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Abstract

Modeling task-driven attention in driving is a funda-
mental challenge for both autonomous vehicles and cog-
nitive science. Existing methods primarily predict where
drivers look by generating spatial heatmaps, but fail to
capture the cognitive motivations behind attention alloca-
tion in specific contexts, which limits deeper understand-
ing of attention mechanisms. To bridge this gap, we in-
troduce Explainable Driver Attention Prediction, a novel
task paradigm that jointly predicts spatial attention re-
gions (where), parses attended semantics (what), and pro-
vides cognitive reasoning for attention allocation (why).
To support this, we present W³DA, the first large-scale
explainable driver attention dataset. It enriches existing
benchmarks with detailed semantic and causal annotations
across diverse driving scenarios, including normal condi-
tions, safety-critical situations, and traffic accidents. We
further propose LLada, a Large Language model-driven
framework for driver attention prediction, which unifies
pixel modeling, semantic parsing, and cognitive reasoning
within an end-to-end architecture. Extensive experiments
demonstrate the effectiveness of LLada, exhibiting robust
generalization across datasets and driving conditions. This
work serves as a key step toward a deeper understanding
of driver attention mechanisms, with significant implica-
tions for autonomous driving, intelligent driver training,
and human-computer interaction.

1. Introduction

As an old proverb goes, “The eyes are the window to the
soul.” Human eyes serve as a crucial gateway to cognition,

reflecting how human perceive, interpret, and interact with

their environment [6, 54, 59, 60, 77, 79, 81]. Modeling and

understanding human visual attention provide fundamen-

tal insights into cognitive abilities, experiential knowledge,
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Figure 1. Prior studies focus only on predicting where drivers allo-

cate their attention, offering an implicit and shallow representation

of attention. In contrast, our work proposes a more explicit and in-

depth paradigm that answers where to attend, what to attend, and

why attention is allocated there, revealing underlying factors be-

hind attention allocation such as traffic rule knowledge, driving

safety perception, and goal-driven behaviors. Our work unlocks

a deeper understanding of driver attention mechanisms, providing

new insights to the research community.

and decision-making strategies, especially in complex, task-

driven scenarios such as driving [8, 28, 32, 33, 53, 80, 82].

In recent years, driver attention prediction has emerged

as a key research direction and has achieved remarkable

progress [22, 27, 50, 51, 64]. Existing paradigms [10, 20,

31, 78, 84, 85] primarily focus on predicting where drivers

look by generating spatial heatmaps, as shown in Fig. 1(a).

These methods fundamentally perform pixel-space regres-

sion, offering only a shallow and implicit representation of

attention mechanisms. However, these approaches fail to

capture the underlying cognitive motivations behind atten-

tion allocation in specific driving contexts. For instance,

in the scenario depicted in Fig. 1, a driver attends to the

red traffic light to comply with traffic rules, monitors an
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the final published version of the proceedings is available on IEEE Xplore.
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oncoming cyclist at an intersection to ensure driving safety,

and observes the road ahead to navigate toward the intended

destination. Unfortunately, no existing work has effectively

modeled these semantic-level (i.e., what is being attended

to) and cognitive-level (i.e., why attention is allocated) as-

pects of driver attention. This critical limitation hinders

both a deeper understanding of driver attention mechanisms

and the real-world applicability of these models.

To bridge these critical gaps, we propose a novel uni-

fied task paradigm, termed Explainable Driver Attention
Prediction, as shown in Fig. 1(b). This paradigm requires

models to simultaneously predict pixel-level attention re-

gions (answering where), provide semantic-level parsing

(answering what), and perform cognitive-level reasoning to

explain the underlying causes of attention allocation (an-

swering why). By integrating spatial, semantic, and cog-

nitive knowledge, this enables a more comprehensive and

explainable modeling of driver attention.

Specifically, our work introduces several key advance-

ments over existing driver attention prediction methods: (1)
We introduce W³DA, a large-scale explainable driver atten-

tion dataset, which integrates multiple mainstream driver

attention benchmarks and incorporates additional annota-

tions for semantic parsing (what) and cognitive reason-

ing (why). It provides spatial, semantic, and cognitive la-

bels for attention regions, explicitly enabling where, what,
and why reasoning in driver attention modeling. (2) We

propose LLada, a Large language model-driven frame-

work for driver attention prediction, which is the first uni-

fied architecture capable of jointly predicting attention re-

gions (where), semantic interpretations (what), and cogni-

tive reasoning (why) in driver attention modeling. (3) Un-

like existing models trained and evaluated separately on in-

dividual datasets, we leverage the W³DA dataset for cross-

domain collaborative training, enabling a unified modeling

approach for normal driving, safety-critical situations, and

traffic accidents.

Extensive experiments validate the effectiveness of

LLada, demonstrating its superior performance over all

state-of-the-art (SOTA) methods on W³DA in both atten-

tion map prediction and textual explanation generation. It

consistently excels across various driving scenarios. More-

over, trained solely on W³DA, LLada outperforms most

independently trained specialized models across the en-

tire DR(eye)VE [51], BDDA [64], and DADA-2000 [19]

datasets, achieving highly competitive performance and

demonstrating strong generalization. Further qualitative

analyses confirm its strong alignment with human driver at-

tention. Our work establishes a solid foundation for com-

prehensive and explainable attention modeling, paving the

way for advancements in cognitive science and real-world

applications such as interpretable autonomous driving and

intelligent driver training. Before delving into details, we

clearly emphasize our contributions as follows:

• (Paradigm) We introduce Explainable Driver Atten-

tion Prediction, a novel paradigm that extends tradi-

tional driver attention prediction by jointly reasoning over

where, what, and why to achieve a more comprehensive

understanding of attention in driving.

• (Dataset) We present W³DA, a large-scale explainable

driver attention dataset, which enhances existing bench-

marks with semantic (what) and causal (why) annotations,

spanning normal, safety-critical, and accident scenarios.

• (Methodology) We propose LLada, the first large lan-

guage model-driven driver attention prediction frame-

work, enabling end-to-end training and joint prediction

of attention regions (where), semantic parsing (what), and

cognitive reasoning (why).

• (Experiments) Extensive experiments demonstrate that

LLada consistently outperforms existing SOTA methods

across multiple tasks, scenarios, metrics, and settings,

demonstrating superior robustness and generalization.

2. Related Work

2.1. Driver Attention Prediction

Datasets. Specialized driver attention datasets have signif-

icantly advanced the field. Early works like DR(eye)VE

[51] introduced a pipeline to analyze driver gaze in normal

traffic, recording attention data from eight drivers. Simi-

larly, the LBW dataset [31] provided gaze data collected

from 28 drivers in real driving conditions. Cheng et al.

introduced IVGaze [11], which collected in-vehicle gaze

data but lacked corresponding driving footage. The BDD-A

dataset by Xia et al. [64] focused on safety-critical events

like emergency braking and traffic congestion. DADA-

2000 [19] extended this to traffic accidents, including 2,000

videos and corresponding gaze data. While existing datasets

have provided large-scale driver attention data, they primar-

ily associate spatial heatmaps with driving scenes without

capturing the cognitive reasoning behind attention alloca-

tion, which limits a deeper understanding of driver attention

mechanisms. To address this, we introduce W³DA, the first

large-scale dataset for explainable driver attention model-

ing. W³DA extends beyond heatmaps by providing fine-

grained annotations that link attention heatmaps to their se-

mantic meaning and underlying causes, offering unprece-

dented insights into driver attention mechanisms.

Models. Attention prediction models have evolved from

early image processing techniques like ITTI [29] and GBVS

[23] to deep learning-based architectures. CNNs became

fundamental, enabling richer visual feature representations.

Palazzi et al. [51] integrated RGB, optical flow, and seg-

mentation, while Xia et al. [64] employed convolutional

LSTMs. Deng et al. [14] proposed a fully convolu-

tional encoder-decoder. Multi-resolution networks [25] and
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heterogeneous networks [26] further incorporated multi-

level visual content. ASIAFNet [37] emphasized semantic-

based object-level attention. Beyond CNNs, Inverse Re-

inforcement Learning [3] and Generative Adversarial Net-

works [2, 3] have been explored to model driver attention.

Amadori et al. [1] incorporated driving inputs and vehi-

cle states in VR simulations. Unsupervised methods [85]

explored scene dynamics without reliance on labeled atten-

tion data. Shi et al. [57] proposed FOD-Net with saliency

guidance. Recent advances integrate Transformers [18] to

enhance global context modeling. ACT-Net [21] pioneered

CNN-Transformer fusion, followed by FBLNet [10], which

introduces a feedback loop mechanism for experience accu-

mulation, further bridging attention modeling with human-

like learning. Despite these advancements, existing models

still fail to explicitly capture the cognitive motivations be-

hind driver attention. To address this limitation, we propose

LLada, a unified end-to-end framework that jointly models

spatial (where), semantic (what), and cognitive (why) fac-

tors, enabling a more comprehensive and explainable ap-

proach to driver attention prediction.

2.2. Multimodal Large Language Models
Recent advancements in multimodal large language models

(MLLMs) [38, 39, 42, 43, 47–49, 63, 69, 71, 72, 76, 83]

have driven significant progress across image-level caption-

ing [7], object-level detection [74], and pixel-level segmen-

tation [35, 65], with notable applications in autonomous

driving [13, 58, 62, 75] and robotics [40, 45, 73]. Build-

ing on this foundation, recent studies have explored incor-

porating human attention as an additional modality to en-

hance model performance and interpretability. Voila-A [68]

aligned MLLMs with the human gaze (captured via AR/VR

devices), ensuring better attention correspondence between

models and users. GazeXplain [9] predicted visual scan-

paths and generated natural language explanations for fixa-

tions using BLIP [36]. However, its explanations remained

semantic-level parsing, describing what is attended to with-

out explicitly uncovering the underlying cognitive motiva-

tions behind attention allocations. In contrast, LLada in-

troduces a unified framework that jointly models spatial

(where), semantic (what), and cognitive (why) factors, en-

abling a more comprehensive and explainable approach to

driver attention modeling. To the best of our knowledge,

this is the first attempt to model underlying cognitive moti-

vations of attention using MLLMs.

3. W3DA Dataset
Existing driving attention datasets primarily predict where

drivers look via spatial heatmaps. However, they lack se-

mantic and cognitive understanding, limiting their ability to

comprehensively model task-driven visual attention in driv-

ing. To bridge this gap, we move beyond spatial attention

prediction to a deeper, more explainable understanding of

driver attention. A key challenge is the absence of a dataset

that provides semantic parsing (what) and cognitive reason-

ing (why) for driver attention.

To address this, we introduce W³DA, a semantic and

reasoning-aware driving attention dataset that enhances

conventional where annotations with high-quality what and

why labels. As shown in Fig. 2(a), W³DA unifies

multiple mainstream driving attention datasets, integrating

DR(eye)VE [51] and LBW [31] for normal driving, BDDA

[64] for critical situations, and DADA-2000 [19, 20] for

traffic accidents. This diverse data composition allows for

more robust cross-domain training, improving model gener-

alization and real-world applicability. Furthermore, as de-

picted in Fig. 2(b-d), we introduce an efficient and highly

reliable data annotation pipeline that assigns semantic la-

bels to attention targets (what) and provides context-aware

cognitive reasoning for attention causes (why), enabling a

more comprehensive understanding of driver attention.

3.1. Data Annotation Pipeline

Creating a large-scale, high-quality dataset for explainable

driver attention prediction presents several inherent chal-

lenges. First, while vast amounts of driver attention data

exist, many driving scenarios—such as cruising, highway

driving, or following another vehicle—exhibit stable atten-

tion patterns, with drivers primarily fixating on the preced-

ing vehicle or the road’s vanishing point. In such cases,

attention shifts are minimal, making frame-by-frame anno-

tation inefficient and resource-intensive. Secondly, manual

annotation by human experts incurs substantial time and fi-

nancial costs. While leveraging powerful MLLMs for au-

tomated annotation is a promising alternative, MLLMs are

prone to hallucinations, often generating erroneous or con-

textually inappropriate annotations that compromise dataset

reliability. To address these challenges, we introduce an

efficient and highly reliable semi-automatic pipeline for

dataset annotation.

For the first challenge, we introduce an attention-aware

key sample selection strategy that avoids redundant frame-

by-frame annotation. This approach prioritizes identify-

ing key moments indicative of significant attention shifts

by evaluating perceptual and attention-related changes be-

tween consecutive samples, ensuring the annotations cap-

ture high-information moments. Our selection process is

grounded in three key criteria: (1) semantic similarity of
driving scenes, capturing perceptual variations in the envi-

ronment; (2) spatial divergence of driver attention, cap-

turing variations in the spatial distribution of attended re-

gions; and (3) semantic similarity of driver attention, re-

flecting contextual shifts in attended regions. Specifically,

criteria (1) and (3) are computed using the CLS token from

the CLIP-Large image encoder [56], while (2) is evaluated
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Figure 2. The W³DA annotation pipeline. (a) W³DA integrates multiple driver attention benchmarks, covering normal driving, safety-

critical scenarios, and accidents. (b) To reduce annotation redundancy in scenarios with stable attention patterns (e.g., cruising, following

another vehicle), we propose a key sample selection method, leveraging semantic scene similarity, spatial attention divergence, and se-

mantic attention similarity to identify key moments of significant attention shifts. (c) We employ visual and contextual prompts with a

structured chain-of-thought to guide an advanced MLLM in generating preliminary context-aware annotations. (d) Finally, human experts

validate and refine these annotations to ensure accuracy, contextual relevance, and alignment with real driving scenarios.

via KL divergence between attention heatmaps. To imple-

ment this, we initialize the key sample set K with the first

sample from the original driving video V ∈ R
T×H×W×3.

For each subsequent sample in V , we evaluate these three

metrics relative to the most recent key sample in K. A sam-

ple is added to K if the KL divergence (criterion 2) exceeds

a predefined threshold or if the semantic similarity metrics

(criteria 1 and 3) fall below their respective thresholds. Oth-

erwise, it is considered redundant and excluded from further

consideration.

For the second challenge, we propose an effective ap-

proach that integrates visual and contextual prompts with

a clever chain-of-thought strategy to guide an advanced

MLLM in generating preliminary annotations that are both

useful and contextually relevant. Specifically, we provide

the MLLM with comprehensive contextual cues, includ-

ing driving behavior, weather conditions, and scene cate-

gories, encouraging it to generate annotations aligned with

the current scenario. Additionally, we overlay attention

maps onto images using a simple grayscale mask, directing

the MLLM’s focus toward the relevant regions where driver

attention is concentrated. We further employ a chain-of-

thought to guide the MLLM through a progressive analysis

of the semantics and underlying causes of driver attention.

This process prompts the MLLM first to determine the num-

ber of attention regions within the scene, then identify the

content within each region (answering what), and finally ex-

plore the causal factors behind the attention allocation (an-

swering why). In practice, we utilize the Qwen-VL-Max

API as our MLLM to implement this approach.

Despite the MLLM’s strong visual reasoning capabili-

ties, hallucinations remain a potential issue. To address this,

we involve human experts to review and refine the model’s

outputs based on their domain expertise, ensuring the fi-

nal annotations are accurate, reasonable, and contextually

aligned with the driving scenario.

3.2. Dataset Statistics
Building on our pipeline, W³DA comprises 69,980 key

samples extracted from 3,548 video scenes, covering di-

verse driving conditions. Specifically, it includes 22,839

samples from normal driving, 22,950 samples from criti-

cal situations, and 24,191 samples from accidents. W³DA

spans a variety of weather conditions (sunny, rainy, cloudy,

overcast, snowy, foggy), geographic locations (urban, ru-

ral, highway, suburban, mountain, tunnel), and time periods

(morning, afternoon, night). Furthermore, W³DA provides

rich textual annotations: the average length of what annota-

tions is 5.40 words, while the average length of why anno-

tations is 24.32 words, offering fine-grained semantic and

cognitive insights into driver attention. To maintain a rigor-

ous experimental setup, we adhere to the original training-

validation-test splits of the four source datasets, ensuring no

data leakage. W³DA advances driver attention modeling,

offering valuable insights for both academia and industry.

More details can be found in the supplementary material.

4. Explainable Driver Attention Prediction
4.1. Problem Definition
The goal of Explainable Driver Attention Prediction is to

predict where a driver is likely to attend, what regions
are attended, and why attention is allocated. This task

goes beyond conventional attention prediction by unifying
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spatial, semantic, and causal reasoning, enabling a more ex-

plainable and cognition-driven understanding of driver at-

tention. Formally, given a driving scene represented as an

image I ∈ R
H×W×C with contextual information C (e.g.,

weather, road conditions, driving behavior), the goal is to

estimate a pixel-wise attention map A ∈ R
H×W , a set of

semantic descriptions of attended regions S = {si}Ni=1,

and a set of causal explanations for attention allocation

E = {ei}Mi=1, where si denotes the semantic label of the

i-th attended region, and ei represents the explanation be-

hind the attention allocated to the i-th region.

4.2. LLada Architecture

LLada comprises four core components: 1) a pretrained vi-

sual encoder Fvis, 2) a large language model FLLM, 3) a

special attention token [ATTN], and 4) a cognitive-aware

attention decoder Fdec, as illustrated in Fig. 3. Given a

driving scene, the visual input I and contextual information

C are first processed by the pretrained visual encoder Fvis

and the LLM FLLM, respectively. Then, the attention token

[ATTN] encodes high-level cognitive cues within FLLM and

enables interaction between the language and vision modal-

ities through the attention decoder Fdec. Finally, Fdec gener-

ates the spatial attention map A, while the FLLM outputs the

semantic descriptions S and causal explanations E . Next,

we provide a detailed description of each component.

Visual Encoder. We utilize a visual encoder consisting of

the pretrained vision foundation model CLIP-ViT-L [56]

and a linear projector φ, following the setup of LLaVA

[42]. Given the visual input I, CLIP extracts image features,

which are then projected by φ into the visual token space,

producing embeddings hvis ∈ R
N×d for further processing

by FLLM.

Large Language Model. The driving scene context C
is tokenized into context tokens by the LLM tokenizer T :

hcon = T (C). The visual tokens hvis and context tokens

hcon are then concatenated with a fixed prompt sequence

hprompt and fed into the LLM, denoted as FLLM. The output

token embeddings ỹtxt are generated as:

ỹtxt = FLLM([hprompt,hvis,hcon]), (1)

where [·] denotes concatenation. The final text responses

are generated by applying a linear classifier to ỹtxt for next-

token prediction. During attention prediction, these re-

sponses include semantic descriptions of the attended re-

gions S and causal explanations for attention allocation E .

In practice, we use Vicuna-7B [12] as the FLLM.

Attention Token. To adapt the LLM for attention pre-

diction, we introduce a special attention token, [ATTN],
extending the original LLM vocabulary. This token en-

codes high-level cognitive cues within the LLM and facili-

tates cross-modal interaction between language and vision

via Fdec. During attention prediction, the output token se-

quence ỹtxt includes the [ATTN] token. We extract its cor-

responding embedding ỹtxt[ATTN], which is then projected

into the Fdec space via an MLP projector ψ:

hattn = ψ(ỹtxt[ATTN]). (2)

This enables Fdec to decode high-level cognitive attention

information from hattn.

Cognitive-aware Attention Decoder. The attention de-

coder Fdec facilitates the interaction between the attention

token embedding hattn and the visual features hvis, decoding

context-aware cognitive information to generate the pixel-

wise attention map A ∈ R
H×W . Specifically, we first in-

troduce a cross-attention mechanism to guide the decoder’s

awareness of high-level cognitive cues from hattn and derive

cognitively-driven visual features h′
vis:

h′
dec = hvis + Repeat(CA(hattn,hvis)), (3)

where CA(q, kv) denotes the cross-attention operation

and Repeat(·) is a replication operation, which adds

CA(hattn,hvis) to each token in hvis. Next, the h′
vis are re-

shaped from a 2D shape of HW
p2 ×C to a standard 3D feature

map of size H
p × W

p × C, where C is the feature channel

size and p is the image patch size. Then, we apply a series

of five 3× 3 convolutional layers with batch normalization

and ReLU activation to reduce the feature dimensionality to
H
p × W

p . Finally, a bilinear upsampling operation is applied

to generate the attention map A at the full image size of

H ×W .

Training Objectives. The LLada model is trained end-to-

end using the attention map prediction loss Lmap and the

textual explanation generation loss Ltxt. The overall objec-

tive L is the weighted sum of these losses:

L = λmapLmap + λtxtLtxt, (4)

where λmap and λtxt are scaling factors. Specifically, the

attention map loss Lmap consists of binary cross-entropy

(BCE) and Kullback-Leibler (KL) divergence, encouraging

accurate pixel-wise attention maps (answering Where?):

Lmap = λbceBCE(Â,A) + λklKL(Â,A), (5)

where Â is the predicted attention map and A is the ground

truth. The textual explanation generation loss Ltxt is formu-

lated as the autoregressive cross-entropy (CE) loss, guiding

the LLM to generate correct semantic descriptions (answer-

ing What?) and causal explanations (answering Why?) of

the attended regions:

Ltxt = λwhatCE(Ŝ,S) + λwhyCE(Ê , E), (6)

where Ŝ and Ê are the predicted semantic descriptions and

causal explanations, respectively. That S and E are the

ground truth descriptions and explanations.

2679



CLIP
Image

Encoder

<urban, overcast, stop, 0km/h>

P
ro

je
c

to
r

T
o

ke
n

ize
r

Large Language 
Model

P
ro

m
p

t

[ATTN]

...
...

Cognitive-aware
Attention Decoder

...

...
[The crossing pedestrian] 

[ To ensure the safety of 
pedestrians before proceeding, 
as they have the right of way 
at the crossing.]

Figure 3. Overall architecture of LLada. Given a driving scene represented as an image with contextual information, the image is processed

by the visual encoder (CLIP encoder and projector) to extract visual tokens, while the contextual information, along with prompt sequences,

is tokenized by the LLM tokenizer. The visual and text tokens are then fed into the LLM. To adapt the LLM for explainable attention

prediction tasks, a special attention token [ATTN] is introduced to encode high-level cognitive cues. Finally, [ATTN] performs cross-

attention with the visual tokens, generating the attention map (answering Where?) through cognitive-aware attention decoder, while the

LLM produces the semantic descriptions (answering What?) and causal explanations (answering Why?) of attended regions.

5. Experiment
5.1. Experimental Setting
Implementation Details. We train our model on 4

NVIDIA A100 GPUs, utilizing the DeepSpeed engine for

efficient optimization. The training process employs the

AdamW [46] optimizer with a learning rate of 0.0003, and

WarmupDecayLR as the learning rate scheduler with 100

warmup iterations. For loss balancing, we set the scaling

factors Lmap, Ltxt, Lbce, Lkl, Lwhat, and Lwhy to 2, 1, 1, 0.1,

1, and 1, respectively. Training is conducted with a batch

size of 8 per device, using gradient accumulation with a step

size of 5 to accommodate memory constraints. To retain the

knowledge in the pre-trained LLM FLLM, we apply LoRA

[24] for parameter-efficient fine-tuning while keeping the

visual encoder Fvis entirely frozen. The cognitive-aware at-

tention decoder Fdec is trained from scratch.

Evaluation Metrics. We follow the evaluation setup of

prior driver attention prediction studies [10, 20] and as-

sess the spatial accuracy of generated attention maps us-

ing AUCJ, AUCB, SIM, CC, KLdiv, and NSS. To eval-

uate the language quality of the generated what and why
textual explanations, we adopt BLEU, METEOR, ROUGE,

and CIDEr-R. This comprehensive evaluation allows us to

effectively measure the model’s performance in spatial, se-

mantic, and cognitive reasoning for driver attention.

5.2. Results on W³DA
Attention Map Prediction (Where). We first evaluate the

attention map prediction quality on the W³DA dataset, com-

paring our proposed LLada with 10 state-of-the-art meth-

ods: ITTI [29], GBVS [23], DeepGaze I [34], DeepGaze

IIE [41], MLNet [17], CDNN [14], FBNet [16], ConvNeXt

[44], ERFNet [70], and GazeXplain [9]. ITTI and GBVS

are early saliency models based on handcrafted features,

while the others are learning-based approaches. DeepGaze

I and DeepGaze IIE use official pre-trained models due to

unavailable training codes. MLNet, CDNN, FBNet, Con-

vNeXt, and ERFNet are specialized attention prediction

models optimized solely for this task, whereas GazeXplain

and LLada jointly optimize attention map prediction and

textual explanation generation. Table 1 presents the per-

formance comparison. LLada surpasses all SOTA methods

in every scenario. In particular, LLada achieves substantial

gains on the KLdiv, AUCJ, and AUCB metrics. For KLdiv, it

outperforms the second-best method (ERFNet) by 38.40%,

22.79%, and 11.65% in normal driving, safety-critical situa-

tions, and traffic accidents, respectively. Compared to Gaz-

eXplain, which jointly optimizes attention map prediction

(where) and textual explanation generation (what & why),

LLada consistently achieves superior performance across

all metrics, demonstrating its effectiveness.

Textual Explanation Generation (What & Why). We

further evaluate the quality of textual explanations on the

W³DA dataset, comparing our proposed LLada with the

multi-task model GazeXplain. To ensure a comprehensive

evaluation, we also establish strong baseline methods to

validate LLada’s effectiveness. Unlike our end-to-end ap-

proach, these baselines adopt a two-stage paradigm: first, a

conventional attention prediction model generates an atten-

tion map; second, an MLLM interprets the attention map

to generate textual explanations for what and why. Specifi-

cally, we select DeepGaze I, DeepGaze IIE, MLnet, CDNN,
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Table 1. Comparison of attention map prediction performance. Bold and underline indicate the best and second-best results. † marks

multi-task models jointly optimizing Attention Map Prediction (where) and Textual Explanation Generation (what/why).

Method
Normal Driving Safety-Critical Situation Traffic Accident

KLdiv↓ CC↑ SIM↑ AUCJ↑ AUCB↑ NSS↑ KLdiv↓ CC↑ SIM↑ AUCJ↑ AUCB↑ NSS↑ KLdiv↓ CC↑ SIM↑ AUCJ↑ AUCB↑ NSS↑

ITTI [29] 3.216 0.093 0.080 0.676 0.665 0.662 2.807 0.049 0.119 0.618 0.613 0.410 3.339 0.033 0.073 0.595 0.600 0.266

GBVS [23] 2.572 0.294 0.139 0.868 0.857 2.057 2.238 0.246 0.176 0.839 0.804 1.501 2.826 0.173 0.105 0.814 0.765 1.212

DeepGaze I [34] 3.103 0.207 0.080 0.885 0.546 1.254 2.550 0.237 0.137 0.874 0.595 1.297 3.060 0.206 0.082 0.883 0.673 1.412

DeepGaze IIE [41] 3.071 0.226 0.082 0.887 0.610 1.382 2.505 0.296 0.141 0.926 0.589 1.641 3.026 0.227 0.085 0.917 0.584 1.476

MLnet [17] 2.129 0.547 0.460 0.914 0.836 4.494 1.953 0.528 0.433 0.928 0.874 5.254 2.897 0.344 0.288 0.893 0.784 3.008

CDNN [14] 2.614 0.465 0.394 0.887 0.790 3.687 2.646 0.401 0.350 0.885 0.767 3.831 3.568 0.283 0.254 0.851 0.714 2.446

FBnet [16] 2.980 0.406 0.343 0.869 0.769 3.103 2.585 0.431 0.364 0.887 0.803 3.975 3.197 0.329 0.246 0.873 0.789 2.727

ConvNeXt [44] 2.042 0.570 0.412 0.916 0.848 4.661 1.765 0.567 0.413 0.938 0.877 5.438 3.049 0.377 0.248 0.891 0.806 3.425
ERFNet [70] 1.979 0.558 0.425 0.923 0.840 4.304 1.593 0.538 0.410 0.942 0.868 5.201 2.181 0.391 0.253 0.930 0.846 3.035

GazeXplain† [9] 2.578 0.477 0.389 0.857 0.866 3.945 2.769 0.383 0.321 0.848 0.743 2.299 3.109 0.371 0.236 0.902 0.804 1.598

LLada† (Ours) 1.219 0.583 0.436 0.952 0.908 5.376 1.230 0.579 0.420 0.950 0.912 5.271 1.927 0.396 0.262 0.934 0.889 3.216

Table 2. Comparison of textual explanation generation performance. Bold and underline show the best and second-best performances.

Method
Normal Driving Safety-Critical Situation Traffic Accident

BLEU↑ METEOR↑ ROUGE↑ CIDEr-R↑ BLEU↑ METEOR↑ ROUGE↑ CIDEr-R↑ BLEU↑ METEOR↑ ROUGE↑ CIDEr-R↑

DeepGaze I [34] + LLaVA [42] 0.281 0.274 0.357 0.287 0.130 0.178 0.269 0.078 0.179 0.213 0.291 0.167

DeepGaze IIE [41] + LLaVA [42] 0.281 0.275 0.361 0.301 0.253 0.283 0.346 0.289 0.253 0.266 0.344 0.272

MLnet [17] + LLaVA [42] 0.294 0.283 0.398 0.279 0.285 0.294 0.395 0.312 0.258 0.264 0.373 0.260

CDNN [14] + LLaVA [42] 0.299 0.287 0.403 0.283 0.285 0.294 0.397 0.312 0.263 0.270 0.377 0.265

ConvNeXt [44] + LLaVA [42] 0.291 0.282 0.396 0.268 0.117 0.173 0.268 0.078 0.225 0.247 0.345 0.209

ERFNet [70] + LLaVA [42] 0.294 0.283 0.396 0.274 0.287 0.297 0.398 0.307 0.270 0.272 0.375 0.258

GazeXplain [9] 0.307 0.299 0.216 0.422 0.185 0.290 0.367 0.554 0.167 0.195 0.438 0.656

LLada (Ours) 0.436 0.360 0.582 0.963 0.444 0.375 0.593 1.233 0.376 0.318 0.520 1.002

ConvNeXt, and ERFNet as first-stage predictors. For the

second stage, we fine-tune LLaVA [42] (CLIP-ViT-L [56] +

Vicuna-7B [12]) via LoRA [24], using the same MLLM as

LLada to process grayscale attention maps for textual expla-

nation generation. As shown in Table 2, LLada consistently

outperforms all baselines across scenarios and metrics, sur-

passing both GazeXplain and all two-stage baselines, which

demonstrates its superior cognitive reasoning capabilities

in driver attention analysis. The results from Table 1 (At-

tention Map Prediction) and Table 2 (Textual Explanation

Generation) collectively confirm that our LLada surpasses

all previous methods, showcasing its capability for a deeper

understanding of driver attention mechanisms.

5.3. Results on Conventional Attention Prediction

To evaluate the effectiveness of LLada trained on the cross-

domain dataset W³DA, we compare it with domain-specific

attention prediction models fully trained on DR(eye)VE

[51], BDDA [64], and DADA [19, 20]. Performance

is evaluated on the complete test sets of these datasets.

As shown in Table 3, LLada demonstrates competitive

performance, particularly in terms of KLdiv, outperform-

ing the second-best domain-specific models by 29.81%,

20.69%, and 5.49% on the DR(eye)VE, BDDA, and

DADA test sets, respectively. Additionally, GazeXplain,

trained with cross-domain multi-task learning on W³DA,

also achieves promising results. Notably, W³DA provides

39,642 keyframes for training, while domain-specific mod-

els use 28,632 (DR(eye)VE), 26,325 (BDDA), and 33,939

(DADA) frames. Despite the cross-domain setting, training

LLada on W³DA does not significantly increase cost, high-

lighting its strong generalization across domains and the ef-

ficiency of key-frame selection in W³DA.

5.4. Qualitative Analyses
We quantitatively compare our LLada with the latest Gaz-

eXplain [9] on explainable driver attention prediction, as

shown in Fig. 4. LLada’s pixel-wise attention map and

textual explanations align more closely with the Ground

Truth, capturing attention mechanisms across spatial, se-

mantic, and cognitive levels. In complex scenarios, such as

busy traffic flow (Row 2) and pedestrian interactions (Row

3), LLada outperforms GazeXplain. LLada correctly fo-

cuses on the pedestrian in front of the vehicle (Row 3) and

provides context-aware, task-driven explanations like “as-

sessing the pedestrian’s movement and speed to avoid a po-

tential collision.” In contrast, GazeXplain misses this key

focus and offers less relevant, scene-independent explana-

tions. See supplementary materials for more examples.

5.5. Ablation Study
To validate the effectiveness of LLada in jointly reasoning

over where, what, and why, we conduct ablation studies.

First, we remove the where task (attention map prediction)

to assess its impact on what and why (textual explanation

generation). As shown in Fig. 5, removing where causes a

significant performance drop in all textual explanation met-

rics. This demonstrates that where plays a crucial role in
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Table 3. Comparison with domain-specific models for attention map prediction. Bold and underline denote the top two performances.

(a) DR(eye)VE test set.

Training Method KLdiv↓ CC↑

DR(eye)VE

MLNet [17] 2.00 0.44
RMDN [5] 1.77 0.41
DR(eye)VE [51] 1.40 0.56
HWS [64] 1.72 0.51
SCAFNet [20] 1.35 0.59
DVAM [15] 1.38 0.57
TransConvNet [67] 1.37 0.58
MTSF [30] 1.72 0.56

W³DA
GazeXplain 1.48 0.49
LLada 1.04 0.67

(b) BDDA test set.

Training Method KLdiv↓ CC↑ SIM↑

BDDA

HWS [64] 2.07 0.48 0.35
U2NET [55] 1.47 0.56 0.36
MINET [52] 10.50 0.49 0.36
DRIVE [4] 13.83 0.32 0.26
SCAFNet [20] 1.48 0.56 0.40
DBNET [61] 1.85 0.56 0.38
FBLNet [10] 1.40 0.64 0.47
MTSF [30] 1.61 0.51 0.36

W³DA
GazeXplain 2.85 0.38 0.32
LLada 1.16 0.60 0.47

(c) DADA test set.

Training Method KLdiv↓ CC↑ SIM↑

DADA

HWS [64] 2.77 0.33 0.22
U2NET [55] 1.86 0.47 0.30
MINET [52] 9.99 0.39 0.30
DRIVE [4] 4.03 0.37 0.25
SCAFNet [20] 2.17 0.48 0.34
DBNET [61] 2.77 0.40 0.26
PGNET [66] 5.28 0.46 0.37
FBLNet [10] 1.92 0.50 0.33

W³DA
GazeXplain 1.93 0.46 0.29
our LLada 1.82 0.48 0.36

[Road ahead and highway entrance with signage]

[ To be aware of the highway entrance and any indications of 
signage, and prepare for necessary lane changes or stops to 
safely merge onto the highway.]

[Pedestrian crossing]

[ To assess the pedestrian's movement and speed to avoid a 
potential collision.]

[Road ahead and side road]

[  To be aware of any potential entry points to the highway, as 
indicated by the side road and signage, and prepare for any 
necessary lane changes or stops if required.]

[Road ahead]

[To monitor the path and any potential obstacles or changes in the 
road conditions that may require a response.]

[Road ahead] [ Left side of the road] [ Right side of the road]

[ T o  monitor traffic and obstacles on the road ahead for safe 
navigation.]
[To check for pedestrians, vehicles, or other potential hazards on 
the left side of the road.]
[To ensure no unexpected obstacles or vehicles are entering from 
the right side of the road.]

[Pedestrian crossing]

[To assess the presence and movement of The pedestrian who is 
crossing or about to cross, ensuring safe navigation through the 
junction.]

[Vehicle directly in front and pedestrian crossing] 

[ To maintain a safe following distance from the vehicle ahead 
and ensure the pedestrian crosses the road safely, adjusting 
speed as needed to avoid collisions.]

[Road ahead and vehicle in front]

[ To maintain a safe following distance from the vehicle ahead 
while monitoring the road conditions to detect any potential 
obstacles or pedestrians, ensuring safe driving.]

[Road ahead] [ Left side of the road] [ Right side of the road]

[To monitor the path and any potential obstacles or changes in the 
road conditions that may require a response.]
[To be aware of vehicles, pedestrians, or other elements on the left 
side that could impact driving decisions.]
[To check for parked cars, moving vehicles, or pedestrians on the 
right side that might enter the driver ' s lane or affect navigation.]

Figure 4. Quantitative examples. More in supplementary materials.

Figure 5. Impact of where on textual explanation generation.

Figure 6. Impact of what and why on attention map prediction.

what and why reasoning by providing essential spatial-level

cues for more accurate and coherent explanations.

Next, we construct a baseline without what and why
reasoning. We then progressively incorporate these tasks

to assess their impact on the attention map prediction, as

shown in Fig. 6. Introducing the what task improves where
performance, indicating that textual descriptions provide

valuable semantic cues for attention localization. Adding

the why task further boosts where performance, confirm-

ing that causal reasoning strengthens attention map predic-

tion. Overall, these findings highlight the mutual reinforce-

ment between where and what/why reasoning, particularly

the strong facilitative effect of attention map prediction on

textual explanation generation, demonstrating the effective-

ness of LLada’s joint optimization framework.

6. Conclusion

We introduce Explainable Driver Attention Prediction, a

novel paradigm that extends beyond traditional pixel-wise

attention modeling by jointly predicting where drivers look,

what they attend to, and why their attention is allocated.

This enables a cognitive-level understanding of driver at-

tention, bridging perception and reasoning in autonomous

driving. To support this paradigm, we present W³DA, the

first large-scale explainable driver attention dataset, which

significantly enriches existing benchmarks with detailed se-

mantic and causal annotations across diverse real-world

driving scenarios. Furthermore, we propose LLada, a Large

Language Model-driven framework that unifies attention

prediction, semantic parsing, and cognitive reasoning in an

end-to-end architecture, offering human-like interpretabil-

ity beyond conventional models. Extensive quantitative

and qualitative analyses demonstrate LLada’s strong gen-

eralization across diverse driving conditions and datasets,

highlighting the impact of cognitive cues in driver attention

modeling. By systematically decoding the latent cognitive

factors underlying attention allocation, our work pushes the

frontier of task-driven attention modeling in driving, pro-

viding new insights for cognitive science, transparent au-

tonomous systems, and human-computer interaction.
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