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Abstract

Quantifying and understanding human-AlI alignment in high-
risk tasks such as traffic accident prediction is crucial for de-
ployment of Al systems. Existing alignment studies, however,
focus mostly on the static domain and neglect the importance
of attentional processing. Here, we present Attention-DADA,
a dataset of accident and non-accident traffic situations that
contains detailed human prediction and frame-level eye gaze
annotations. Using this benchmark, we evaluate open- and
closed-source, state-of-the-art large vision-language-models
(VLMs) in terms of their alignment in accident prediction
performance and attentional processing in both zero-shot and
attention-guided settings. Our results show that human pre-
diction performance and consistency improve as the event
time approaches. Similarly, human attentional patterns show
dynamic updating throughout event progression. Conversely,
while attention guidance improves VLM prediction perfor-
mance, both performance and attentional alignment stay sig-
nificantly below human levels as the event approaches, with
the performance gap becoming significant 3.5 seconds (s)
prior to the event. These results provide the first quantitative
evidence of misalignment both in terms of performance and
attentional processing during analysis of time-critical, dy-
namic events, highlighting the need for future improvements
in this area.

Code — https://github.com/hoesungryu/Mind-the-Gap

Introduction

Traffic accidents often unfold in mere moments. Human
drivers swiftly identify crucial visual cues from a vast ar-
ray of information for decision-making (Wickens 2002). The
advancement of autonomous driving systems (Yuan et al.
2024) promises to enhance road safety, yet what is required
from these Al systems is not merely predicting accidents
with high accuracy, but also providing a trustworthy and
transparent processing aligned to human standards (Kuzni-
etsov et al. 2024). However, the complex, black-box nature
of modern Al (Amodei et al. 2016) means that we cannot be
certain that an AI’s decision is based on the same evidence
as an expert human’s. This uncertainty critically impedes the
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social acceptance and deployment of Al technology (Baheri
2022).

To bridge this trust gap, recent research has ex-
plored the alignment between human processing and Al
decision-making. This includes visual attentional align-
ment—assessing how closely a model’s attention cor-
responds with human attention (e.g., measured via eye
gaze)—to determine if Al systems rely on similar visual
cues to humans (Liang et al. 2024; Xu et al. 2024). Progress
has been made in areas such as visual grounding (Kang et al.
2025), attention-based alignment (Zhou et al. 2025), and
vision-language model (VLM) alignment (Jose et al. 2025;
Li and Li 2025). Recent studies also demonstrate that cogni-
tive processing time plays a crucial role in performance gaps
between humans and Al systems (Ollikka et al. 2024). Ef-
forts to apply these alignment principles to traffic safety have
also emerged (Piergiovanni et al. 2024; Jiang et al. 2023).

Importantly, however, most existing methods focus solely
on static environments, neglecting the continuous nature of
emergency or accident situations. Similarly, existing frame-
works typically do not account for the temporal dynamics of
human attention, which narrows to focus on critical visual
information during emergencies (Wickens 2002). The tem-
poral alignment between state-of-the-art VLMs (Jin et al.
2024) and this adaptive human attention process remains
under-explored. This gap underscores the need for a system-
atic framework capable of evaluating how visual alignment
between humans and Al evolves in decision-making in time-
critical situations.

This paper introduces a framework (Figure 1) for eval-
uating the dynamics of visual alignment between humans
and Al in potential traffic accident scenarios. Using a com-
bined human-Al study, we examine how accident prediction
performance and attended regions evolve over time, bench-
marking human drivers against state-of-the-art VLMs, in-
cluding both open-source and commercial API-based sys-
tems. We also explore how attention guidance for models
influences these temporal patterns, providing novel insights
into human-AlI alignment. Our main contributions are:

* We present Attention-DADA, a novel, human-annotated
(eye-gaze, behavioral data) dataset for temporal analysis
of decision-making in critical traffic situations.

* We benchmark accident prediction performance and
attentional alignment of state-of-the-art zero-shot and



attention-guided VLMs against human data.

* We identify a critical window (3.5s before events) where
human attention dynamically reallocates while VLMs
fail to adapt—even with attention guidance—revealing
fundamental temporal reasoning limitations.

Related Works
Human-AI Visual Alignment

Human-AI visual attention alignment research investigates
the extent to which computational models’ visual percep-
tion aligns with human perception. Early studies focused on
visual saliency models that predicted where human gaze fix-
ates (Itti, Koch, and Niebur 2002), subsequently evolving
toward comparing deep neural networks’ attention mecha-
nisms with human eye gaze (Guo et al. 2022). With recent
advances in vision-language models (VLMs), such visual
alignment has become crucial for ensuring semantic consis-
tency between text and images (Zeng, Zhang, and Li 2021).

These alignment efforts provide insights into models’ rea-
soning capabilities by evaluating whether Al models at-
tend to semantically relevant information in human-like
ways (Muttenthaler et al. 2024; Ryu, Ju, and Wallraven
2025). To enable more sophisticated measurement, align-
ment evaluation datasets have been developed that cap-
ture diverse cultural perspectives and individualized feed-
back (Kirk et al. 2024) as well as various scenarios (Lee
et al. 2023).

Alignment in Complex and Time-Critical
Environments

Recent research has revealed that alignment reliability is
not static, but varies considerably according to temporal and
contextual factors (Zhang, Tseng, and Kreiman 2020). Foun-
dational work has established that human cognitive perfor-
mance and decision-making patterns significantly deterio-
rate in time-critical contexts (Corvelo Benz and Rodriguez
2023). In environments with high time pressure and cogni-
tive burden, alignment patterns may become unstable or con-
strained by sociotechnical barriers (Mastrianni et al. 2025).

Importantly, these studies primarily focus on optimizing
system task performance or enhancing user convenience,
rather than directly exploring how human-Al alignment
changes as situations unfold. Only recently has criticism
emerged that evaluating alignment with fixed measures is
insufficient, given that human attention patterns vary ac-
cording to task context (Kadner et al. 2023). Research has
demonstrated that alignment patterns maintained under con-
trolled conditions can collapse when environmental factors
introduce additional complexity or urgency (Vaccaro, Al-
maatouq, and Malone 2024). Building on this foundation,
our research benchmarks how human-Al visual alignment
changes dynamically as the critical point of a final accident
occurrence approaches.

Traffic Accident Prediction with VLMs

The task of traffic accident prediction has evolved signifi-
cantly with deep learning advancements. Early approaches
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relied on statistical methods or classical computer vision
techniques combined with sequential models, while re-
cent developments have been dominated by Transformer-
based models that demonstrate exceptional capabilities in
capturing long-range spatiotemporal dependencies in com-
plex traffic scenarios (Jiang et al. 2023). Concurrently, ad-
vancements in vectorized high-definition map representa-
tions have provided models with richer environmental con-
text, further enhancing predictive power (Yuan et al. 2024).

A more recent paradigm shift has been the integration
of language, leading to the rise of Vision-Language Mod-
els (VLMs) in the traffic domain. Unlike traditional vision-
only models that output predefined class labels or regression
values, VLMs can process and generate natural language,
enabling more nuanced and interpretable analysis of traffic
events (Sima et al. 2023; Pan et al. 2024). This opens new
possibilities for zero-shot reasoning and detailed situational
questioning, providing enhanced flexibility in traffic predic-
tion tasks (Piergiovanni et al. 2024; Jin et al. 2024).

Despite these significant advancements, the primary focus
of existing research remains on improving predictive accu-
racy (Fang et al. 2024). Model evaluation is predominantly
outcome-oriented, assessing what they predict rather than
how they arrive at that prediction. Crucially, there is a sig-
nificant lack of research investigating whether the internal
decision-making process of these models aligns with that of
human experts, especially concerning visual attention over
time. Our work adds this perspective to the outcome-based
evaluation, providing a detailed benchmark for quantifying
the temporal evolution of visual alignment between humans
and VLMs in traffic scenarios.

Methods
Attention-DADA Benchmark Dataset

Video data. In this study, we constructed the Attention-
DADA dataset to enable comprehensive benchmarking of
predictive decision-making processes between humans and
computational models in accident anticipation scenarios. We
first selected 100 base videos (50 accident, 50 non-accident)
from the popular DADA-2000 dataset (Fang et al. 2019).
This paired accident/non-accident design is enabling a con-
trolled, discriminative analysis to isolate attentional patterns
unique to critical events versus normal driving conditions.
For accident videos, we used the annotated physical colli-
sion time as 1’5 ; for non-accident videos (safe controls), we
designated the video’s endpoint as Tr. We excluded the fi-
nal 0.5-second (s) interval ([T — 0.5s, Tg]) from all videos
to eliminate trivial visual cues of imminent impact. To an-
alyze how and when anticipation evolves, we implemented
a fine-grained temporal segmentation. We extracted the pre-
ceding 6-second period ([Tg — 6.5s, T — 0.5s]) and parti-
tioned it into five sequential 2-second clips (T35, T4, T3, T2,
T1) overlapping a 1-second sliding window. TS denotes the
earliest segment ([Tg — 6.5s, Tp — 4.5s]) and T1 the latest
([Tr—2.5s,Tr —0.5s]), with each treated as an independent
judgment unit (Gu et al. 2018).

Human annotation. We next recruited a total of 30 par-
ticipants (18 male; mean age = 29.8 years, SD = 3.8) for
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Figure 1: Framework for evaluating performance and visual attention alignment between humans and VLMs on identical driving
scenarios. Performance is measured by F1 score, while alignment is quantified by comparing human eye-tracked AOI rankings
against VLM XAl—derived rankings. In the illustrated failure case, humans succeed (F1=1.0) while VLMs fail (F1=0.0). This
performance gap is reflected in a severe attentional misalignment (Kendall’s 7 = —0.4)

human annotation. All participants held a valid driver’s li-
cense with at least one year of driving experience, had nor-
mal or corrected-to-normal vision, and provided informed
consent before the experiment. The study was conducted in
accordance with the Declaration of Helsinki and approved
by the Institutional Review Board of Korea University (IRB
KUIRB-2021-0226-02).

Participants completed the experiment in a quiet,
distraction-free room. They were seated ~ 70 cm from a
display screen, subtending a visual angle of ~ 43°. The
experiment, controlled and presented using PsychoPy soft-
ware (Peirce et al. 2019), consisted of 500 trials, divided into
three blocks, and presented in randomized order.

Participants first read a standardized instruction sheet that
explained the goal—predicting whether a traffic accident
would occur within the next few seconds. After a brief prac-
tice block with feedback, they completed the main trials in-
dependently. Each trial began with a central fixation cross
displayed for 50 milliseconds (ms), followed by a video
segment presented in randomized order to minimize corre-
lation and memory effects. Upon completion, participants
viewed a centered response screen (550ms) and made a bi-
nary judgment by pressing the left (non-accident) or right
arrow key (accident). This design maintained central fixa-
tion for 600ms, ensuring gaze stabilization and central bias
control (Tatler 2007).

Stimuli were presented on a 52.1 cm x 29.3 cm Full HD
monitor integrated with a Tobii TX300 eye tracker. While
participants viewed each video, the eye tracker simultane-
ously recorded gaze data at a sampling rate of 120 Hz. Cal-
ibration was performed before each experimental block to
ensure high-precision gaze tracking.

Vision-Language Models

Our study employed a diverse suite of VLMs to ensure
a comprehensive evaluation, encompassing larger-scale,
closed-source and interpretable, open-source models (see
supplemental material). We applied both prompt-based and
visual-based attention guidance techniques to each model to
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evaluate their effectiveness in improving human-Al atten-
tion alignment.

Open-source Models. To obtain fine-grained access to in-
ternal representations and enable detailed analysis of at-
tention mechanisms, we include three representative high-
performing open-source VLMs. InternVL-3 (Zhu et al.
2025) demonstrates exceptional performance in fine-grained
object recognition and multi-object relational reasoning,
making it particularly suitable for complex traffic scenar-
ios. Qwen-2.5-VL (Bai et al. 2023) is explicitly designed
with interpretability in mind, providing access to token-level
attention weights and cross-modal fusion maps that are es-
sential for our alignment analysis. VideoLLaMA3 (Zhang
et al. 2025) maintains coherent context during conversa-
tional interactions, potentially enabling robust temporal per-
formance.

Visual Attention Extraction. We extracted VLM visual
attention using Input x Gradient (Ancona et al. 2017) to
generate pixel-level importance scores quantifying cross-
modal (text-video) interactions. Since gradient-based meth-
ods yield sparse, localized heatmaps (Adebayo et al. 2018),
direct pixel-wise comparison with continuous human gaze
distributions is unreliable. Therefore, we aggregated both
VLM attributions and human gaze maps at the AOI level.
This approach enables robust comparison of regional pri-
orities, focusing our analysis on semantic attention alloca-
tion—which is more interpretable and relevant for human-
Al alignment in safety-critical scenarios (see below).

Closed-source Models. To establish a state-of-the-art per-
formance benchmark while maintaining practical deploy-
ment viability, we utilized Gemini-2.5-Flash (Google 2025)
and GPT-04-mini (OpenAl 2025). These models were cho-
sen for their advanced multimodal reasoning capabilities
combined with low-latency processing suitable for time-
critical tasks.



Model Enhancement Strategies

Prompt-based Attention Guidance. For both open- and
closed-source models, we employed additional attention-
directing prompts (e.g., “Pay special attention to the vehi-
cle”) to guide model focus toward safety-critical regions.
This approach demonstrated improvements in alignment
scores in previous studies in other contexts without requir-
ing architectural modifications (Yu, Yu, and Wang 2024; Gu
et al. 2023).

Visual-based Attention Guidance To quantify the utility
of human gaze for accident anticipation, we implemented
a visual-based human attention guidance mechanism. This
method assesses whether VLM performance improves when
provided with explicit guidance on where humans allocate
attention. We achieved this by enhancing the visual inputs
with aggregated human gaze maps, applying multiplicative
pixel enhancement based on human gaze data (Woo et al.
2018). This technique selectively amplifies visual features
at human-attended regions while preserving the original spa-
tial structure, enabling a controlled comparison between the
baseline VLM and this human-guided model.

Human-AI Alignment Analysis Framework

We investigated human-Al alignment by administering an
identical accident-anticipation task to humans and VLMs,
then quantifying performance as well as the focal points
each agent prioritized during prediction. To make sure that
the model’s contextual priors were comparable to the task
given to humans, we established a concise role specifica-
tion for VLMs that replicated the human instructions, in-
cluding the task description and a JSON output template.
Additionally, given the prompt sensitivity (Zhou et al. 2022)
and ordering bias (Tian et al. 2025) documented in prior
VLM studies, we implemented two bias mitigation strate-
gies for VLMs: (1) we developed six semantically equivalent
but syntactically diverse prompts (see supplemental mate-
rial), and (2) we counterbalanced option presentation order
to minimize positional bias.

Prediction Performance and Consistency

Prediction Performance Metrics. While the overall class
distribution in our study is balanced between accident and
non-accident cases, relying solely on overall accuracy can
mask meaningful differences in how each class contributes
to prediction outcomes. We therefore report the macro F1-
score, which balances precision and recall across classes.

Prediction Consistency Metrics. We assessed inter-rater
agreement using Fleiss’ Kappa (Falotico and Quatto 2015)
to measure the degree of inter-agent agreement beyond
chance. We used this metric to quantify how consistently
humans (across participants) and Al (across prompts) eval-
uate identical videos. This focuses not only on overall cor-
rectness, but on the relative consistency with which different
humans and Al models interpret the same scenario.

Assessment of Visual Attention Alignment

We systematically evaluated the alignment of visual atten-
tion between humans and Al systems by analyzing their
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respective attention patterns during diverse traffic scenar-
ios. To achieve this, we employed both continuous and dis-
crete analytical approaches, leveraging high-resolution eye-
tracking data for human participants and gradient-based in-
terpretability techniques for (open-source) Al models.

Continuous Attention Analysis. For human participants,
we performed continuous attention analysis using estab-
lished visual saliency metrics applied directly to gaze dis-
tributions. Specifically, we quantified spatial alignment be-
tween human attention distributions using the Kullback-
Leibler Divergence (KLg;,) (Kullback and Leibler 1951),
Correlation Coefficient (CC) (Borji and Itti 2012), and Nor-
malized Scanpath Saliency (NSS) (Peters et al. 2005).

Discrete Attention Analysis. To assess the temporal
alignment between human and Al visual attention, we de-
fined discrete Areas of Interest (AOIs) using seven core
semantic categories relevant to driving, adapted from the
Cityscapes dataset (Cordts et al. 2016): (1) flat surfaces
(road, sidewalk, parking, rail track), (2) humans (person,
rider), (3) construction elements (building, wall, fence,
bridge), (4) traffic-related objects (traffic light, traffic sign),
(5) vehicles (car, truck, bus, motorcycle, bicycle), (6) sky,
and (7) nature (vegetation, terrain). We generated high-
precision AOI masks for each frame by first applying a
Mask2Former model (Cheng et al. 2022) to produce coarse
semantic maps, which were then refined with SAM?2 (Ravi
et al. 2024) to achieve precise boundaries. This process en-
abled detailed tracking of attention transitions, such as shifts
from a vehicle to a traffic signal and then to the road.

For each frame, we quantified the attention directed at
each Area of Interest (AOI) by calculating a normalized
intensity score. This score was computed by summing the
saliency values within the AOI mask from the model’s out-
put and dividing by the mask’s area. This process yielded
frame-wise attention hierarchies (i.e., AOI rankings) for
both the AI model and each human driver. To establish a ro-
bust ground-truth human attention hierarchy that represents
a collective consensus, we aggregated the rankings from all
human participants using a leave-one-out cross-validation
approach. Finally, we measured the concordance between
the Al model’s attention hierarchy and this aggregated hu-
man baseline using Kendall’s tau (7) coefficient (Kendall
1938). Human-to-human alignment was measured in the
same way. Overall, this allowed us to benchmark the degree
to which a model’s assessment of object importance aligned
with that of the human participants in our experiment.

Results
Performance Gap between Human and AI Models

In Figure 2a and Figure 2b, contrast prediction abilities of
humans and zero-shot Al models as a function of closeness
to a potential event (see also first part of Table 1). The re-
sults clearly reveal that humans and Al systems exhibit fun-
damentally different response patterns to temporal urgency.
Human participants demonstrated consistent improvement
in prediction performance. F1 scores progressed from 0.457
(95% CI. £0.036) at TS5 to 0.881 (95% CI: £0.015) at
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Figure 2: Performance comparison across time periods (TS
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Error bars show 95% bootstrap CIs. Attention-guided model
(teal, blue) outperform baselines (gray) but maintain consis-
tent gaps with human performance (coral) across all metrics.

T1, while Fliess’s Kappa coefficients rose substantially from
0.125 to 0.766-this pattern was driven by improvements in
performance for the accident sequences (see supplemental
material for detailed analyses). These findings suggest that
humans possess the ability to effectively focus resources for
enhanced decision-making towards the event.

In contrast, AI models tested under zero-shot conditions
maintained relatively flat performance regardless of tempo-
ral conditions. The best open-source model (InternVL-3)
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Model Temporal Periods

T5 T4 T3 T2 Tl
Human 0.46+0.04 052+£004 059+004 073+0.03 0.88+0.02
Zero-shot
Gemini-2.5-Flash  0.54 £0.03 0.55+0.04 0.56+0.07 0.56+0.04 0.62+0.07
GPT-04-mini 0.55+0.04 056+£005 057+£002 056+0.05 0.6240.08
InternVL-3 0.43+0.10 043+0.11 045+0.14 048+0.15 056=+0.12
VideoLLaMA3 0.46 £0.06 047006 048009 0.53+0.07 0.56=+0.06
QwenVL-2.5 038+0.05 038+£005 038+£006 041005 042+0.06
Guidance (Prompt-based)
Gemini-2.5-Flash  0.59 +0.03 0.59 +0.04 0.594+0.07 0.57+0.04 0.67 +0.05
GPT-04-mini 0.62+0.02 0.62+0.04 0.59+£002 0.63+0.051 0.63+0.05
InternVL-3 0.46+0.10 046=£0.11 048+0.13 0.52+0.13 0.61+0.11
VideoLLaMA3 0.49+0.05 043+£004 047+£004 052+0.03 0.5740.04
QwenVL-2.5 037+0.06 039+007 038+£005 040+0.05 043+0.06
Guidance (Visual-based)
Gemini-2.5-Flash  0.55 +£0.03 0.56+0.06 0.57 £0.08 0.57 £0.06 0.60 + 0.04
GPT-04-mini 0.60 £0.04 0.54+£0.04 056+£004 056+0.05 0.60%0.05
InternVL-3 045+0.11 046+0.13 046+0.13 049+0.14 0.5940.10
VideoLLaMA3 0.48 £0.08 049+0.08 0.52+004 054+0.07 0.59=+0.07
QwenVL-2.5 0.40+0.09 030£0.08 040+0.07 043+0.08 0.43+0.07

Table 1: Performance comparison across VLMs and atten-
tion guidance methods. Performance is measured with F1-
scores across 6 prompts (mean £ 95% CI).

Temporal Periods

Condition Metric T5 T4 T3 T2 T1
cC 0.72+0.02  0.75£0.02  0.71+0.02  0.74+0.02  0.73+0.02

Accident NSS 1.3840.09  1.46+0.10 1.27+0.09 1.40+0.09 1.42+0.09
KL 0.84£0.07  0.76£0.07  0.90£0.06 0.78+0.05 0.79+0.06
cc 0.74£0.02  0.73+0.02  0.73£0.02  0.73%0.02  0.73+0.02

Normal NSS 1.45£0.09  1.39£0.09 1.35+0.08 1.41+0.09 1.39+0.08
KL 0.77£0.06  0.80+0.07 0.82+0.06  0.80+0.06  0.77+0.06

Table 2: Gaze similarity by condition and period (mean
+ 95% CI); bold indicates T3-T2 significant differences
(Tukey HSD, p < 0.05).

had scores ranging from 0.43 to 0.564, with the best closed-
source model (Gemini-2.5-Flash) scoring somewhat higher
between 0.541 and 0.623. Notably, both types of models had
consistently low Kappa coefficients for prediction below 0.3
throughout all temporal periods, indicating clear limitations
in maintaining consistent judgment.

Effects of Attention Guidance Strategies. As Figure 2
(see also Table 1) shows, the attention guidance strate-
gies produced small yet consistent improvements in perfor-
mance. Visual guidance, implemented by blurring peripheral
objects in the visual input (green bars), yielded performance
improvements for open-source models of around 4% and for
closed-source models of < 1%. In contrast, the improve-
ments from prompt-based guidance were larger at 7% and
6.5%, respectively.

Despite these improvements, a significant disparity com-
pared to human performance remained during the critical
time periods immediately preceding an event. This diver-
gence highlights a “late-cue gap”, suggesting that humans
and VLMs employ fundamentally different mechanisms to
process potential accident sequences. Whereas human per-
formance improved closer to the critical moment, both zero-
shot and guided AI models appeared unable to implement
similarly adaptive responses, failing to adequately prioritize
cues as the situation evolves.
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Human-AI Attentional Alignment

Gaze Distribution Analysis. To understand the “late-cue
gap” further, we next examined the attentional shifts in the
human gaze data in more detail (see supplemental mate-
rial for further analyses). Table 2 shows descriptive statis-
tics comparing the gaze distributions in human participants
across three different metrics. Overall, the level of similarity
across participants is strong in each metric (Papageorgiou
2022).

A statistical comparison was conducted using one-way
repeated-measures ANOVAs for each video condition to ex-
amine temporal patterns in the gaze distributions across time
periods. Results revealed a clear divergence between acci-
dent and non-accident conditions in terms of temporal sta-
bility: accident videos showed a main effect of time pe-
riod across all gaze comparison metrics (CC, F'(4,245) =
2.742,p < 0.05,1m% = 0.043; NSS, F(4,245) = 2.452,p <
0.05,7? = 0.038; and K Lg;,, F(4,245) = 3.196,p <

37892

0.05, 772 = 0.050). In contrast, non-accident videos showed
no significant temporal effects for any metric (all p > 0.05),
suggesting that routine driving situations maintain consis-
tent visual attention patterns across time periods.

Tukey HSD post-hoc comparisons identified significant
pairwise differences in visual attention patterns towards later
time points (underlined values in Table 2). The consistent
pattern across multiple metrics suggests systematic atten-
tional shifts closer to the event time T, contrasting with the
temporal reliability observed in routine driving scenarios.

AOI ranking analysis. As Figure 2c shows, the agree-
ment in AOI ranking between our best-scoring open-source
model (InternVL-3) and humans falls below human-human
consistency as measured by Kendall’s 7. The difference here
is constant throughout all time periods, and model alignment
is seemingly not influenced by any attentional guidance (see
supplemental materials for further analyses).

To provide further insight into this attentional misalign-



ment, we analyzed four representative video clips chosen
based on InternVL-3’s attentional alignment performance
(see Figure 3). As the radar plots in Figure 3 show, hu-
mans employ strategic adaptation in their attention alloca-
tion, shifting focus in response to different scenarios. We
identified two distinct human attention strategies dictated
by environmental demands: (1) Consistent Allocation, ob-
served in sequences similar to rows 1 and 2 (AH and NH),
where attention priorities remain stable despite evolving in-
formation or threat levels; and (2) Dynamic Updating, preva-
lent in sequences similar to rows 3 and 4 (AL and NL),
where attention is flexibly reallocated in real-time.

These human attention strategies translate to an Al
model’s alignment with human visual patterns. We found
that model alignment, particularly for InternVL-3, is high-
est when human attention is temporally stable. In scenarios
characterized by consistent human attention (AH and NH),
the model achieves strong and stable alignment, with cor-
relation coefficients (7) ranging from 0.62 to 0.95 across all
temporal periods. This suggests that Al models can replicate
human attention when it follows predictable patterns.

Conversely, this alignment deteriorates significantly when
human attention becomes dynamic. In AL and NL scenarios,
where participants must adapt to changing environments, the
model struggles to keep pace. For instance, as shown in the
AOI visualizations in Figure 4, when participants divert at-
tention to novel environmental features like overpasses or
overhead signs, a measurable decrease in human-Al visual
alignment occurs. This indicates that as the environment be-
comes more complex and human attention more adaptive,
the model’s ability to mirror human focus diminishes.

Accuracy-tau Relationship Analysis

We next examined the relationship between model guidance
approaches and human-Al attention alignment across dif-
ferent conditions. We analyzed three types of model train-
ing methods (zeroshot, visual guidance, prompt guidance)
across two video types (accident, normal scenarios). For
each condition, we classified videos into high and low accu-
racy groups based on each model’s performance using me-
dian thresholds, then compared the distribution of Kendall’s
7 values between these groups using Mann-Whitney U tests.

Mann-Whitney U tests revealed significant differences in
7 distributions in only one of the six conditions examined.
The prompt guidance model in normal driving scenarios
showed significantly higher 7 values for high accuracy sam-
ples M =0.481, n =208) compared to low accuracy samples
M = 0.355, n =42), with p < 0.01. This indicates that the
prompt guidance training approach, when performing well
on normal driving videos, demonstrates significantly better
alignment with human attention patterns compared to when
it performs poorly. All other training approaches and con-
ditions, including all accident video scenarios, showed no
significant relationships (p > 0.05).

These findings demonstrate that the relationship between
training method, attention alignment, and performance is
highly specific. Only the prompt guidance training approach
shows a correlation between performance accuracy and
human-AI attention alignment, and only in routine driving
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Figure 4: Visualization of attention maps. Shown from left
to right are the original video frame (A indicates the human-
VLM performance gap), the human attention map, and
the VLM attention maps for the three highest-ranked re-
gions—Vehicle (V), Human (H), Flat (F), Nature (N), Sky
(S), Object (O), and Construction (C). Attentional priority
is encoded with a seven-level colormap, where red (rank 1)
indicates the highest priority and green (rank 7) the lowest.

situations. Complex accident scenarios show no such rela-
tionship across guidance methods.

Conclusion

This study demonstrates that humans and VLM systems em-
ploy fundamentally different visual attention strategies dur-
ing critical situations. Humans often enhance their predic-
tive accuracy through dynamic reallocation of attention to-
ward core threat elements immediately preceding accidents.
Conversely, VLM systems fail to improve performance to
human levels, despite attention guidance. Additionally, at-
tentional alignment remains weak across time periods, sug-
gesting much room for improvement.

Future work will need to dive further into different guid-
ance and fine-tuning methods as well as other types of
VLMs to test how much prediction and consistency per-
formance can be enhanced. Likewise, since explainable Al
methods for closed-source VLMs are highly limited, further
work is needed to obtain better black-box estimates of at-
tentional processing in these models. Finally, our work only
annotated and sampled a subset of traffic scenarios—future
research will need to expand our Attention-DADA dataset to
encompass a wider range of traffic-related contexts.

Nonetheless, we believe that our findings suggest that
evaluation paradigms for safety-critical VLM systems shift
focus from outcome-centric to also include process-centric
approaches. Trust in unpredictable, real-world environments
can only be established through VLMs that not only gener-
ate accurate predictions but also demonstrate reasoning and
attention allocation patterns comparable to human experts.
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