the ef-
fect of removing surrounding information.

This context-denied image was then passed to the model.
A significant drop in the model’s Accuracy and ANLS
scores in this condition would provide strong evidence that
the model relies on the same information as humans and

that this information is therefore necessary for its reasoning
process.

Fig. 11: Example Opposite Occlusion Image

4 RESULTS

This section presents the detailed quantitative findings from
the project. It is organized into two main parts. First, it
analyzes the strategic alignment between human and model
attention patterns across the three experimental conditions.
Second, it evaluates the model’s task performance (Accu-
racy and ANLS) under these same conditions to measure
the causal impact of the experimental changes.

4.1 Analysis of Human-AI Attention Align-
ment

The first analysis focuses on the alignment between the
model’s attention and the human consensus baseline, with
detailed results summarized in Table 1 and Table 2.

TABLE 1: Average Spearman’s Rank Correlation (ρ) be-
tween Human and Model Attention. (n=number of sam-
ples)

Model Baseline Sufficiency Necessity
Perf. (Occluded) (Opposite)

Correct 0.1759 (n=55) 0.7144 (n=51) -0.1871 (n=31)
Semi-Corr. 0.2053 (n=8) 0.6456 (n=17) -0.2498 (n=14)
Wrong 0.0461 (n=8) 0.8303 (n=3) -0.3929 (n=26)

TABLE 2: Top-N Attention Overlap (%) between Model
(Correct) and Human (Correct) baselines. (n=number of
samples)

Overlap Baseline Sufficiency Necessity
Level (Occluded) (Opposite)

Top-3 18.75% (n=32) 35.48% (n=31) 15.79% (n=19)
Top-5 19.38% (n=32) 40.00% (n=31) 14.74% (n=19)
Top-10 23.75% (n=32) 52.58% (n=31) 13.68% (n=19)

4.1.1 Baseline Human-AI Alignment (Standard
Model)

First, the standard VT5 model was compared against the
human consensus baseline without any occlusions to estab-
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lish the default level of strategic alignment. The results of
this baseline comparison are summarized in the ’Baseline’
column of both tables.

• Correlation Analysis: As shown in Table 1, the base-
line correlation is positive but weak when the model
performs well (e.g., rho=0.1759 for CORRECT cases),
indicating a slight positive relationship in how the
model and humans rank the importance of words. This
correlation decreases to near-zero for cases where the
model was definitively WRONG.

• Attention Overlap: Table 2 reveals a similar pat-
tern of low alignment. When comparing a CORRECT
model against the Human Correct baseline, the overlap
is consistently below 25%. This crucial result demon-
strates that even when the model and humans both ar-
rive at the correct answer, they achieve this by focusing
on largely different sets of evidence, pointing to fun-
damentally distinct problem-solving strategies in the
unrestricted, baseline condition.

4.1.2 Impact of Causal Interventions on Attention
Alignment

Next, the two occlusion experiments were analyzed to de-
termine if human-attended information is sufficient and/or
necessary for the model, and how these interventions affect
attention alignment.

Sufficiency Experiment (Occluded Model)

This experiment tested whether the information humans
consider important is sufficient for the model by blacking
out all other information, while explicitly preserving the an-
swer region. The results, shown in the ’Sufficiency’ column
of the tables, show a significant shift in the model’s behav-
ior.

• Correlation Analysis: As detailed in Table 1, forc-
ing the model to use only human-attended informa-
tion caused the average correlation to increase dramat-
ically from the baseline of 0.1759 to 0.7144 for the
CORRECT model cases. This demonstrates that when
constrained to the ”human path,” the model’s internal
ranking of information becomes highly aligned with
human patterns.

• Attention Overlap: A similar increase is evident in
Table 2. The Top-5 overlap for CORRECT model
cases more than doubled, from 19.38% to 40.00%,
with the Top-10 overlap exceeding 50%. This confirms
that the model can effectively replicate a human-like
attention strategy when its information access is lim-
ited to what humans use.

Necessity Experiment (Opposite Occluded Model)

This experiment tested whether the model depends on
human-attended information by blacking out the Human
Correct consensus regions, while explicitly preserving the
answer area. The results are presented in the final column
of each table.

• Correlation Analysis: Removing the information that
humans use caused the attention correlation to be-
come negative across all categories (e.g., -0.1871 for

the CORRECT model cases). This indicates that the
model, when forced to find alternative evidence, fo-
cuses on information that humans actively ignored,
creating a significant and measurable strategic mis-
alignment.

• Attention Overlap: The Top-N overlap analysis fur-
ther quantifies the strategic misalignment caused by
occluding human-preferred evidence. As shown in Ta-
ble 2, the overlap between a CORRECT model and the
Human Correct baseline dropped across all levels, with
the Top-5 overlap falling to 14.74% from a baseline of
19.38%. This decrease confirms that removing the pri-
mary evidence used by humans forces the model into
a less human-like strategy.

The small, residual overlap that remains is explained
by the experimental design’s ”answer preservation”
rule, which ensures the ground-truth answer is never
occluded to keep the task solvable. Therefore, this
small overlap represents the shared, minimal focus on
the answer text itself, while the significant drop from
the baseline demonstrates that the model’s alignment
on relevant contextual cues is broken when the primary
human-attended evidence is removed.

4.2 Model Performance Analysis
The second part of the analysis evaluated the impact of
the occlusion experiments on the model’s performance.
The goal was to determine whether providing or remov-
ing human-attended information would cause a measurable
change in the model’s Accuracy and Average Normalized
Levenshtein Similarity (ANLS). The results can be seen in
Table 3.

TABLE 3: Model Performance (Accuracy and ANLS)
Across All Experimental Conditions.

Evaluation Condition Mean Accuracy Mean ANLS

Full Dataset Baseline 55.0% 0.661
Human Subset (All Qs) 75.1% 0.851

Human Subset (1st Q) 70.7% 0.841
Sufficiency (Human-view) 70.7% 0.878
Necessity (Opp. Human-view) 46.3% 0.605

4.2.1 Baseline Performance

First, to establish a clear point of reference, the model’s per-
formance was measured on three different subsets of the
data without any occlusion:

• On the full, large validation dataset, the model
achieved a Mean Accuracy of 55.0% and a Mean
ANLS of 0.661.

• When evaluated on the specific subset of documents
used in the human experiments (evaluating all ques-
tions), the baseline performance was significantly
higher, with a Mean Accuracy of 75.1% and a Mean
ANLS of 0.851. This significant performance im-
provement suggests that the subset of documents se-
lected for the human experiments were, on average,
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less complex or contained less ambiguity than the full
validation set, making them a high-quality sample for
analysis.

• To ensure a fair comparison for the subsequent exper-
iments, a final baseline was established by evaluating
only the first question for each unique document. This
more rigorous ”first-look” baseline resulted in a Mean
Accuracy of 70.7% and a Mean ANLS of 0.841. This
is the primary baseline used for comparison.

4.2.2 Performance on Occluded Inputs

The two causal experiments produced distinct and informa-
tive changes in the model’s performance when compared to
the first-look baseline.

Experiment 1: Sufficiency (Human-View Only)

Under the sufficiency condition, where the model’s input
was restricted to only human-attended regions (plus the an-
swer), the model’s performance was remarkably stable as
seen in Table 3:

• Mean Accuracy: 70.7%

• Mean ANLS: 0.878

This result is highly significant. The model’s accuracy re-
mained identical to the baseline, while the ANLS score saw
a notable increase of 0.037. This finding demonstrates that
the information humans attend to is not only sufficient for
the model to perform its task but may even help it generate
more precise and structurally correct answers, as indicated
by the improved ANLS. The model does not need access to
the rest of the document to maintain its top-line accuracy.

Experiment 2: Necessity (Hiding Human-View)

Conversely, the necessity experiment, which tested if the
model required human-attended context by occluding those
regions, caused a dramatic drop in performance:

• Mean Accuracy: 46.3%

• Mean ANLS: 0.605

The model’s accuracy dropped by 24.4 points from the
baseline, and the ANLS score decreased significantly by
0.236. This provides strong evidence that the contextual
information attended to by humans is indeed necessary for
the model’s reasoning process. Without these primary indi-
cators, the model’s ability to locate and formulate the cor-
rect answer was substantially reduced, confirming that the
model and humans rely on a similar set of contextual evi-
dence to solve the task.

5 CONCLUSIONS

This project aimed to investigate the gap between human
cognition and AI reasoning in the complex task of Docu-
ment Visual Question Answering (DocVQA). By using eye-
tracking technology to capture human attention patterns,
this thesis has made several key contributions to the field
of explainable AI. The analysis produced a clear and signif-
icant finding: a fundamental divergence exists between how

humans and the AI model approach the same task. The ini-
tial baseline comparison revealed that even when both the
model and a human arrive at the same correct answer, their
underlying methods are dissimilar. This is demonstrated by
a weak correlation in their attention patterns, with a Spear-
man’s rank correlation of just 0.1759 for correct cases, and
a low Top-5 attention overlap of 19.38%.

To investigate this relationship further, a series of causal
occlusion experiments were conducted to examine the con-
nection between human and model attention in greater
depth. The findings from these experiments provide two
critical insights. First, when the model was restricted to
only the regions attended by humans, its accuracy remained
stable at 70.7%, and its answer precision (ANLS) even
improved. This demonstrates that the information prior-
itized by humans is not only sufficient for the model to
solve the task, but may also enhance its precision. Second,
when these same human-attended regions were removed,
the model’s performance dropped significantly, with accu-
racy falling to 46.3%. This provides strong evidence that
access to human-prioritized information is also necessary
for the model’s reasoning process.

Together, these results demonstrate that both the model
and humans depend on a similar set of contextual ele-
ments to achieve high performance, even though their nat-
ural attention strategies may differ. However, these find-
ings also reveal an important challenge: the “explainability
gap.” While the model can reach human-level performance
when guided to focus on human-attended regions, its inter-
nal attention mechanisms do not naturally align with human
cognitive patterns. This misalignment means that explana-
tions generated solely from model attention can be mislead-
ing, failing to meet the transparency and trustworthiness
required for truly explainable AI systems. These findings
highlight the importance of using human cognitive data as a
ground truth for developing AI models that are not just ac-
curate, but also fundamentally aligned with how users rea-
son and interpret information.

These findings, in turn, open up several promising di-
rections for future research. While this project success-
fully conducted its analysis on the dataset collected from
human participants, a crucial next step would be to scale
these causal experiments to larger reference datasets to de-
termine whether the findings hold true in general. Further-
more, the rich dataset of human attention should be utilized
not just for comparative analysis, but also for active model
improvement. Future work could explore methods for in-
tegrating the collected human gaze data directly into the
training or fine-tuning process of a DocVQA model, build-
ing on existing research that aims to align AI with human
attention. A key assumption is that human-aligned explana-
tions are more trustworthy, which should be formally tested
through user studies that quantitatively measure user trust
and understanding. Finally, this analysis could be extended
to other model architectures to investigate whether the ex-
plainability gap is a general phenomenon across the field of
multimodal AI.

6 GITHUB

All the code and results can be seen on § GitHub

https://github.com/martaa-llen/Human-Eye-Tracking-for-Driving-Explainability-in-DocVQA.git
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APPENDIX

A.1 Results Human-AI Attention

TABLE 4: Full Overlap Matrix for the Baseline (No Occlusion) Experiment (%). Each cell shows the average attention
overlap between a model performance category (rows) and a human consensus baseline (columns). (n=number of samples)

Human Consensus Baseline Category

Overlap Level Model Performance Human Correct Human Semi-Correct Human Wrong

Top-3
Model Correct 18.75% (n=32) 4.17% (n=16) 14.29% (n=7)
Model Semi-Correct 16.67% (n=4) 0.00% (n=3) 33.33% (n=1)
Model Wrong 8.33% (n=4) 0.00% (n=2) 0.00% (n=2)

Top-5
Model Correct 19.38% (n=32) 13.75% (n=16) 8.57% (n=7)
Model Semi-Correct 10.00% (n=4) 6.67% (n=3) 20.00% (n=1)
Model Wrong 5.00% (n=4) 0.00% (n=2) 10.00% (n=2)

Top-10
Model Correct 23.75% (n=32) 26.25% (n=16) 18.57% (n=7)
Model Semi-Correct 22.50% (n=4) 23.33% (n=3) 20.00% (n=1)
Model Wrong 2.50% (n=4) 5.00% (n=2) 10.00% (n=2)

TABLE 5: Full Overlap Matrix for the Sufficiency (Occluded) Experiment (%) (n=number of samples).

Human Consensus Baseline Category

Overlap Level Model Performance Human Correct Human Semi-Correct Human Wrong

Top-3
Model Correct 35.48% (n=31) 7.14% (n=14) 11.11% (n=6)
Model Semi-Correct 42.86% (n=7) 0.00% (n=6) 16.67% (n=4)
Model Wrong 16.67% (n=2) 0.00% (n=1) N/A (n=0)

Top-5
Model Correct 40.00% (n=31) 21.43% (n=14) 16.67% (n=6)
Model Semi-Correct 51.43% (n=7) 10.00% (n=6) 25.00% (n=4)
Model Wrong 40.00% (n=2) 40.00% (n=1) N/A (n=0)

Top-10
Model Correct 52.58% (n=31) 33.57% (n=14) 25.00% (n=6)
Model Semi-Correct 48.57% (n=7) 36.67% (n=6) 25.00% (n=4)
Model Wrong 70.00% (n=2) 70.00% (n=1) N/A (n=0)

TABLE 6: Full Overlap Matrix for the Necessity (Opposite Occluded) Experiment (%).

Human Consensus Baseline Category

Overlap Level Model Performance Human Correct Human Semi-Correct Human Wrong

Top-3
Model Correct 15.79% (n=19) 4.17% (n=8) 16.67% (n=4)
Model Semi-Correct 4.76% (n=7) 5.56% (n=6) 0.00% (n=1)
Model Wrong 0.00% (n=14) 4.76% (n=7) 6.67% (n=5)

Top-5
Model Correct 14.74% (n=19) 7.50% (n=8) 15.00% (n=4)
Model Semi-Correct 11.43% (n=7) 10.00% (n=6) 20.00% (n=1)
Model Wrong 0.00% (n=14) 8.57% (n=7) 4.00% (n=5)

Top-10
Model Correct 13.68% (n=19) 10.00% (n=8) 15.00% (n=4)
Model Semi-Correct 15.71% (n=7) 30.00% (n=6) 10.00% (n=1)
Model Wrong 3.57% (n=14) 14.29% (n=7) 6.00% (n=5)


