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Abstract

This study investigates how integrating human eye-tracking
data into Large Language Models (LLMs) and Visual Large
Language Models (VLLMs) can enhance document compre-
hension in tasks that require both linguistic understanding
and visual attention, specifically Semantic Entity Recogni-
tion (SER) and Document Question Answering (DQA). De-
spite rapid advancements in Al-based document understand-
ing, LLMs still face challenges in replicating the depth of hu-
man cognition, particularly in how reading order and visual at-
tention affect comprehension. The results demonstrate that hu-
man reading order and the regions they focus on significantly
impact performance in both tasks. Additionally, while LLMs
do not need to fully mimic human reading sequences, their per-
formance improves when their attention patterns align more
closely with human visual strategies. This highlights the im-
portance of incorporating cognitive-inspired attention mecha-
nisms in Al systems, offering a path to better AI models that
reflect human cognitive strategies in complex document under-
standing.

Keywords: Large Language Models; Cognitive Processing;
Reading Order; Visual Attention

Introduction

The rapid advancement of document intelligence tech-
nologies has revolutionized how we access, process,
and comprehend information. Visually Rich Documents
(VRDs)—comprising tables, graphs, charts, and other visual
elements—are particularly pervasive due to their dense infor-
mational content. However, understanding these documents
requires more than just processing textual data. It necessitates
the integration of visual elements, layout structures, and cog-
nitive mechanisms that align with human perceptual and cog-
nitive processes (Treisman & Geladel [1980; Heaton & Hum-
mell, 2019; [H. Wang et al., 2023} [Penzkofer, Shi, & Bulling|
2024; Ding, Lee, & Hanl, 2024).

Human cognition plays a critical role in interpreting VRDs.
Intuitively, figure[T]illustrates how human readers employ ad-
vanced cognitive strategies, such as reading order (Rayner,
1998; Bammel & de Oliveira, 2023) and visual attention
(Dambacher, Kliegl, Hofmann, & Jacobs|, [2006; |Sood et al.|
2023)), to navigate complex document layouts. These mecha-
nisms, shaped by our long-term evolution, enable individuals
to efficiently prioritize relevant information and seamlessly
integrate textual, visual, and layout data during reading. In
contrast, despite the significant strides made by Large Lan-
guage Models (LLMs) like ChatGPT (OpenAl, |2023) and
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Figure 1: Visualization of human behavior in reading a VRD:
(a) reading order and (b) visual heatmap.

LLaMA (Touvron et al.| 2023; [Dubey et al., 2024), as well
as Visual Large Language Models (VLLMs) (Radford et al.
2021; \(GLM et al.l 2024; P. Wang et al., [2024)), in text com-
prehension, they still struggle to replicate the depth of human
cognitive abilities when processing VRDs.

This raises an important question: Should AI models
mimic human cognitive behavior to enhance their un-
derstanding of VRDs? Previous studies like LayoutReader
(Z. Wang, Xu, Cui, Shang, & Wei, 2021) and DocTrack
(H. Wang et al 2023) provide valuable insights into how
human reading sequences benefit document Al models, but
they capture only a small fraction of the broader cognitive
picture. While human reading is not simply about follow-
ing a linear order, it is driven by ingrained attentional mech-
anisms—evolutionary adaptations that allow rapid scanning
and visual focus on critical document areas (Vaswani et al.}
2017;|Guo et al., [2021)). These processes guide efficient doc-
ument comprehension by integrating textual, visual, and lay-
out information through a combination of visual and cogni-
tive cues.

To address this gap, we argue that current datasets fail
to accurately capture human cognitive processes involved in
VRD comprehension (Reichle, Rayner, & Pollatsek) 2003;
Holsanova, Rahm, & Holmgqvist, 2006; [Mathews, Xie, & He,
2016). Eye-tracking data, which offers valuable insights into
how humans integrate visual elements and layout informa-
tion, is crucial in this context. To bridge this gap, we intro-
duce a novel dataset, INFOGRAPH-146, collected via crowd-

3242
In D. Barner, N.R. Bramley, A. Ruggeri and C.M. Walker (Eds.), Proceedings of the 47th Annual Conference of the Cognitive Science
Society ©2025 the author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).


mailto:wang-hao@shu.edu.cn

sourcing, comprising detailed eye-tracking data from 36 par-
ticipants. This dataset captures a broader spectrum of cogni-
tive patterns involved in VRD comprehension, focusing not
only on reading order but also on regions of interest (ROIs)
where human gaze is concentrated. By generating attention
heatmaps (Fig. [Ip), we provide a comprehensive represen-
tation of human cognitive strategies, essential for enhancing
both human-centered and machine understanding of VRDs.
Building on this dataset, we propose a series of experiments
that integrate cognitive science insights with Al techniques,
exploring how machine models can better align with human
cognitive processes.

Contributions: Our findings make several important con-
tributions to the field of Al-driven VRD understanding:

* We show that the refined Zrule reading order, which is fa-
vored by LLMs and VLLMs, is more suitable for machine
models than the traditional human reading order.

* We propose a method for injecting human visual attention
into LLMs and VLLMs, enabling these models to more
accurately replicate human reading behavior.

* We demonstrate that aligning AI models with human
cognitive patterns—such as reading order and attentional
regions—can significantly enhance the performance of
LLMs and VLLMs on VRD comprehension tasks. This
highlights the potential of cognitive-inspired attention
mechanisms in improving Al comprehension of VRDs,
emphasizing the importance of harmonizing machine mod-
els with human cognitive processes for more effective doc-
ument understanding.

Related Works

Eye-Tracking

Eye-tracking has become a fundamental tool for under-
standing the cognitive processes involved in human read-
ing (Rayner, |1998). By capturing detailed real-time data on
eye position, movement, and pupil size, eye-tracking sys-
tems provide valuable insights into how individuals process
and navigate both textual and visual information. These sys-
tems identify areas of interest by tracking eye movements,
enabling researchers to analyze how attention is allocated
across different regions of a document. Eye-tracking tech-
nology has been applied across a wide range of disciplines.
In visual systems research, it helps investigate how the brain
processes visual stimuli (Barr, [ 2008)). In psychology and neu-
roscience, it is used to explore the neural mechanisms be-
hind attention and perception (Migliaccio, MacDougall, Mi-
nor, & Della Santinal 2005). In psycholinguistics and health-
care, eye-tracking has been employed to study reading behav-
iors and cognitive load (Park, Subramaniyam, Hong, Kim,
& Yu| 2017). It also plays a key role in user experience
and interaction studies, where it informs design and usabil-
ity improvements (Lukander, 2016). Eye-tracking has proven
valuable in professional performance and consumer research

(Hang, Yi, & Xianglan, [2018])), clinical research and edu-
cation (Colliot & Jamet, 2018)), and transportation (Noland,
Weiner, Gao, Cook, & Nelessen, 2017), providing data on
attention and behavior patterns. In addition to these applica-
tions, eye-tracking is increasingly used in sports performance
analysis (Obaidellah, Al Haek, & Chengl [2018)), product de-
sign (Sharafil [2015)), virtual reality (Clay, Konig, & Konig,
2019), and assistive technologies for the elderly and peo-
ple with special needs, helping to enhance user interaction
and overall experience. Eye-tracking also advances Al tasks
(Barrett, S., K., & T.,2016;|Y. Zhang et al.| 2024} Yan, Zhang,
& Zhang| 2024} Hollenstein & K. 2019; |Y. Zhang et al.,
2024). Through its diverse applications, eye-tracking con-
tinues to deepen our understanding of human cognition and
offers practical benefits across various fields.

Reading Order

Human reading order refers to the sequence in which people
scan text, typically left-to-right or top-to-bottom in languages
like English and Chinese, while languages like Japanese
and Arabic follow right-to-left or vertical conventions. Eye-
tracking studies show that readers naturally follow these pat-
terns (J. Henderson & Ferreiral (1993)), with their movements
influenced by factors such as text difficulty, reader expertise,
and content nature (Reichle et al.l 2003} Schilling, Rayner,
Chace, Swaab, & Liversedge, 2006; (Clifton et al., [2016).
However, VRDs feature complex layouts combining text, im-
ages, and other visual elements, prompting readers to adapt
their scanning strategies based on the document’s design
(Heard, Rakow, & Foulsham), 2017)). Typically, readers start
by surveying the layout, focusing on key elements like head-
ings or figures, before delving into more detailed sections.
This context-driven approach helps readers connect the tex-
tual and visual components effectively.

Visual Attention

Attention, a key concept in psychology, neuroscience, and
Al, governs how cognitive resources are allocated to process
relevant information. Classic models, such as the limited re-
source theory and bottleneck model (Broadbent, |1958)), em-
phasize attention’s role in prioritizing content to prevent over-
load. In reading, attention shifts based on content and con-
text (J. M. Henderson, 2003), with multitasking negatively
impacting performance (Pashler, [1994). Recent AI models
for VRD understanding leverage eye-tracking data and vi-
sual search theory to mimic human attention, focusing on key
regions like headings and figures (Rayner, [1998). By inte-
grating cognitive models like ACT-R (Anderson| |2005) and
EMMA (Salvucci, 2001), Al systems can better prioritize rel-
evant content and simulate human attention shifts in complex
document layouts.

Human Data Collection
Participants

We recruited 36 participants (27 males, 9 females, average
age 22), all undergraduate or graduate students majoring in
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Figure 2: Integration pipeline of reading order and visual heatmap into LLMs/VLLMs: While we demonstrate the incorporation
of the visual heatmap into VLLMs, it is possible to integrate it into LLMs by combining these weights with bounding boxes for

input.

computer science or artificial intelligence. They were ESL
learners with fluency levels equivalent to an IELTS score of
6.0, TOEFL score of 80, or CET-6. Participants underwent
training and signed the research ethics statement. Their re-
sponses were checked for accuracy, with incorrect answers
discarded and reconducted when needed to ensure full cor-
rectness. Participants were grouped into sets of three, with
each group testing 50 documents. This grouping and collec-
tion method ensured diverse reading strategies, providing a
rich dataset for analysis. Finally, each document had at least
three human annotations.

Eye-tracking Setup and Documents

To collect eye-tracking data, we used a Tobii Pro TX300 eye
tracker and Tobii Studio software. Participants read 150 doc-
uments selected from the INFOGRAPHICVQA (Mathew et
al.l 2021) dataset on a 24-inch 1080P HP monitor. These
documents covered a variety of formats, from simple forms
to complex, visually-rich layouts with both text and graphics.
After reviewing the documents by experts, some were dis-
carded due to the low quality of annotations, resulting in the
final set of 146 documents, namely INFOGRAPH-146. This
diverse selection allowed for a thorough analysis of how par-
ticipants integrate textual and visual information during doc-
ument comprehension.

Experiment Procedure

Eye movements, including gaze points, fixation duration, fre-
quency, saccade distance, and pupil size, were recorded dur-
ing the reading process. Data anomalies were corrected, ad-
dressing missing or abnormal points. Assessing the quality
and representativeness of the data by considering factors such
as consistency, correlation, and task performance, we ended
up manually selecting the best annotation to use as human

reference data from three human annotations.

Experimental Setup
LLMs and VLLMs

We evaluated several LLMs, including LLaMA3-8B,
GPT3.5, and GPT4.0, alongside VLLMs such as GLM-4V-
9B and Qwen2-VL-7B.

Task Definition
We evaluted two main subtasks of VRD understanding:

* SER Task: This task focuses on identifying and classify-
ing OCR segments within documents into four categories
such as header, question, answer, and other.

* DQA Task: The goal of this task is to generate accurate
answers to user’s question based on the content of VRDs.

For evaluation, we measure precision, recall and F1 scores for
the SER task and F1 and ANLS (Average Normalized Leven-
shtein Similarity) for the DQA task.

Datasets

We examine the impact of reading order as well as visual
attention using the INFOGRAPH-146 dataset on the DQA
task. To ensure comparability with other works, we also com-
pare the performance of the methods on public SER datasets:
FUNSD (Jaume, Ekenel, & Thiran, [2019), SEAB (J. Zhang,
Wang, & Luol 2022)), and SORIE (Huang et al.| [2021).

SER Prompt

The model is prompted to classify segments output by the
previous OCR(Girshick| 2015} [Smith}, [2007) engine based
on both its content and spatial coordinates, without requir-
ing additional annotations. To ensure the models under-
stand the task, we provided basic instructions explaining that
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the goal is to label each text segment with an entity cat-
egory. Additionally, we included a simple, unrelated ex-
ample to clarify and control the input-output format. For
example, in a question-answer pair “Port Of Loading:”
and “San Francisco, California”, the former is classi-
fied as a question, and the latter is labeled as answer.
This allows for consistent output, as illustrated in the fol-
lowing format: {“Port Of Loading:”: “question”, “San
Francisco, California™ “answer” }, which helps the
model understand the required format for both input and out-
put, ensuring consistency across classifications.

DQA Prompt

For the Document Question Answering (DQA) task, the
model receives a user query and generates a response based
on a structured prompt. This ensures that the model’s answer
is relevant to the query. For example, if asked, “What is the
official language of Spain?”, the system would gen-
erate: {“answer”: “Spanish”}. If no relevant information
is found, the response will be: {“answer”: “Not found”}.
This approach effectively integrates document content with
user queries, improving the accuracy of the answers and the
model’s performance on tasks involving the comprehension
of VRDs. Note that the example used as a format never ap-
peared in the test dataset.

Reading Order Integration
Pipeline

To better align with human reading behaivor, we employ
a pre-reordering technique (H. Wang et al., [2023)) in the
preprocessing stage of VRD analysis. The core idea of
pre-reordering is to rearrange the document’s content in a
way that approximates the natural reading order of humans,
which is inspired by the field of statistical machine translation
(Neubig, Dyer, Yoshino, & Matsumoto, 2012; Nakagawal
20135)), where pre-reordering is used as a preprocessing step
to reorder the input text and improve translation quality by
optimizing sentence structures. In the context of our study,
prereordering is not simply a technical procedure; it serves a
more profound purpose: it allows us to mimic the rough tra-
jectory of human reading documents and align this process
with multi-modal input features including text, bounding box
(BBox), and visual information. The middle part of Figure 2]
illustrates the details of processing pipeline for reading order
integration. After prereordering the OCR outputs, we input
text and bounding box information formatted in a JSON file
into LLMs. This helps us to understand how different reading
sequences affect the effectiveness of document comprehen-
sion tasks.

Order Generation

1) XYcut: |[Gu et al|(2022) uses the XYCut algorithm to
segment the document based on horizontal and vertical pro-
jection profiles, then locally determines the reading order of
document elements. This approach improves the model’s

Algorithm 1: Z-Rule Pre-reordering
Input: b: A list of OCR bounding boxes.
Output: Resorted list according to bounding box.
1 Function generate_z_rule_order (b):

2 Sort b by yy, then by x;

3 for i + 0 to len(b) — 1 do

4 for j < ito0do

5 if abs(b[j+ 1].yq — b[j].yu) < thresholds
and b[j+ 1].xy < b[j].x, then

6 | Swap b[;] and b[j +1];

7 else

8 L break;

9 | return b;

ability to understand complex document layouts, enhancing
performance in VRD understanding tasks like entity recogni-
tion and relation extraction.

2) human-order: As mentioned earlier, this method di-
rectly utilizes the natural sequence of human reading captured
through eye-tracking. The document input sequence for the
LLM is rearranged through upsampling based on the human
eye movement reading order, fully reflecting the natural order
of human reading. This reveals how human readers prioritize
different sections of a document. The effect of using human
order in the VRD understanding task directly reflects the ef-
fectiveness of human reading order in large models.

3) agent-order: Using a LayoutLMv3-based agent to
learn human reading order (H. Wang et al.,|2023), this method
generates human-like reading sequences based on multi-
modal document features. By training with a large amount of
real human reading paths as reference data, the model learns
to prioritize elements typically focused on by humans, such
as titles and keywords, to adjust the order. It uses a contrastive
loss function to distinguish between correct and incorrect se-
quences. Generally, the generated order closely resembles the
human-provided order.

4) Zrule-order: Given the input consists of a list of
bounding boxes, each defined by the top-left coordinates
(xu,ya) and the bottom-right coordinates (xpy, ypr ), we design
algorithm proceeds as shown in Algorithm [I] Zrule-order
ensures the bounding boxes are ordered first by their verti-
cal position and then by their horizontal position within each
row. This addresses the issue of inconsistent reading order
caused by OCR errors. The algorithm adjusts the order if two
bounding boxes are close enough in vertical distance (within
a specified threshold) and the horizontal position of the subse-
quent box is smaller, maintaining a correct left-to-right, top-
to-bottom reading flow. To our surprise, we found this simple
human-like order is more suitable for LLMs and often out-
performs other orders.
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SER DQA

Model Order FuNsD SEAB SORIE INFOGRAPH-146
P R F1 P R F1 P R F1 F1 ANLS
default 53.00 29.44 37.85 | 3643 77.86 49.64 | 51.39 6344 56.79 | 18.51 18.51
,593’ XYcut 7642 4285 5491 | 37.83 7891 51.14 | 52.21 72.10 60.57 | 20.16 31.16
\ag Human-order | 74.63 36.02 48.59 | 39.09 87.10 53.96 - - - 19.49 26.07
\}»‘” Agent-order | 79.72 44.53 57.14 | 40.30 83.30 54.32 | 50.21 77.59 60.96 | 20.78 26.78
Zrule-order | 81.61 59.43 68.77 | 37.57 79.89 51.46 | 5098 77.07 61.36 | 22.65 31.67
default 69.93 41.83 5234 | 31.21 58.04 40.59 | 67.88 56.02 61.38 | 22.01 26.45
5 XYcut 7043 5328 60.67 | 3145 61.10 41.52 | 66.27 68.07 67.16 | 27.35 30.76
Q‘ﬂﬁ" Human-order | 78.28 5344 63.52 | 31.04 56.17 3998 - - - 25.49 31.51
© Agent-order | 76.58 62.33 68.72 | 31.28 59.56 41.02 | 71.91 76.52 74.15 | 24.68 31.57
Zrule-order | 78.88 66.59 72.21 | 31.82 58.81 41.53 | 76.19 72.72 74.52 | 28.43 33.33
default 8345 61.67 7093 | 3945 4538 4276 | 57.00 87.04 68.89 | 31.08 38.76
Q XYcut 8429 65.02 7341 | 50.88 63.20 56.38 | 60.67 84.37 70.58 | 35.01 41.76
égﬁb" Human-order | 85.86 63.63 73.09 | 47.49 59.96 53.00 - - - 36.22 43.55
Agent-order | 87.74 74.06 80.64 | 46.50 59.06 52.03 | 7445 85.62 79.65 | 35.71 44.19
Zrule-order | 87.11 75.31 80.78 | 5047 67.62 57.81 | 79.16 83.12 81.09 | 37.49 44.53

Table 1: Impact of reading order integration on SER and DQA tasks across different LLMs. Bold indicates the best result in
each group, while underlined indicates the second-best result. Zrule-order achieved the best results in 11 out of 12 groups.

Results and Analysis

Table 1| presents the impact of various reading order inte-
gration methods—namely, default, XYcut, Human-order,
Zzrule-order, and Agent-order—on the SER and DQA
tasks across three different LLMs: LLaMA3-8B, GPT3.5,
and GPT4.0. The key results highlight the significant im-
provements that certain reading order methods bring, espe-
cially in the context of entity recognition and question an-
swering. The integration of specific reading order methods
significantly improves performance in both SER and DQA
tasks. While Zrule-order generally yields the best results
across models, Agent-order offers strong performance with
notable second-best results, particularly in tasks with mul-
timodal content. This suggests that learning-based meth-
ods like Agent-order provide a more flexible and dynamic
approach to generating reading orders, especially when the
document layout and content vary in complexity. There are
some key findings. Zrule-order consistently outperforms
all other methods across all models, particularly excelling in
F1 scores for the SER tasks. This suggests that this rule-
based reading order method better mimic human reading
patterns, leading to superior entity recognition performance
across varying datasets. Agent-order performs well, par-
ticularly in tasks with multimodal content, like SEAB and
INFOGRAPH-146. It consistently achieves second-best re-
sults, especially for tasks where understanding the context
or spatial layout of the document is crucial. Human-order
performs well for LLaMA3-8B and GPT3.5, suggesting that
human-like reading order can provide substantial improve-
ments in recognizing entities. However, this method does not
scale as well with larger models (GPT4.0), where rule-based
methods like Zrule-order are more effective. XYcut per-
forms better than the default order but generally lags behind
Agent-order and Zrule-order. This method is effective

but may not capture the full complexity of multimodal and
spatial relationships as well as the other approaches.

Attention Recalibration
Pipeline

1) Heatmap Injection: The eye-tracking device records
fixation points and gaze duration, which are aggregated into a
heatmap, where the intensity of each pixel reflects the fixation
frequency or duration. For VLLMs, the heatmap is directly
input into the visual encoder. For LLMs, we convert it into
a heat matrix, aligning it with bounding box coordinates and
extending OCR bounding box entries with heat values in the
JSON file (see Figure [2] right). The heat matrix is normal-
ized to the [0,1] range for consistency across documents. A
prompt is added to help both LLMs and VLLMs interpret the
data, highlighting regions with the most attention, thus en-
hancing the integration of visual and textual information.

2) Dataset Splitting Using Saliency Scores: In DQA task,
human readers typically allocate more attention to regions
where the answer is likely to appear. The more prominent a
region (indicated by red areas in the heatmap), the more cog-
nitive effort humans invest in searching for the answer. To
examine the impact of ROI on the DQA task, we computed
the average saliency scores at three different grid granulari-
ties: 3 x 3,5 x5, and 7 x 7 regions. For each region, we first
calculated the color difference between the heatmap and the
original image in the HSV color space. Based on this color
difference, we assigned a saliency score to each region, where
green, yellow, and red regions correspond to progressively
higher saliency scores (green: 40-60, yellow: 60-80, red: 80-
100). Regions with a score less than 40 were considered less
attention loads. Using the overall average saliency score for
each document, we then divide the INFOGRAPH-146 dataset
into three subsets: low, medium, and high, respectively.

3246



GLM-4V-9B Qwen2-VL-7B
100 100
Low Low
951 Medium 95 1 Medium
s High s High

90 1 90 +

85 1

[ |
80 1 I
75 1 I

85 +

ARLA
ARLA

70 1

|
i
[ | 80
i <. .
| o
65 1 I 65 1 I
60 —J——rl——v-l— 60 —J—_J—l
Figure 3: Answer Region Localization Accuracy (ARLA) of

different sliancy sub-datasets (Low, Medium and High) with
different grid granularities.

Model Dataset | Saliency | ARLA F1  ANLS
Low 73.06 | 79.33 | 41.48  59.66

GLOEAY | Medium | 8461 | 8120 | 4189 60.50
High 9129 | 85.62 | 43.01 6232

Low 73.06 | 83.94 | 39.77 62.82

Qwe;‘é'VL Medium | 84.61 | 86.82 | 40.16 63.05
High 9129 | 89.90 | 4259 63.94

Table 2: Comparison of VLLMs’ performance across datasets
with saliency and ARLA scores.

Results and Analysis

Whether the visual attention of LLMs is consistent with
that of humans? We further evaluated the performance
of the VLLMs on each subset using a specific experimen-
tal design: a carefully crafted prompt allowed the VLLMs
to identify the region most likely to contain the answer, re-
sulting in Answer Region Localization Accuracy (ARLA),
based on the predicted region. As shown in Figure |3] both
GLM-4V-9B and Qwen2-VL-7B exhibited best performance
in higher saliency regions (High). Performance improved as
the saliency of the regions increased, with the best results ob-
served in the 7x7 grid (higher granularity). Overall, Qwen2-
VL-7B performed better across all conditions, higher saliency
regions enhance model performance in DQA tasks, and ROI
segmentation based on saliency could further improve perfor-
mance.

Whether human visual attention has a positive impact on
the VQA task for VLLMs? Table[2]shows that both GLM-
4V-9B and Qwen2-VL-7B models perform better as the focus
shifts to higher saliency regions, with the highest scores in the
High saliency subset. As saliency increases, both ARLA (An-
swer Region Localization Accuracy) and performance met-
rics (F1, ANLS) improve, indicating that the models are more
accurate in locating answers in regions with higher human at-
tention. Qwen2-VL-7B outperforms GLM-4V-9B in ARLA,
F1, and ANLS in the Medium and High subsets, suggesting
it better localizes answers. Overall, the results confirm that
leveraging human attention patterns through ROI segmenta-
tion significantly enhances model performance in DQA tasks.

Modalities Order
BBOX+TEXT | IMAGE | +Zrule HeatMap F1 ANLS
v 1851 1851
LLaMA3 v v 20.641  23.911
8B v v 22.65  31.67
v v v 22781  32.451
v 2201 2645
v v 23171 28.891
GPT3.5 v v 2843 3333
v v v 2719 33.821
v 31.08 3876
v v 32.671  40.031
GPT4.0 v v 3749 44.53
J v J 37.661 45.211
\ v [ 4218 61.70
v v 43321 64.427
GLM-4V v v 4352 61.30
9B v v v 4451 65.41
v v v 4310  65.04
v J 7 i 47251 66.30 1
\ v [ 41.06 6374
v v 43531 65.381
Qwen2-VL v v 4095  62.81
7B v v v 4223 6591
v v v 4250  66.29
v v v v 44731 67.391

Table 3: Exploring the impact of synergizing reading order
and attention recalibration on DQA Tasks.

How Human Cognition Enhances LLMs

Table [3] presents the results of different LLMs and VLLMs
in the DQA tasks with varying modalities and configurations,
focusing on the synergy of reading order and attention recal-
ibration using different strategies. The introduction of atten-
tion recalibration and the Zrule-order generally improves
the performance of most models in the DQA tasks, with the
best results typically seen when both methods are applied
together. Among the models, Qwen2-VL-7B and GPT4.0
show the most consistent and significant gains. Specifically,
Qwen2-VL-7B achieves the highest scores in F1 and ANLS
(F1 =44.73, ANLS = 67.39), while GPT4.0 also shows no-
table improvements, particularly when all techniques are ap-
plied. While LLaMA3-8B and GPT3.5 show improvements
with recalibration and Zrule, the gains are less pronounced.
These results suggest that models like Qwen2-VL-7B and
GPT4.0 are particularly well-suited for leveraging attention
recalibration and order adjustments, enhancing their perfor-
mance in visual question answering tasks.

Conclusion

While fully replicating human comprehension of VRDs re-
mains a challenge, our findings suggest that human cogni-
tive processes, particularly reading order and attention, can
positively influence the performance of LLMs/VLLMs. This
highlights the potential benefits of integrating human-like at-
tention patterns into Al systems. These insights offer valuable
guidance for developing more effective future Al models.
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