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Abstract. Understanding not only where drivers look but also why their
attention shifts is essential for interpretable human—AlI collaboration in
autonomous driving. Driver attention is not purely perceptual but se-
mantically structured. Thus attention shifts can be learned through min-
imal semantic supervision rather than dense large-scale annotation. We
present FSDAM (Few-Shot Driver Attention Modeling), a framework
that achieves joint spatial attention prediction and structured expla-
nation generation using 90 annotated examples. Our key insight is to
decompose attention into an explicit reasoning representation, including
scene context, current focus, anticipated next focus, and causal explana-
tion, and to learn next-focus anticipation through minimal-pair supervi-
sion. To address task conflict and large sample requirements of existing
models, and to mitigate task interference under limited data, we intro-
duce a novel dual-pathway architecture in which separate modules handle
spatial prediction and caption generation. In addition, we use a training-
only vision—language alignment mechanism that injects semantic priors
into spatial learning without increasing inference complexity, mitigating
task interference under few-shot training. Despite extreme data scarcity,
FSDAM achieves competitive performance in gaze prediction, and gen-
erates coherent, context-aware structural reasoning for improved inter-
pretability. The model further demonstrates strong zero-shot general-
ization across multiple driving benchmarks. These results suggest that
semantically grounded attention modeling enables data-efficient learning
and provides a scalable path toward explainable driver attention systems
in data-constrained environments.

Keywords: Vision-language coupling - Driver attention - Few-shot learn-
ing
1 Introduction

Driving is a fundamentally visual and anticipatory task. Drivers continuously
allocate attention across traffic signals, pedestrians, vehicles, and road geome-
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Fig. 1: Few-Shot Driving Attention Modeling (FSDAM). (A) Joint prediction
of a gaze map and a structured reasoning (Scene, Current Gaze, Next Gaze, Why).
(B) Key frame selection on BDD-A via KL-divergence mining to select high-change
gaze-transition moments between frame pairs. (C) Dual-pathway design with separate
gaze and caption pathways, coupled through a training-only vision-language alignment
loss. (D) Qualitative gaze predictions across four representative driving scenarios.

try, not only passively reacting to static observation but actively anticipating
potential hazards and right-of-way conflicts. This selective attention critically
shapes situation awareness (SA) and downstream decision-making. Suboptimal
attention allocation with critical actors overlooked remains a major contribu-
tor to traffic accidents, with high crash rates at intersections and during lane
changes [14,25]. Understanding where and why drivers allocate attention is there-
fore essential not only for safety analysis but also for autonomous vehicles (AVs)
operating in mixed-traffic environments. Furthermore, modeling driver atten-
tion enables cross-verification between human intent and machine decisions in
human-AI collaboration, supporting interpretable and trustworthy autonomy.
Despite its importance, modeling driver attention remains challenging. Most
existing approaches formulate attention prediction as a supervised saliency esti-
mation problem, learning spatial gaze distributions from large-scale eye-tracking
datasets. These methods depend heavily on densely annotated data collected un-
der well-represented conditions to stabilize low-level perception [33]. However,
large-scale gaze data collection is costly, privacy-sensitive, and often lacks di-
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versity in safety-critical or rare scenarios [18,26]. Moreover, the combinatorial
growth of traffic configurations makes exhaustive dataset expansion increasingly
impractical [18,33]. This reliance on extensive supervision limits scalability and
generalization to new domains.

Beyond data scarcity, a more fundamental limitation lies in how attention
is conceptualized. Treating driver attention as static perceptual saliency over-
looks its inherently forward-looking and semantically structured nature. Human
drivers do not simply fixate on visually prominent regions; they anticipate fu-
ture events based on traffic rules, agent behaviors, and scene context. Recent
vision—language models (VLMs) offer a promising direction by injecting seman-
tic reasoning into attention modeling. Works such as DriveLM [51], LLada [62],
and GazeXplain [8] demonstrate that coupling spatial attention with language
reasoning improves interpretability and performance. However, these approaches
typically require tens of thousands of annotated samples to jointly align gaze and
language representations, limiting their applicability in data-constrained scenar-
ios.

To address these limitations, we develop FSDAM (Figure 1), a framework
that jointly learns gaze prediction and attention-grounded caption generation
from 90 annotated examples. To our knowledge, this is the first work showing
that attention-conditioned language generation can be learned effectively in a
few-shot regime. We also introduce a next-attention target prior derived from
semantic cues via minimal-pair supervision. Unlike motion-based temporal fore-
casting, our method estimates future gaze positions from a single frame, condi-
tioned on the current scene. We construct supervision by selecting frame pairs
with clear attention shifts and annotating each transition with a structured cap-
tion describing scene context, current focus, anticipated next focus, and causal
rationale. At inference, the model captures the forward-looking nature of hu-
man attention without requiring video input. Our key insight is to couple spa-
tial attention and language understanding as complementary supervision signals
through an explicit, structured attention-reasoning format. Building on this de-
sign, we propose a dual-pathway architecture that decouples gaze prediction
from caption generation, enabling effective joint learning under extreme data
scarcity. In summary, we make the following contributions:

— First few-shot approach for attention-based generation. We are the
first of its kind to achieve joint spatial attention prediction and natural
language explanation in a few-shot learning regime, training from 90 exam-
ples, two orders of magnitude more data efficient than existing joint modeling
approaches [8,62].

— Structured attention reasoning formulation. We reformulate driver at-
tention modeling as structured anticipation rather than static saliency pre-
diction. Specifically, we decompose attention into four explicit components,
including scene context, current focus, anticipated next focus, and causal
explanation, establishing a semantic representation that links spatial gaze
patterns with forward-looking reasoning.
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— Dual-pathway architecture with training-only alignment. We pro-
pose a decoupled gaze-language architecture that mitigates negative transfer
under limited data. A training-only vision—-language alignment mechanism
injects semantic priors into spatial prediction without increasing inference
complexity.

— Data-efficient and transferable attention modeling. Despite training
in a few-shot regime, our method achieves competitive performance against
fully supervised baselines trained on more data and demonstrates strong
zero-shot generalization across multiple driver attention benchmarks.

2 Related Works

2.1 Driver Attention Modeling

Driver attention modeling has been studied as a visual saliency prediction task,
estimating spatial gaze heatmaps from dashcam images or video sequences [62].
Early works applied CNNs to learn correlations between scene features and eye
fixations, while subsequent models incorporated temporal dynamics and multi-
modal inputs using CNN-LSTMs and feature fusion from RGB, optical flow,
and semantic segmentation [2,58]. The SEEV model [52] outlines bottom- up
(salience, effort) and top-down (expectancy, value) factors influencing attention
allocation. Existing models typically emphasize either low-level visual features
or task-level signals such as GPS and traffic semantics [17,25]. These approaches
provide limited insights into the underlying causes of attention allocation beyond
saliency.

2.2 Vision-Language Models for Explainable Attention

Recent work has applied VLMs to enhance attention interpretability through
natural language. “Attention Neural Baby Talk" [39] generates captions high-
lighting hazardous elements by aligning attention masks with descriptions, while
DRAMA [38] pairs videos with QA annotations explaining risk rationale. Large-
scale VLMs like BLIP [31], Flamingo [1], and LLaVA [36] have enabled new
approaches through vision-language pretraining and few-shot learning capabili-
ties [54,59,61].

For driver attention specifically, LLada [62] proposes joint modeling of atten-
tion maps and textual descriptions through their W3DA dataset (~70k samples),
predicting both where drivers look and why attention is allocated. GazeXplain [8]
generates natural language descriptions of gaze scanpaths for general visual at-
tention.

2.3 Few-Shot Learning and Data-Efficient Adaptation

Few-shot learning addresses generalization from minimal examples. In semantic
segmentation, PANet [56] achieves 48.1% mloU with 5 images per class, while
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Fig. 2: Dataset curation pipeline. From BDD-A [58] videos to paired frames, GPT-40
captioning with fixed template, human verification, and final captions. Full details in
supplementary material.

few-shot object detection methods report 15-30% AP with 10-30 examples [12,
23,60]. In generative modeling, DreamBooth [48] personalizes Stable Diffusion
using 3-5 images (CLIP-I 0.74), while UFC [24] achieves 87.3% accuracy with
30 examples versus 89.1% for fully-supervised baselines (10K+ examples).

Parameter-efficient fine-tuning enables adaptation with minimal updates.
LoRA [21] matches full fine-tuning performance while updating 0.01% of pa-
rameters, reducing GPT-3’s trainable parameters from 175B to 4.7M. For VLMs,
LoRA adaptation maintains 95%-+ performance with 10-20M trainable param-
eters [20]. Flamingo demonstrates in- context learning, improving VQAv2 from
49.2% (0-shot) to 63.1% (32-shot) [1], though this approach shows high variance
and struggles with structured outputs like spatial maps [11].

In autonomous driving, few-shot learning remains underexplored. Most at-
tention systems train on hundreds of thousands of frames [13,42,57].

3 Method

We present our few-shot dependent driver attention modeling framework that
jointly models spatial driver attention prediction and structured natural lan-
guage explanation. These two tasks depend on totally different kinds of spatial
understanding, where captioning needs global semantic reasoning while gaze
prediction requires localized spatial sensitivity. A shared cross-attention module
tends to overfit one task and underfit another [16,29]. To address this imbalance,
we introduce a dual-pathway architecture (Figure 3) in which gaze prediction
and caption generation are handled by separate modules while still leveraging
shared visual features. A vision-language alignment mechanism further provides
semantic supervision to spatial prediction, ensuring predicted attention regions
correspond to meaningful visual content. This design enables effective joint learn-
ing despite data scarcity.

3.1 Problem Formulation

Given a driving scene image I € RFXW>3 we jointly predict: (1) a spatial at-
tention distribution G € AS*9 indicating where the driver looks, where AS*S
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Fig.3: Overview of the proposed FSDAM architecture (right). A frozen vision—
language backbone extracts spatial fgatures F; and text embeddings giext. The gaze
pathway predicts the attention map G, while the explanation pathway performs cross-
attention over F; to generate structured reasoning. The training-only vision—language
alignment module (top left) applies contrastive supervision between gaze-weighted
pooled visual features and text features, and backpropagates gradients to the gaze
decoder. The gaze decoder head (bottom left) upsamples F; to produce G.

denotes the probability simplex over an Sx.S grid with S=64, and (2) a struc-
tured attention reasoning representation g following the format:

@\ = (Cscene7 Ccurrenta Cneacta thy) (1)

Here, each C\ is a natural language sentence describing one aspect of the at-
tention state. Specifically, Cscene sSummarizes the global scene context, Ceyrrent
describes the driver’s present focus of attention, Ciexy specifies the likely next
focus of attention (“will check the crosswalk”), and C\py provides the causal ra-
tionale underlying this transition. Together, the four components form a struc-
tured attention reasoning representation that links spatial attention patterns
with high- level semantic explanations, enabling the model to learn gaze behav-
ior from single frames.

Our architecture builds upon LLaVA-Next-1.6 [35], which comprises a CLIP-
ViT-L/14 vision encoder [46] extracting spatial features F; € RB*1024x24x24 fq;
input frame ¢, and a Mistral-7B language model [22] producing image-conditioned
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text embeddings guexy € RE*% where d; is the language model’s hidden dimen-
sion, through multimodal fusion [1,35]. These frozen features feed into specialized
pathways for gaze prediction and caption generation, with task-specific adapta-
tion enabled by LoRA [21]. We optimize 13.6M task-specific parameters (0.2%
of the 7B backbone) while keeping pretrained components frozen to prevent
overfitting.

3.2 Spatial Attention Prediction

The gaze pathway predicts where drivers look. A convolutional decoder upsam-
ples F} from 24 x24 to 64x64 resolution through successive convolution and bilin-
ear upsampling layers [37,47|, then applies spatial softmax to produce G € AS*5.
We supervise with forward KL divergence to encourage covering all human fix-
ation regions:

Lit, = KL(GIG) = 3 Gli, ) log 223 @)

i G(i,j)

Here, G is the ground-truth gaze distribution and i, 7 index spatial positions
over the Sx S grid. This alone produces overly diffuse predictions under limited
data. We augment with a blur-gap regularizer that enforces spatial sharpness by
penalizing predictions whose quality does not degrade under Gaussian smooth-
ing (0=1.0). Specifically, we smooth G to obtain G, then penalize cases where
blurring does not degrade the prediction:

Laase = Lxct, + X - max (0, KL(G||G) — L1, + ), (3)

with A=0.3 and €=0.05. This encourages confident spatial localization by exploit-
ing the sharpness—blur relationship in saliency maps [28], where diffuse predic-
tions degrade minimally under Gaussian smoothing while sharp, well-localized
predictions do not. The gaze pathway receives gradients only from Lg,,. dur-
ing forward passes, with semantic supervision added through alignment (Sec-
tion 3.4).

3.3 Attention-Grounded Caption Generation

Following prefix-tuning [32], we expand giext into M queries via projection Weap,
then perform cross-attention [55] over Fy:

Q = Weap(grext) € RE*M*4 CTX = CrossAttn(Q, K, V). (4)

Mean pooling aggregates M context vectors into Ceap, which a Prefix Adapter
W projects to visual prefix tokens P = W(C.p) conditioning the decoder. We
supervise with autoregressive cross-entropy:

T
[fcap = _Zlogpe(yt | y<t7PaI)a (5)
t=1
where y contains scene description, current attention, next focus of attention,
and causal reasoning. LoRA [21] enables task-specific tuning while keeping most
parameters frozen.
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3.4 Vision-Language Alignment

To ensure predicted attention regions align with semantic content, we introduce
a training-only alignment mechanism. A dedicated cross-attention block pro-
cesses text queries giext to produce text-conditioned features Cgaze. In parallel,
we pool spatial features F; using predicted gaze G | (downsampled to match F}
resolution) as soft weights:

Zvis:ZG\L(imj) Ft[:a:aivj]' (6)
i,
Here, using the model’s own predicted attention as pooling weights maintains
consistency between training and inference [7,19].
Both representations project into a shared 256-dimensional space via learned
projections Pyis and Piyy, producing u¥® = Pyis(2yvis) and u™® = Py (Cgaze). We
align these with InfoNCE contrastive loss [40]:

exp (Sim(u;’is, utt) /1)

1 B
£align i Z IOg B
B 1=1 Z

=1 €XD (sim(uys, ul*t) /7) ’

(7)

?

where sim(+, -) denotes cosine similarity and 7 is a temperature parameter. Gradi-
ents pass through spatial pooling to the gaze decoder, pushing attention toward
semantically relevant regions.

3.5 Training and Inference

We jointly optimize all three objectives through a weighted combination:
L= Wqy Egaze + we Lcap + wq Ealigny (8)

where (wg, we, wq) = (1.0,1.0,0.2) balance gaze prediction, caption generation,
and vision-language alignment. The weights were chosen through a small-scale
grid search on a validation split and were stable across experiments.

Training. We train using AdamW optimizer with separate learning rates for
LoRA and task modules. Training uses mixed precision, gradient accumulation
for an effective batch of 16, and input size 336x336. Only LoRA and lightweight
adapters are updated, totaling 13.6M trainable parameters (~0.2% of the back-
bone). Learning rate is adjusted via a ReduceLROnPlateau scheduler.

Inference. During inference, only gaze and caption branches are active. The
gaze decoder predicts G from visual features Fi, while the caption pathway
generates structured explanations through cross-attention and prefix adaptation.
The alignment module is used only during training and adds no cost at inference.

4 Experimental Setup

Dataset Preparation. We construct a gaze-language dataset from BDD-A
dataset [58], which contains braking event videos selected from large-scale, crowd-
sourced driving video data combined with compiled human gaze data from 6.5
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seconds prior and 3.5 seconds after each braking event. To identify frames captur-
ing meaningful attention transitions, we employ a KL-divergence-based selection
algorithm [50] that detects moments of maximum gaze distribution change be-
tween consecutive frames. Local peaks in the KL divergence curve mark anchor
frames t where attention shifts abruptly. For each anchor, we select a target
frame ¢t + A within [3, 18] frames that maximizes divergence from the anchor,
capturing the strongest future attention transition. Following temporal sampling
strategies from video action recognition [5], we filter clips shorter than 50 frames
and retain the top-K = 2 anchor— target pairs per video for temporal diversity.
Each resulting sample (It, Ity A, Gi, G¢1A) consists of two frames and their cor-
responding gaze maps. We generate structured captions via GPT-4o [41] with
human verification (Figure 2), yielding 90 training examples systematically sam-
pled from the candidate key frame pairs to evenly cover eight driving scenario
categories (see supplementary for the taxonomy and category-wise counts).

Implementation Details. All experiments are implemented in PyTorch [44].
We build on the LLaVA-Next Mistral- 7B backbone, which integrates a CLIP-
based vision tower pretrained on large-scale image—text pairs. The vision—language
backbone remains frozen during training, and only lightweight task-specific com-
ponents (gaze decoder, prefix adapter, alignment head, and LoRA adapters) are
updated. Training is performed on a single NVIDIA GH200 GPU with input
resolution 336x336, batch size 4, and gradient accumulation over 4 steps (effec-
tive batch 16). We use the Adam W optimizer with learning rates of 1x10~* for
LoRA and 2x107* for task heads, a ReduceLROnPlateau scheduler (factor 0.5,
patience 2), and mixed precision of bfloat16.

Evaluation Metrics. We evaluate our model using standard saliency and
captioning metrics. For gaze prediction, we adopt CC, KL, SIM, AUC-J, AUC-B,
and NSS following the official MIT Saliency Benchmark [4]. For caption genera-
tion, we report BLEU, METEOR, ROUGE-L, CIDEr-R, and BERTScore using
the COCO Caption Evaluation Toolkit [9]. All metrics are computed using their
standardized implementations to ensure fair comparison with prior work.

5 Results & Analysis

5.1 Baselines

We evaluate gaze prediction on four datasets: BDD-A [58], DADA-2000 [15],
DR(eye)VE [42], and W3D [62]. We compare against classical saliency/gaze
baselines (U2-Net [45], MINet [43], DBNet [53], DeepLabV3 [6]) and a joint gaze—
language baseline (LLada [62]). Unless noted otherwise, reproduced baselines are
trained on the full BDD-A training split using the official implementations and
evaluated on each dataset’s official test split. To provide a fair few-shot refer-
ence across both classical saliency and joint gaze—language baselines, we retrain
U2-Net and LLada on the same 90-sample BDD-A subset as FSDAM (Table 1,
Few-shot), ensuring differences are not attributable solely to training-data scale.

For captioning, we compare on W3D against fully supervised baselines (Gaz-
eXplain [8], LLada [62]; ~70k samples), zero-shot and in-context models (Qwen-
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Table 1: In-domain driver attention prediction on BDD-A. Bold = best, underline
= second best. * results from original paper (trained on BDD-A). T fine-tuned on 90
BDD-A samples.

Method Training Data CCt KLJ| SIMT AUC-Jt AUC-B1 NSSt
Fully Supervised (Full BDD-A training set)

U2-Net [45] Full BDD-A 0.56 1.50 0.47 0.94 0.88  3.95
MINet [43] Full BDD-A 0.46 10.30 0.16  0.89 0.82  3.67
DBNet [53] Full BDD-A 0.57 1.30 0.41 0.95 0.91 441
DeepLabV3 [6] Full BDD-A 0.47 9.62 0.21 0.97 0.75  2.56
LLada™ [62] Full BDD-A 0.60 1.16 0.47 - - -
Few-Shot (90 BDD-A samples)

U2-Net! 145] BDD-A-90 0.10 3.43 0.13 0.74 0.68  0.63
LLada' [62] BDD-A-90 0.37 1.86 0.32 091 081 2091
FSDAM (Ours) BDD-A-90 0.60 1.13 0.43 0.96 0.91 4.10

VL [3], LLaVA [36]), and few-shot two-stage baselines pairing gaze models with
LLaVA (DeepGazellE [34]+LLaVA, MLNet [10]+LLaVA), trained on our same
90 BDD-A samples. Additional analyses and experiments are provided in the
supplementary material.

5.2 Quantitative Analysis

Spatial Attention Prediction Table 1 and Table 2 report quantitative results
for driver attention prediction across four datasets. Table 1 evaluates in-domain
performance on BDD-A under both fully supervised and few-shot regimes. Ta-
ble 2 evaluates zero-shot transfer to DADA-2000, DR (eye)VE, and W3D, where
all baselines are trained on full BDD-A and FSDAM uses only 90 samples. All
reproduced models were trained on BDD-A for consistency. FSDAM provides
a strong balance between sample efficiency and predictive accuracy. With only
90 training samples, it reaches performance that aligns with or exceeds models
trained on much larger datasets, including W3D with ~70K frames, DADA-2000
with 658K frames, and DR(eye)VE with 555K frames.

In-domain Table 1. On BDD-A [58], FSDAM obtains the lowest KL di-
vergence at 1.13. This improves over LLada [62] by 2.6% and over DBNet [53]
by 13%. It matches LLada [62] in CC at 0.60 and ranks second in NSS at 4.10,
indicating better spatial attention prediction. Compared to the fully supervised
MINet [43], FSDAM improves CC by 30% and reduces KL divergence by 89%,
which highlights its effectiveness with limited data. In the few-shot setting, classi-
cal saliency models such as U2-Net [45] degrade severely to CC=0.10, confirming
that appearance-based features cannot generalize under extreme data scarcity.
LLada! [62], despite sharing the same VLM backbone, also drops substantially
to CC=0.37 and KL=1.86, demonstrating that vision-language alignment alone
is insufficient without our dual-pathway few-shot design.

Cross-dataset transfer Table 2. Our cross-dataset evaluation demon-
strates the strong transferability of our approach. On DR(eye)VE [42], FSDAM
reaches the lowest KL divergence at 0.77, improving over LLada [62] by 26% and
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Table 2: Zero-shot cross-dataset transfer for driver attention prediction. All baselines
are trained on the full BDD-A training set; FSDAM uses only 90 BDD-A samples. No
target-domain fine-tuning is applied for any method. Bold = best, underline = second
best.

Method Training Data DADA-2000 DR(eye) VE W3D

CCt KL| SIM? AUC-J AUC-B} NSSt CCt KL SIMt AUC-Jt AUC-Bf NSST CCt KL| SIM{ AUC-Jt AUC-Bf NSSt
U2-Net [45] Full BDD-A 042 2.18 0.37 091  0.82 273 0.57 152 045 090 082 320 044 210 037 090 081 281
MINet [43] Full BDD-A 0.32 1045 0.14 082  0.73 202 0.44 887 0.36 0.84 080 265 0.35 10.51 0.14 083  0.77 254
DBNet [53] Full BDD-A 041 1.89 029 093 085 3.08 0.48 1.79 0.29 0.91 0.85 3.71 047 1.77 0.33 093  0.86 3.50
DeepLabV3 [6]  Full BDD-A 042 10.26 0.19 0.96  0.73 2.23 0.67 878 047 0.91  0.84 274 0.53 9.70 0.32 0.95 081 2.35

FSDAM (Ours) BDD-A-90 (few-shot) 0.44 1.64 0.33  0.92 0.86 295 0.61 0.77 0.54 0.91 0.84 4.04 0.53 1.27 0.44 0.91 0.87  3.50

DBNet [53] by 57%. It also achieves the highest SIM at 0.54, a 20% gain over
UZ2-Net [45]. This shows that vision-language alignment helps capture domain
stable attention cues that transfer to highway scenarios.

On DADA-2000 [15], FSDAM maintains competitive performance while using
far fewer samples, achieving the best KL divergence at 1.64 with a 10% gain
over LLada [62] and a 13% gain over DBNet [53]. On W3D, FSDAM matches
DeepLabV3 [6] in CC at 0.53 and beats LLada in KL divergence at 1.27 by 13%.
It also achieves the second best SIM at 0.44 and NSS at 3.50.

Together, these results reveal that strong driver attention modeling does
not require exhaustive gaze supervision. FSDAM consistently matches or out-
performs fully supervised baselines across diverse driving scenarios, indicating
that our dual-pathway vision-language design captures transferrable, semanti-
cally grounded attention cues absent from data-intensive saliency models.

Caption Prediction Analysis Table 5 presents caption generation perfor-
mance across three driving categories on the W3D dataset. Despite training un-
der our few-shot regime, FSDAM achieves results approaching fully trained base-
lines trained on the full W3D dataset. In normal driving scenarios, FSDAM at-
tains BLEU 0.42, METEOR 0.37, and CIDEr-R 0.83, closely approaching LLada
(BLEU 0.44, METEOR 0.36, CIDEr-R 0.96) trained on ~70k samples. Gener-
alization holds across challenging scenarios, with competitive scores in safety-
critical situations (BLEU: 0.35, METEOR: 0.33, CIDEr-R: 0.47) and traffic acci-
dents (BLEU: 0.33, METEOR: 0.35, CIDEr-R: 0.84). Among few-shot baselines,
two-stage approaches (DeepGazellE [34]+LLaVA, MLNet [10]+LLaVA) achieve
BLEU scores no higher than 0.26 across all scenarios, while FSDAM consistently
exceeds 0.33 across normal driving, safety-critical, and accident scenarios. Zero-
shot and in-context models remain limited across all scenarios (BLEU < 0.21),
confirming that task-specific grounding is necessary for reliable driver caption
generation.

5.3 Qualitative Results

Figure 4 compares FSDAM against fully-supervised U2-Net [45] and DeepLabV3 [6].
In multi-agent scenarios (rows a, ¢, ¢), FSDAM produces broader attention cov-
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Table 3: Comparison of captioning performance across driving scenarios on W3D
dataset. Fully-trained baselines use the original W3D training data, Zero-shot and ICL
models require no fine-tuning, and our FSDAM and few-shot baselines are trained on
a 90-sample BDD-A subset. Higher is better.

Method I Training Regime | Normal Driving |  Safety-Critical Situation | Traffic Accident
| [BLEU METEOR ROUGE CIDEr-R|BLEU METEOR ROUGE CIDEr-R|BLEU METEOR ROUGE CIDEr-R
Fully Trained on W3D

GazeXplain® [8] Full-data (W3D) [~70k samples| | 0.31  0.30 022 042 019 029 037 055 |017 020 044 0.66
LLada’ [62] Full-data (W3D) [~70k samples] | 0.44 036  0.58 0.96 |0.44 038 059 123 |0.38 032 052 100
Zero-shot and In-Contest Models

Qwen-VL [3] Zero-shot (no training) 010 019 028 034 019 021 029 013 | 008 021 029 012
LLaVA [36] Zero-shot (no training) 012 014 023 035 | 013 019 011 010 | 017 026 019 013
Qwen-VL [3] In-context learning (no fine-tuning)| 0.13  0.18 022 036 |021 017 030 023 |012 024 033 015
Few-shot Learning (BDD-A 90 samples)

DeepGazel [27] + LLaVA  [Few-shot 012 023 028 004 |013 022 030 018 |015 021 031 0.17
DeepGazellE [34] + LLaVA [Few-shot 011 018 026 017 | 011 020 032 013 |01l 019 034 010
MLNet [10] + LLaVA Few-shot 013 019 027 031 | 026 020 032 012 | 013 018 033 028
FSDAM (Ours) Few-shot 042 037 048 083 |035 033 046 047 | 033 035 034 084

erage spanning peripheral pedestrians, intersection agents, and turning trajec-
tories, whereas baselines concentrate on single targets or exhibit fragmented hot
spots. In focused tasks (row d), all methods comparably localize attention to
the lane-changing vehicle’s brake lights. Row (b) reveals a shared limitation: all
methods miss the distributed ground-truth pattern across both the lead vehicle
and a right-side pedestrian. Overall, FSDAM achieves superior spatial cover-
age in complex scenes while maintaining competitive precision, validating that
vision-language alignment enables effective few-shot attention learning.

5.4 Few-Shot Learning Analysis

Figure 5 presents the impact of varying support set sizes on gaze prediction
performance across six metrics. FSDAM demonstrates efficient learning dynam-
ics, with substantial improvements from 1-shot to 5-shot settings. Performance
gains are most pronounced between 1-shot and 3-shot (e.g., NSS increases from
2.32 to 3.64, CC improves from 0.41 to 0.53), after which improvements plateau.
Notably, our 5-shot model achieves performance (CC 0.58, SIM 0.43, NSS 4.09,
KL 1.17) that closely approaches the full-data baseline (CC 0.60, SIM 0.43, NSS
4.10, KL 1.13), recovering 96.7% of full-data CC performance and 99.8% of NSS
performance with only five support samples. KL. divergence shows a consistent
reduction from 1.74 to 1.17 as support size increases, indicating improved dis-
tributional alignment between predicted and ground-truth gaze. Importantly,
the fact that SIM saturates early (SIM 0.43 at 5-shot matches the full-data
SIM 0.43) suggests that the model rapidly learns the overall attention shape,
while additional shots primarily refine correlation and peak alignment reflected
by CC/NSS. This trend is consistent with our design goal: training-only vision—
language alignment provides a strong semantic prior, and the gaze pathway then
sharpens spatial localization as supervision increases. Overall, meaningful gaze
predictions emerge from minimal supervision, with performance saturating after
3-5 examples.
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Scene GT Ours U2NET DeeplabV3

Fig. 4: Qualitative comparison of driver attention prediction on BDD-A test scenes
showing input image (left) and attention heatmaps from ground truth, FSDAM (90
samples), U2-Net [45], and DeepLabV3 [6].

5.5 Ablations

We conduct systematic ablation experiments to assess each component’s con-
tribution in FSDAM. For gaze prediction, we evaluate on the official BDD-
A test set. For caption generation, we evaluate on 49 curated samples with
structured explanations, comprising all available test samples with complete
four-component annotation. We compare four variants: Gaze-Only trains only
gaze prediction; Caption-Only trains only caption generation; Shared Cross-
Attention uses a single cross-attention module for both tasks; and Full FS-
DAM uses task-specific cross-attention modules with vision—language align-
ment.

Figure 6 shows a consistent performance hierarchy across both tasks. The
shared cross-attention variant provides marginal gains over single-task baselines
but degrades gaze prediction (4% higher KL divergence), indicating negative
transfer. In contrast, full FSDAM achieves substantial improvements: 31.9%
KL reduction, 43.3% SIM improvement, and 66.7% NSS improvement
for gaze prediction, alongside 32.4% ROUGE-L, 7.1% CIDEr-R, and 3.4%
BERTScore improvements for caption generation, all relative to single-task
baselines. This hierarchy (single-task < shared < dual-pathway) validates three
design principles: (1) multi-task training can improve overall performance by
leveraging shared visual representations; (2) forcing both tasks to share a single
cross-attention module induces negative transfer (e.g., higher KL divergence);
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cc

Gaze Prediction Caption Generation

Metric Value

KL Div | SIM 1 NSS 1 ROUGE-Lt  CIDE-RT  BERTScore

Full

1-shot 4-shot

[ Single-Task Baseline ~ BEEN Shared Cross-Attention ~ HEEN Full FSDAM

3-shot 5-shot

Fig.5: Few-shot learning perfor- Fig.6: Ablation study comparing four ar-
mance on BDD-A. Metrics CC, SIM,  chitectural variants. Dual-pathway FSDAM
NSS, AUC-J, AUC-B, and KL (in- achieves the largest gains for both gaze pre-
verted) are min-max normalized to diction and caption generation.

[0,1]; larger area = better.

and (3) decoupled pathways with training-only vision—language alignment yield
the strongest and most consistent gains across both tasks.

6 Conclusions

We present FSDAM, a framework that achieves joint gaze prediction and natural
language explanation from 90 training examples. Through a dual-pathway ar-
chitecture with training-only vision-language alignment, FSDAM achieves com-
petitive performance against fully-supervised baselines across four benchmarks
(BDD-A, DR(eye)VE, DADA-2000, W3D). Ablation results confirm that task-
specific cross-attention pathways prevent negative transfer, and that vision—
language alignment provides meaningful semantic supervision to spatial predic-
tion without increasing inference complexity. Few-shot learning analysis further
shows that meaningful gaze predictions emerge from as few as 3-5 examples,
with performance rapidly approaching the full-data regime. Our results demon-
strate the effectiveness of this approach across multiple benchmarks. The model
generates contextually grounded explanations across diverse driving scenarios,
from normal conditions to safety-critical situations and accidents. Future direc-
tions include temporal modeling through video inputs and explicit handling of
distributed attention patterns to further improve anticipation accuracy in dy-
namic scenarios. Generalization to extreme weather conditions such as heavy
rain or fog remains an open direction for future validation.
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