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Abstract

Predicting human scanpaths during visual search is im-
portant for understanding goal-directed attention and for
building attention-aware systems. Recent work, notably
HAT [30], has established strong baselines using trans-
former architectures with supervised ResNet-50 backbones.
We propose FlowScan, which modifies the HAT framework
in three ways: (1) it replaces the supervised backbone with
a frozen self-supervised DINOv3 [26] vision transformer;
(2) it adapts the deformable pixel decoder to operate on
frozen ViT tokens and introduces soft-argmax fixation de-
coding; and (3) it adds a flow matching (FM) [19] aux-
iliary head that regularizes the decoder’s internal repre-
sentation, even though this head is discarded at inference.
We evaluate FlowScan on the COCO-Search18 dataset [4]
under the target-present condition. FlowScan achieves a
Sequence Score of 0.603 and a Semantic Sequence Score
of 0.538, outperforming HAT retrained on the same test
split (SS 0.575, SemSS 0.499) across all five evaluation
metrics. Ablation studies show that each component con-
tributes meaningfully: self-supervised ViT features improve
spatial similarity over ResNet-50 (+12.4% SS), flow match-
ing regularization yields a further +12.2% SS despite being
discarded at inference, and the deformable pixel decoder
adds another +3.8% SS through multi-scale feature fusion.

1. Introduction
Visual search is a fundamental component of everyday hu-
man behavior. When looking for an object in a scene, the
human visual system generates a sequence of fixations—a
scanpath—that reflects the interplay of bottom-up saliency,
top-down task guidance, and memory for previously in-
spected locations [12, 28]. Computationally predicting
these scanpaths has applications in human-computer inter-
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action, assistive technology, image retrieval, and in probing
the cognitive mechanisms underlying visual attention [2].

Traditional saliency models predict where people look
on average, producing a single probability map over loca-
tions [13, 16]. However, scanpath prediction is inherently
sequential: each fixation depends on the task, the scene,
and potentially on the full history of prior fixations. Recent
deep learning approaches have therefore formulated scan-
path prediction as an autoregressive generation task con-
ditioned on the search target category [17, 23, 29, 30].
Among these, HAT (Human Attention Transformer) [30]
currently represents the state of the art on the COCO-
Search18 benchmark [4]. HAT uses a supervised ResNet-50
backbone [10] trained end-to-end, a multi-scale deformable
attention pixel decoder, a foveated working memory, and
a transformer encoder-decoder that autoregressively gener-
ates fixation heatmaps conditioned on a learned task query.

Despite its strong performance, HAT’s backbone re-
lies on supervised ImageNet features, which may not cap-
ture the rich semantic structure needed for task-guided vi-
sual search. Moreover, the model is trained purely with a
heatmap-based loss, which supervises the peak of the pre-
dicted fixation distribution but only indirectly constrains the
internal representation of fixation coordinates. This raises
two questions: (i) can modern self-supervised ViT back-
bones provide stronger feature representations for scanpath
prediction, and (ii) can we more directly regularize the de-
coder representation to encode precise fixation coordinates
without increasing inference cost?

In this work, we propose FlowScan, which modifies the
HAT architecture with three complementary improvements.
(1) Self-supervised backbone. We replace HAT’s su-
pervised ResNet-50 with a frozen DINOv3 [26] vision
transformer trained on a large-scale curated dataset (LVD-
142M). Self-supervised features from DINO-family models
encode rich semantic correspondences [3, 25], spatial struc-
ture, and object-level groupings without requiring labeled
data. These properties are particularly well suited to visual
search, where the model must understand scene semantics,



object boundaries, and task-relevant regions.
(2) Adapted deformable pixel decoder with soft-argmax
decoding. We adapt HAT’s multi-scale deformable atten-
tion pixel decoder [31] to operate on frozen ViT patch
tokens rather than end-to-end ResNet features, and reim-
plement deformable attention entirely in PyTorch without
custom CUDA kernels. We also add soft-argmax fixation
decoding to obtain sub-pixel precision from the predicted
heatmaps.
(3) Flow matching regularization. We add an auxiliary
flow matching [19] head that learns a velocity field trans-
porting Gaussian noise to fixation coordinates, conditioned
on the decoder’s output. This head is trained jointly with
the primary heatmap objective but is not used at inference.
By providing a complementary gradient signal that directly
supervises fixation coordinates, the flow matching head acts
as a regularizer that improves the quality of the learned de-
coder representation without adding inference-time cost.

We evaluate FlowScan on the COCO-Search18 dataset
under the target-present condition using standard scanpath
metrics: Sequence Score (SS), Semantic Sequence Score
(SemSS), and conditional saliency metrics (cNSS, cAUC,
cIG). Our contributions are:
• We systematically demonstrate that frozen self-

supervised ViT backbones substantially outperform
a supervised ResNet-50 backbone for scanpath predic-
tion (+12.4% SS).

• We show that flow matching regularization yields a
+12.2% SS improvement despite being discarded at in-
ference, acting as a powerful decoder representation reg-
ularizer.

• Using the authors’ code, we retrain HAT on our data split
for a fair head-to-head comparison and find that FlowS-
can outperforms HAT on all five metrics (SS 0.603 vs.
0.575, SemSS 0.538 vs. 0.499) under an identical evalu-
ation protocol.

2. Related Work

2.1. Scanpath Prediction
Early scanpath prediction models were predominantly rule-
based or relied on handcrafted features, often building on
saliency-based attention mechanisms [2, 13]. Itti et al. [13]
introduced an influential bottom-up saliency model based
on feature contrast, later extended with inhibition-of-return
to generate sequential fixations. Guided Search theory [27,
28] formalized the role of top-down task demands in visual
search, motivating models that combine bottom-up saliency
with task-conditioned guidance.

The COCO-Search18 dataset [4] enabled large-scale,
data-driven scanpath prediction for goal-directed visual
search by providing fixation sequences across 18 target cat-
egories. Yang et al. [29] proposed an inverse reinforce-

ment learning (IRL) model that learns reward functions
from human scanpaths for target-present search on COCO-
Search18. Chen et al. [5] extended this work to target-
absent search and introduced Fixation-to-Fixation Models
(FFMs), which use recurrent networks to predict transitions
between successive fixations. Gazeformer [23] adopted a
transformer encoder-decoder architecture for scanpath pre-
diction, demonstrating the benefit of attention mechanisms
for modeling fixation sequences in goal-directed search.

HAT [30] unified various scanpath prediction tasks
within a single transformer-based architecture. It intro-
duced a foveated working memory that maintains both pe-
ripheral and foveal representations of the scene, processed
by a transformer encoder-decoder with task-conditioned
queries. HAT established the current state of the art on
COCO-Search18 across multiple scanpath metrics, includ-
ing sequence-similarity measures such as SemSS and Mul-
tiMatch [5, 8, 14].

Beyond HAT and Gazeformer, several recent models fur-
ther explore scanpath prediction, including gaze scanpath
transformers with spatiotemporal embeddings on COCO-
Search18 [24] and object-level attention transformers that
operate on sequences of object fixations on other visual
search datasets [9].

More recently, UniAR [17] proposed a unified multi-
task model that jointly predicts saliency maps, scanpaths,
and subjective quality ratings across diverse visual domains
using text-conditioned prompting. UniAR reported SemSS
and MultiMatch scores on COCO-Search18 [5, 8, 14]; how-
ever, it uses a different evaluation protocol (no explicit
target-present/target-absent split and a different metric sub-
set) that prevents direct numerical comparison with HAT or
our work.

2.2. Self-Supervised Visual Features
Self-supervised learning has produced visual representa-
tions that rival or exceed supervised features on many down-
stream tasks [3, 11, 25]. DINO [3] showed that self-
supervised vision transformers learn features that encode
semantic object boundaries and can support unsupervised
segmentation. DINOv2 [25] scaled this approach with a
larger curated dataset and improved training, yielding ver-
satile features used across classification, segmentation, and
depth estimation. DINOv3 [26] further refines this line of
work, combining large-scale data curation with architec-
tural improvements such as register tokens [7] to produce
high-quality dense features for a wide range of vision tasks.

In the context of gaze prediction, backbone features
directly influence the model’s ability to represent task-
relevant semantics. Kümmerer et al. [16] demonstrated
that deeper supervised CNN features substantially improve
fixation density prediction. To our knowledge, the po-
tential of modern self-supervised features—such as DI-



NOv2/DINOv3 backbones—for scanpath prediction has
not been systematically studied.

2.3. Flow Matching
Flow matching [19] is a simulation-free framework for
training continuous normalizing flows. Given paired sam-
ples (x0, x1) from noise and data distributions, flow match-
ing learns a velocity field vθ(xt, t) that transports x0 to x1

along the path xt = (1− t)x0 + tx1. The training objective
is:

LFM = Et,x0,x1

[
∥vθ(xt, t | c)− (x1 − x0)∥2

]
, (1)

where c is a conditioning context. In this work, we use flow
matching not as a generative mechanism but as an auxiliary
regularizer that encourages the model’s decoder to encode
precise fixation coordinates in its output representation.

3. Method

FlowScan builds on the HAT [30] framework with three
modifications: (1) a frozen self-supervised backbone, (2) an
adapted deformable pixel decoder with soft-argmax fixation
decoding, and (3) a flow matching auxiliary head. We de-
scribe each component below.

3.1. Backbone
HAT uses a supervised ResNet-50 [10] backbone that is
trained end-to-end alongside the rest of the model. We in-
stead use a frozen self-supervised vision transformer, DI-
NOv3 ViT-B/16 [7, 26], trained with self-distillation on a
large-scale curated web dataset building on the LVD-142M
corpus introduced in DINOv2 [25].

DINOv3 introduces register tokens [7] that reduce atten-
tion artifacts and improve patch feature quality. Input im-
ages are resized to 320 × 512, producing a 20 × 32 grid of
768-dimensional patch tokens. By freezing the backbone
(85.7M parameters), only ∼11M parameters are trainable,
enabling efficient single-GPU training in ∼4 hours.

3.2. Deformable Pixel Decoder
HAT’s pixel decoder uses multi-scale deformable attention
(MSDeformAttn [31]) over ResNet feature maps trained
end-to-end. We adapt this design to operate on frozen ViT
patch tokens and reimplement deformable attention in pure
PyTorch, avoiding custom CUDA kernels. Backbone to-
kens are first projected to dimension d = 256 and reshaped
into a 2D feature map, which is then downsampled via
strided convolutions to form a 3-level feature pyramid net-
work (FPN). Six layers of deformable attention (8 heads, 4
sampling points per head per level) process the multi-scale
features, enabling cross-scale information exchange.

The decoder output is split into two feature levels:

• P1 (coarse): a linear projection of the encoder output at
the original grid resolution (20× 32), used for peripheral
scene context;

• P4 (fine): a learnable 4× upsampling via transposed con-
volution, producing a 79×127 feature map used for foveal
crops and dense heatmap prediction.

Both levels have dimensionality d = 256.

3.3. Foveated Working Memory

Following HAT, we represent the visual input through a
foveated working memory that mirrors the human visual
system’s dual-resolution processing. At each generation
step, the memory consists of:
• Peripheral tokens (7 × 7 = 49 tokens): obtained by

adaptive average pooling of P1 to a fixed grid, provid-
ing coarse whole-scene context shared across all fixation
steps.

• Foveal tokens (7× 7 = 49 tokens per fixation): cropped
from P4 at each fixation location, capturing fine-grained
spatial detail around the currently attended region.

Each token receives learnable scale embeddings (peripheral
vs. foveal), temporal embeddings (fixation order), and spa-
tial position embeddings. For a history of k fixations, the
memory therefore contains 49 + 49k tokens in total.

3.4. Transformer Encoder-Decoder

The working-memory tokens are processed by a 3-layer
transformer encoder with pre-norm layer normalization, 4
attention heads, and feedforward dimension 4d = 1024. A
task-conditioned decoder then cross-attends to the encoded
memory.
Task conditioning. Following HAT, we use a learned em-
bedding for each of the 18 COCO-Search18 target cate-
gories. The task embedding serves as the initial query to a 6-
layer transformer decoder that cross-attends to the encoded
memory. The decoder output is a single d-dimensional fea-
ture vector that encodes the predicted next fixation.

3.5. Output Heads

Dense heatmap head. The decoded query is projected
through a 2-layer MLP (d → d, ReLU) and compared
against P4 features via a pixel-wise dot product. This pro-
duces an initial fixation score map, which is normalized
with a spatial softmax to obtain a fixation probability dis-
tribution. A lightweight refinement CNN (Conv 1 → 16,
GroupNorm, ReLU, Conv 16 → 1) then outputs the final
fixation probability heatmap at P4 resolution (79 × 127).
During training, this heatmap is supervised with a focal
loss [18] against a Gaussian-blurred ground-truth fixation
target (σ = 1.5 pixels; see Section 4.7).
Soft-argmax decoding. Rather than taking the raw argmax
of the heatmap, we apply soft-argmax within a local 9 × 9



Image
3×320×512

Task Query
1 of 18 categories

Fixation History
previous k fixations

Frozen DINOv3 ViT-B/16
85.7M params (frozen) · self-supervised

20×32 patch tokens
768-dim

Deformable Pixel Decoder
Conv 1×1 (768 256) · strided downsampling

MSDeformAttn 6L · 8H · 3 scales · 4 pts

P1  Coarse
20×32×256 · peripheral context

P4  Fine
79×127×256 · 4× upsample · foveal

Foveated Working Memory

Peripheral Tokens
AvgPool  7×7 = 49 tok

Foveal Tokens
Crop at fixation · 7×7 = 49×k tok

cr
op

 c
en

te
rs

+ scale emb. + temporal emb. + spatial pos. emb.  49 + 49k tokens

Transformer Encoder
3 layers · 4 heads · d=256 · pre-norm LN

Task-Conditioned Decoder
6 layers · 4 heads · d=256

cross-attention to encoded memory

ta
sk

 e
m

be
dd

in
g

Decoded Query (256-d)

Dense Heatmap Head
MLP (256 256) + dot P4

softmax  refine CNN
focal loss ( =1.5)

P4
 fe

at
ur

es

Flow Matching
3-layer MLP
v (x , t | c)

Termination Head
MLP 256 128 1
P(stop) · BCE loss

Soft-Argmax
9×9 window · sub-pixel

Next Fixation
(x, y) coordinates

Stop?

au
to

re
gr

es
siv

e 
lo

op
(m

ax
 K

=6
 st

ep
s)

Predicted ScanpathTraining Loss
 = _heat· _focal + _FM· _FM + _term· _term

_heat=1.0  _FM=0.5  _term=1.0
 dashed = discarded at inference

INPUT

BACKBONE

PIXEL DECODER

WORKING MEMORY

TRANSFORMER

OUTPUT HEADS

No

Yes

TRAIN ONLY

Figure 1. FlowScan architecture. A frozen DINOv3 backbone extracts patch tokens, which are processed by a deformable pixel decoder
into coarse (P1) and fine-grained (P4) representations. Foveated Working Memory constructs a token sequence from peripheral context
(pooled P1) and foveal crops (from P4 at each fixation location). A transformer encoder processes the memory, and a task-conditioned
decoder generates a query that drives the dense heatmap head with soft-argmax decoding. The flow matching head (dashed) is trained as
an auxiliary objective and discarded at inference.



window around its peak. The predicted fixation coordi-
nate is the probability-weighted centroid within this win-
dow, providing sub-pixel precision.
Termination head. A two-layer MLP (256 → 128 → 1,
ReLU, dropout) predicts the probability that the current fix-
ation is the last in the scanpath, trained with binary cross-
entropy.
Flow matching head (auxiliary). When enabled, a 3-layer
MLP implements a velocity field vθ(xt, t | c) conditioned
on the decoder output c. Given a ground-truth next fixation
x1 ∈ [0, 1]2 (normalized image coordinates) and noise x0 ∼
N (0, I), we construct the interpolant xt = (1− t)x0 + tx1

for t ∼ U(0, 1) and regress the target velocity v∗ = x1−x0:

LFM = ∥vθ(xt, t | c)− v∗∥2. (2)

This auxiliary loss directly supervises fixation coordinates
through the decoder features and complements the heatmap-
based focal loss. The FM head contains only ∼150K pa-
rameters (∼1.4% of the 11M trainable parameters), and its
training overhead is negligible: a single forward–backward
pass through a 3-layer MLP, with gradients flowing into
the already-computed decoder features. Crucially, the flow-
matching head is used only during training and is discarded
at inference, so it introduces no additional cost during scan-
path generation. We note that the learned velocity field
could in principle be used at inference to generate diverse
fixation samples via stochastic ODE integration, which we
leave for future work (Section 5).

3.6. Training Objective
The total training loss L is defined as a weighted combina-
tion of three components:

L = λheatLfocal + λFMLFM + λtermLterm, (3)

where Lfocal and Lterm are the primary objectives adopted
from the HAT framework [30]. Lfocal is the focal loss ap-
plied to the predicted fixation heatmap against a Gaussian-
blurred ground truth, while Lterm is a binary cross-entropy
loss used to train the termination head. Our novel contribu-
tion, LFM, is the auxiliary flow matching loss defined in Eq.
2, which regularizes the decoder’s internal representation by
regressing target velocities toward fixation coordinates.

3.7. Scanpath Generation
At inference time, scanpaths are generated autoregressively.
Given an image and task category, the model starts from an
initial fixation at the image center (following the COCO-
Search18 protocol [4]). At each step, the model: (1) builds
the working memory from the current fixation history;
(2) encodes the memory and decodes a task-conditioned
query; (3) predicts a heatmap and selects the next fixation

via soft-argmax; and (4) predicts a termination probabil-
ity. Generation continues for up to K = 6 steps (exclud-
ing the initial fixation) or until the termination probability
exceeds 0.5, following the HAT [30] protocol for target-
present search.

4. Experiments
4.1. Dataset
We evaluate on COCO-Search18 [4], the standard bench-
mark for task-driven scanpath prediction. The dataset con-
tains fixation sequences from 10 participants searching for
18 COCO object categories across 6,202 images. We focus
on the target-present (TP) condition, where the search tar-
get exists in the image and scanpaths end when the target is
fixated.
Data splits. As Coco-search’s original testset is not pub-
licly available, we randomly split the validation set to vali-
dation/test sets using a 70/30% ratio (seed 42), yielding 977
test scanpaths covering 319 image-task pairs. Since the ex-
act test split used by HAT [30] was not publicly released, we
retrain HAT on our split using the authors’ code for a fair
comparison. All models (ours and HAT retrained) use the
same test split, ensuring valid head-to-head comparisons.

4.2. Evaluation Metrics
We report the following standard metrics, employed also by
HAT [30]:
• Sequence Score (SS): Measures spatial similarity be-

tween predicted and ground-truth fixation sequences us-
ing MeanShift clustering [6] and Needleman-Wunsch
string matching. Higher is better.

• Semantic Sequence Score (SemSS): Evaluates semantic
similarity by mapping fixations to their underlying object
categories using COCO panoptic segmentation [15] an-
notations (133 categories) and applying string matching.
Higher is better.

• Conditional Information Gain (cIG): Information gain
of predicted fixation density maps relative to a center-bias
baseline, evaluated at ground-truth fixation locations [16].
Higher is better.

• Conditional NSS (cNSS): Normalized scanpath saliency
of the predicted fixation density map, evaluated at
ground-truth fixation locations. Higher is better.

• Conditional AUC (cAUC): Area under the ROC curve
for the predicted fixation density map. Higher is better.

Following HAT, conditional metrics (cIG, cNSS, cAUC) are
computed per-step, conditioning on the fixation history up
to that point.

4.3. Implementation Details
All models use hidden dimension d = 256, 4 attention
heads, 3 encoder layers, 6 decoder layers, and dropout 0.1.



Table 1. Main results on COCO-Search18 target-present
search. ↑: higher is better. Bold: best, underline: second best.
HAT retrained and FlowScan use the same test split (seed 42).
HAT (published) uses a different split and is shown for reference
only. SemSS is panoptic (80 ”things” + 53 ”stuff” = 133 COCO
categories in total).

Method SS↑ SemSS↑ cIG↑ cNSS↑ cAUC↑

Reference (different split, from [30]):
IRL [29] 0.422 0.486 −9.709 1.977 0.913
Chen et al. [4] 0.445 0.518 −1.273 2.606 0.956
FFMs [5] 0.451 0.500 1.548 2.376 0.932
Gazeformer [23] 0.489 0.499 — — —
HAT [30] 0.470 0.543 2.399 5.086 0.977

Same test split:
HAT retrained 0.575 0.499 2.491 4.649 0.915
FlowScan (ours) 0.603 0.538 2.759 4.810 0.928

The deformable pixel decoder uses 6 layers, 8 heads, 3 fea-
ture levels, and 4 sampling points. The foveated memory
uses 7× 7 (49) peripheral and foveal tokens. We train with
AdamW [20] (learning rate 10−4, weight decay 10−2) with
early stopping on validation loss. Regarding the loss defined
in Eq. 3, we use λheat = 1.0, λFM = 0.5, and λterm = 1.0.
The selection of loss weights and the ground-truth heatmap
scale (σ) are justified through empirical sensitivity analy-
ses, detailed in Sec. 4.7. When flow matching is disabled
(baseline models), LFM is set to 0. The final model (de-
formable pixel decoder) trains for 20 epochs with batch
size 24 and patience 7; FPN-based ablations use 30 epochs,
batch size 32, and patience 10. Input images are resized to
320 × 512 (matching HAT). The backbone is frozen; only
the pixel decoder, working memory, transformer encoder-
decoder, and output heads are trained (∼11M trainable pa-
rameters). Training uses a single NVIDIA RTX 4090 GPU
and takes approximately 4 hours per model. Ground-truth
heatmaps use Gaussian blur with σ = 1.5 pixels (see Sec-
tion 4.7).

For the HAT retrained baseline, we use the official HAT
codebase with default hyperparameters on our data split.

4.4. Main Results
Table 1 presents our main comparison. All models in the
“same test split” block are evaluated on identical data.
Published vs. retrained HAT. The original HAT results
[30] were reported on a private data split and an evalua-
tion protocol that are not publicly available. As shown in
Table 1, retraining HAT on our open split yields a substan-
tially higher Sequence Score (0.575 vs. 0.470) but lower
values in other conditional metrics. These non-negligible
shifts across all measures confirm that performance may be
highly sensitive to the specific train/test partition and metric
implementation. To ensure a mathematically rigorous and

Table 2. Backbone comparison (FPN pixel decoder, FM en-
abled). All backbones frozen. Same test split.

Backbone Pre. SS↑ SemSS↑ cIG↑ cNSS↑ cAUC↑

ResNet-50 Sup. 0.517 0.439 −0.31 3.25 0.816
ViT-B/16 Sup. 0.568 0.490 1.30 3.83 0.871
DINO ViT-B/16 SSL 0.559 0.473 1.51 3.90 0.887
DINOv2 ViT-B/14 SSL 0.586 0.514 1.83 4.19 0.896
DINOv3 ViT-B/16 SSL 0.581 0.501 2.11 4.17 0.901

fair head-to-head comparison, we rely exclusively on the
retrained HAT baseline. This ensures that both FlowScan
and HAT are evaluated on identical images, using the exact
same ground-truth scanpaths and the same code for metric
calculation. HAT retrained on our split achieves substan-
tially higher SS (0.575) than the published result (0.470),
likely reflecting differences in data splits and evaluation
protocol. We therefore rely exclusively on the retrained
baseline for fair comparison.
FlowScan vs. HAT retrained. On our test split, FlowS-
can achieves SS = 0.603, outperforming HAT retrained
(SS = 0.575) by +4.9% relative (+0.028 absolute). FlowS-
can also improves on all other metrics: SemSS (0.538 vs.
0.499, +7.8%), cIG (2.759 vs. 2.491), cNSS (4.810 vs.
4.649), and cAUC (0.928 vs. 0.915). Importantly, this com-
parison uses the same test split, same evaluation code, and
same panoptic SemSS computation, providing a fair head-
to-head evaluation.
Scanpath length. HAT retrained produces significantly
shorter scanpaths than the ground truth (mean 2.58 vs. GT
mean 3.68), with 60.5% of predictions being only 2 fix-
ations long. FlowScan’s mean prediction length (3.77)
closely matches the ground truth (3.68), suggesting better-
calibrated termination prediction.

4.5. Backbone Ablation
Table 2 compares backbones using the FPN pixel decoder
and flow matching enabled. All backbones are frozen.

Self-supervised backbones substantially outperform su-
pervised ones. DINOv2 and DINOv3 achieve the strongest
results overall, with DINOv2 leading on SS (0.586) and
SemSS (0.514), while DINOv3 achieves the best condi-
tional metrics cIG (2.11) and cAUC (0.901). We select
DINOv3 as our default backbone for its stronger condi-
tional saliency performance, which reflects per-step predic-
tion quality. All ViT backbones outperform ResNet-50 by
a wide margin (+0.042–0.069 SS), confirming that vision
transformer features are better suited for scanpath predic-
tion even when frozen.

4.6. Flow Matching Ablation
Table 3 isolates the effect of flow matching.



Table 3. Effect of flow matching (DINOv3 backbone, FPN pixel
decoder). FM is discarded at inference.

Flow Matching SS↑ ∆SS SemSS↑ cIG↑ cNSS↑

✓ 0.581 — 0.501 2.11 4.17
0.518 −0.063 0.434 0.78 3.81
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Figure 2. Sensitivity analysis of loss weights. (a) λheat: SS is stable
while cIG increases with weight; 1.0 balances both. (b) λFM=0.5
provides optimal regularization. (c) λterm=1.0 is critical for both
SS and cIG.

Flow matching provides +0.063 SS improvement
(0.518 → 0.581, +12.2% relative), despite being discarded
at inference. The cIG improvement is particularly dramatic
(0.78 → 2.11), indicating that FM substantially improves
the informativeness of per-step fixation predictions by reg-
ularizing the decoder features to encode precise spatial co-
ordinates.

4.7. Hyperparameter Sensitivity
We evaluate the sensitivity of FlowScan to key training hy-
perparameters: the loss balancing weights and the ground-
truth heatmap scale σ.
Loss Weight Tuning. Figure 2 illustrates the impact of
varying λheat, λFM, and λterm on Sequence Score (SS)
and Conditional Information Gain (cIG), sweeping each
while holding the others at their default values (λheat=1.0,
λFM=0.5, λterm=1.0).

For the focal heatmap weight λheat (Fig. 2a), SS is stable
across [0.25, 1.0] (0.605–0.603) and drops slightly at 2.0
(0.595), while cIG increases monotonically (2.43 → 2.78),
reflecting a trade-off between scanpath structure and per-
fixation informativeness; λheat=1.0 provides the best bal-
ance.

For λFM (Fig. 2b), SS remains flat across [0.1, 0.5] (≈
0.604) and degrades at higher values (0.586 at 2.0), while
cIG peaks sharply at 0.5 (2.76); this confirms that mod-
erate flow matching regularization is beneficial, but over-
weighting it over-constrains the decoder.

The termination weight λterm (Fig. 2c) shows the
strongest sensitivity: SS drops from 0.603 at 1.0 to 0.582
at 0.25, and cIG degrades sharply at both extremes, indicat-
ing that accurate termination calibration is critical for both
spatial and information-theoretic metrics.
Heatmap Sigma Tuning. The ground-truth heatmap is

Table 4. Effect of heatmap sigma (DINOv3, deformable, FM).

σ SS↑ SemSS↑ cIG↑ cNSS↑

1.0 0.595 0.528 2.518 4.758
1.5 0.603 0.538 2.759 4.810
2.0 0.595 0.523 2.535 4.710

constructed by placing a Gaussian at the target fixation loca-
tion. While HAT [30] uses a fixed 1◦ visual angle, we tune σ
in pixel space. As shown in Table 4, σ = 1.5 yields the best
results across all metrics. A smaller value (σ = 1.0) pro-
duces an overly peaked target with sparse gradient signal,
while a larger value (σ = 2.0) blurs the target and reduces
localization precision.

4.8. Discussion
Why flow matching helps. The flow matching head pro-
vides an auxiliary gradient signal through the decoder fea-
tures that is complementary to the heatmap focal loss.
While the focal loss operates on a 2D spatial map and as-
signs most gradient to the peak location, the flow matching
loss directly regresses fixation coordinates via a learned ve-
locity field. This provides: (1) a smoother loss landscape
around the target fixation, (2) direct backpropagation of co-
ordinate error into the decoder representation, and (3) im-
plicit enforcement of fixation locality (the velocity field
must converge to a specific point). The result is a decoder
representation that more precisely encodes “where to look
next,” improving heatmap quality even though the FM head
is not used at inference.
Self-supervised features for visual search. DINOv3’s fea-
tures provide three advantages over supervised ResNet-50:
(1) richer semantic correspondences that enable better task-
target matching, as evidenced by higher SemSS; (2) emer-
gent object boundary encoding [3] useful for foveal crop
extraction; and (3) dense 768-dimensional patch tokens that
encode contextual relationships across the scene.
Deformable pixel decoder. Comparing FlowScan with a
deformable pixel decoder (SS = 0.603) to the FPN variant
(SS = 0.581), the deformable decoder provides +0.022 SS
(+3.8% relative). Multi-scale deformable attention enables
cross-scale feature fusion that the lightweight FPN can-
not achieve, leading to higher-quality P4 features for both
foveal crops and dense heatmap prediction. The conditional
saliency metrics show an even larger relative gain: cIG im-
proves by +31% (2.11 → 2.76).

4.9. Qualitative Results
Figure 3 shows qualitative scanpath predictions on repre-
sentative test images. For each example, we display the
ground-truth scanpath (from one human subject) alongside
predictions from FlowScan and HAT retrained. The target
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Figure 3. Qualitative scanpath predictions. Each row shows a different test image with the search task indicated on the left. Columns
show: one human ground-truth scanpath and model predictions. Green dashed boxes indicate the target object. Numbered circles show
fixation order; arrows indicate saccade direction.

object is indicated by a green dashed bounding box, and
fixations are numbered sequentially with connecting arrows
showing the saccade trajectory.

5. Conclusion and Future Work

We presented FlowScan, a scanpath prediction model that
builds on the HAT architecture with three modifications: a
frozen self-supervised DINOv3 backbone, an adapted de-
formable pixel decoder with soft-argmax decoding, and a
flow matching auxiliary head that regularizes the decoder
representation. On COCO-Search18 target-present search,
FlowScan achieves SS = 0.603 and SemSS = 0.538, outper-
forming HAT retrained on the same test split (SS = 0.575,
SemSS = 0.499) across all five evaluation metrics.

Ablation studies confirm that each component con-
tributes meaningfully. Self-supervised ViT backbones out-
perform supervised ResNet-50 by a wide margin (+0.064
SS), with DINOv3 providing the best conditional saliency

metrics. Flow matching regularization yields +0.063 SS
(+12.2% relative) despite being discarded at inference,
demonstrating that auxiliary training objectives can sub-
stantially improve decoder representations without adding
inference cost. The deformable pixel decoder provides an
additional +0.022 SS (+3.8%) over the FPN variant through
multi-scale feature fusion.

Several directions remain promising for future work:
(1) extending to Target-Absent search, potentially with
Inhibition-Of-Return mechanisms, (2) exploring stochas-
tic generation via the flow matching head to produce di-
verse scanpath samples, (3) evaluating on additional eye-
tracking datasets beyond COCO-Search18, (4) investigating
whether the flow matching regularization principle transfers
to other sequential prediction tasks, and (5) incorporating
explicit, polar, space-dependent saccadic priors into FlowS-
can, building on recent evidence that both stimulus-center
bias and saccade statistics are strongly space-dependent
[1, 21, 22].
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