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Abstract

A personalized model for scanpath prediction provides
insights into the visual preferences and attention patterns
of individual subjects. However, existing methods for train-
ing scanpath prediction models are data-intensive and can-
not be effectively personalized to new individuals with only
a few available examples. In this paper, we propose few-
shot personalized scanpath prediction task (FS-PSP) and
a novel method to address it, which aims to predict scan-
paths for an unseen subject using minimal support data of
that subject’s scanpath behavior. The key to our method’s
adaptability is the Subject-Embedding Network (SE-Net),
specifically designed to capture unique, individualized rep-
resentations for each subject’s scanpaths. SE-Net gener-
ates subject embeddings that effectively distinguish between
subjects while minimizing variability among scanpaths from
the same individual. The personalized scanpath predic-
tion model is then conditioned on these subject embed-
dings to produce accurate, personalized results. Experi-
ments on multiple eye-tracking datasets demonstrate that
our method excels in FS-PSP settings and does not require
any fine-tuning steps at test time. Code is available at:
https://github.com/cvlab-stonybrook/few-shot-scanpath

1. Introduction

Recent models of scanpath prediction have excelled at pre-
dicting human attention [9, 10, 12, 30,31, 51, 52, 54], which
is important for applications such as autonomous driv-
ing [13, 32], virtual and augmented reality [22, 42], health-
care diagnostics [5, 40], and information visualization [45].
However, these methods are trained using attention data
from multiple subjects and therefore learn population-level
“average” attention patterns that will fail to reflect individ-
ual differences shaped by culture, memory, and experience
[21]. To capture these individualized attention patterns, and
to avoid biases that can result from group averaging, mod-
els of personalized scanpath prediction (PSP) attempt to
learn individual subject embeddings that are used to pre-
dict an individual’s scanpath [10, 20, 56]. PSP is particu-
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Figure 1. Few-shot Personalized Scanpath Prediction (FS-
PSP). Given a new subject with only a few support examples of
their gaze behavior, can we adapt a base scanpath prediction model
to this subject? We propose a subject-embedding extracting net-
work, SE-Net, to achieve this personalized adaption.

larly useful for applications such as recommendation sys-
tems [7, 37, 39] and advertisements [35] because it allows
subject personality to be decoded from an individual’s at-
tention.

A limitation of existing PSP models is that they require
extensive data to accurately capture individual attention pat-
terns. For example, to train models to predict the scan-
paths made by people as they are searching for objects [51],
it was necessary to collect the COCO-Search18 dataset of
269,760 search fixations [9], an effort requiring 10 subjects
to each come to a laboratory and have their eye movements
recorded for 10-12 hours. To be useful in practice, PSP
models must be trainable on orders of magnitude less data.
We therefore introduce the task of few-shot personalized
scanpath prediction (FS-PSP) where an individual’s atten-
tion must be predicted using fixations from only a few be-
havioral observations, defined here as the scanpaths of peo-
ple viewing < 10 images. We refer to the image-scanpath
pairs collected for each subject as support samples.

FS-PSP is challenging because individuals’ patterns of
attention must be captured in just a few support samples.
Existing PSP methods [10, 20, 56] often overfit to limited
image content due to their reliance on large training datasets
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and a lack of efficient adaptation mechanisms. Typically,
the primary goal of these methods is to jointly learn a sub-
ject embedding along with scanpath patterns to improve
performance on “seen” subjects, i.e., ones with sufficient
training scanpath data. However, subject embeddings are
treated as a byproduct of scanpath prediction, limiting these
models’ ability to leverage knowledge from previously seen
embeddings to adapt to new subjects. Consequently, over-
fitting on a few scenes and insufficient representation of
novel individual visual patterns both cause PSP model per-
formance to drop substantially in few-shot settings, as in the
case of ISP [10] with ten support samples. EyeFormer[20]
also requires a support set with at least 50 scanpaths to
achieve stable personalized embeddings.

In this paper, we propose a flexible scanpath model that
can adapt to new subject without requiring retraining or
fine-tuning. This is achieved by decoupling subject embed-
ding learning from the scanpath prediction process. First,
we learn a subject embedding space that encodes person-
alized attention traits, then condition the scanpath predic-
tion model on these embeddings. This separation enables
robust performance in few-shot scenarios by avoiding the
complexities of joint learning: the subject embedding ex-
tractor focuses exclusively on capturing the unique features
of each subject’s scanpath, while the scanpath prediction
model only needs to learn a conditional mapping based on
the corresponding subject embedding.

More specifically, we propose a Subject Embedding Net-
work (SE-Net) to extract subject embeddings from image-
scanpath pairs. During training, we use a base dataset con-
taining a large number of images and scanpaths collected
from the seen subjects. SE-Net is trained with a classifica-
tion loss to distinguish between these subjects, focusing on
extracting distinctive, personalized traits that support effec-
tive personalization. Additionally, we apply a contrastive
loss to ensure embeddings from different scanpaths of the
same subject remain similar while being distinct across dif-
ferent subjects. This training strategy emphasizes extracting
robust, unbiased, and representative embeddings for each
subject, akin to previous representation-learning-based few-
shot approaches [19, 46, 48, 53]. We then train a personal-
ized scanpath prediction network [10] on the base dataset
using these learned subject embeddings, enhancing its ca-
pacity to infer scanpaths based on the given subject em-
beddings. At the inference stage, we extract embeddings
for unseen subjects from a few image-scanpath exemplars
(support set), average them to obtain a single subject em-
bedding, and condition the scanpath prediction model on
this embedding to enable generalization to new subjects.

To demonstrate the performance of our method on FS-
PSP, we predict personalized scanpaths of unseen subjects
under three n-shot settings (n = 1,5,10) and on three
datasets: OSIE [47], COCO-Freeview [12], and COCO-

Search18 [51]. Our method outperforms the second-best
model on the ScanMatch metric[14] on these datasets by
5.9%, 7.9% and 6.0%.

2. Related Works

Personalied Scanpath Prediction. Scanpath prediction
aims to model both bottom-up and top-down human atten-
tion by predicting sequences of fixations as observers ei-
ther freely explore a scene without specific instructions|[2,
3, 23, 42, 43, 45], or engage in task-specific activities,
such as visual question answering[9], webpage browsing,
searching[11, 30, 51, 52, 54], and object referral[31]. Per-
sonalized scanpath prediction (PSP) aims to predict the
scanpath of an individual subject rather than the group av-
erage. Although there are multiple works on personalized
saliency prediction[6, 8, 24, 41, 50], PSP is a relatively
new and underexplored task, as it requires building upon
robust population-level scanpath prediction models. The
key challenge in personalized scanpath prediction is en-
abling the model to recognize which subject’s scanpath it
is predicting. Current approaches [10, 20, 56] incorpo-
rate subject embeddings to represent different individuals.
ISP [10] adds three modules to existing scanpath predic-
tion models [9, 30] to encode subject embeddings at dif-
ferent stages within the model. EyeFormer[20] designs a
new scanpath prediction model that leverages reinforcement
learning and uses a viewer encoder to indicate different sub-
jects. However, ISP suffers significant performance drops
when working with very limited data (N < 10) for a new
subject, while EyeFormer has only demonstrated its effec-
tiveness with no fewer than 50 samples. This issue arises
because over-parameterized models tend to overfit on small
datasets, and must relearn subject embedding for the new
subject, limiting their ability to fully utilize prior experi-
ence with previously seen subjects. To address these issues,
we propose SE-Net, designed to mitigate overfitting and ef-
fectively leverage model experience.

Few-shot Learning Leveraging User Emebedding. Few-
shot learning (FSL) has been widely studied in various top-
ics, and a commonly used approach in FSL is to learn a
function that maps the input to an embedding to effectively
represent the prototype of different classes[16, 25, 38, 44,
46, 48, 49, 55]. User embedding, i.e. embeddings to rep-
resent person-specific patterns, encodes a user’s unique be-
havioral patterns by mapping their actions through a net-
work, capturing both intra-personal and inter-personal sim-
ilarities and differences. This not only enables downstream
tasks to effectively distinguish between individuals but,
more importantly, allows for an understanding of unique
user traits from the user embedding, enabling predictions
that align with each person’s distinctive patterns. Many
topics address the few-shot problem by learning user em-
beddings, including recommendation systems [26] and gaze
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estimation models [17, 34]. Although several works utilize
scanpath for classification[33, 57], to the best of our knowl-
edge, this is the first work that aims to extract user em-
beddings from scanpaths—a non-trivial task requiring the
disentanglement of visual patterns driven by both bottom-
up and top-down attention from fixation locations, temporal
sequences, and durations.

3. Proposed FS-PSP Framework

This section describes our framework for FS-PSP, which
consists of two major components: (1) a personalized scan-
path predictor, called ISP-SENet, that predicts the scanpath
for a subject, conditioned on the subject’s embedding, and
(2) a subject-embedding network, called SE-Net, that com-
putes the embedding for a subject based on a small set of
their gaze behaviors. In this section, we first provide a for-
mal definition of the task and then describe the different
components of our framework. The overview is shown in
Fig. 2.

3.1. Problem Formulation

Let d represent a scanpath data instance; it is a tuple con-
sisting of an image and a sequence of 2D gaze fixations.
Let S(d) denote the identity of the subject from whom the
scanpath was collected. PSP considers a scenario where
we have a base training set of gaze behavior with size m:
Dpase = {d},..}™, which can be used to train a person-
alized scanpath predictor, but only for the subjects in the
base training set. FS-PSP goes beyond PSP, considering
the task of personalized scanpath prediction for a subject s
who was not seen during training (s # S(d;.) Vi) but for
whom we have some gaze behavior data on a small subset
of images from the base dataset, referred to as the support
set. Let Doupp = {d’,,,}7—, represent this support set,
where S(dy,,,) = s Vi, and n is small (at most 10). The
goal of FS-PSP is, given a set of unseen subjects, to pre-
dict their scanpaths on a set of query images x* with size q:

unery = {Xéuery}gzl'
3.2. ISP-SENet — Personalized Scanpath Predictor

ISP-SENet is one of the two core components of our frame-
work. In this paper, we propose developing it based on
Gazeformer-ISP [10]. This model accounts for the scan-
path behaviors of individual subjects, with each subject in
the training set associated with a separate embedding vec-
tor that is learnable but fixed after training. By assign-
ing a unique embedding vector to each subject, the model
achieves significant improvement over a generic model that
does not account for subject identity. However, this ap-
proach only works for subjects seen during training, as the
embedding vector can be retrieved from a lookup table. For
an unseen subject, there is no way to compute the embed-
ding vector, thereby preventing prediction for new subjects.

In this work, we propose replacing the fixed embedding
vector with the output of a subject-embedding network, SE-
Net. SE-Net can compute the subject embedding vector for
any subject, as long as a support set of gaze behavior data
from that subject is available. SE-Net represents the main
technical innovation of our work, which we describe in the
following section.

3.3. SE-Net — Subject Embedding Network

SE-Net computes a function f that takes a scanpath (both
an image and a trajectory of eye fixations with durations)
as input and outputs an embedding vector. This network
calculates the subject embedding given a single scanpath
behavior data point. For a support set contains more than
one gaze behavior data point, D, = {diupp 1, we fol-
low the approach of prototypical networks [38] and sim-
ply take the average as the overall subject’s embedding, i.e.,
LS f(di,,,). We will next describe how this network
is trained and then provide details about its architecture.

3.3.1. Training SE-Net

SE-Net is trained using scanpath data from the base training
set Dpyse, starting with the creation of triplets (d,d,d_),
where d is a scanpath drawn from Dy, d+ is another scan-
path randomly drawn from Dy, but from the same subject
as d, and d_ is a scanpath randomly drawn from a different
subject. The training loss for this triplet is the combination
of three classification losses and a contrastive loss term:

»Ccls (d) + Ecls(d+) + Ecls(df) + Ccontrast~ (1)

The classification loss L is computed separately for each
of d, d+, and d_. It is defined as classifying the subject
given their scanpath on an image by adding a classification
head to the subject embedding layer. The contrastive loss
Lcontrast 18 based on triplet loss [36]:

max (|| f(d) — f(do)[I* = [ £(d) — F(d-)II* + m70)(~2)

The margin m controls the distance between subject embed-
dings. A smaller margin allows scanpaths from different
subjects to be similar, typically observed in top-down at-
tention scenarios. Conversely, a larger margin is preferable
in scenarios like free-viewing, characterized by significant
diversity among subjects. Refer to the supplementary for
more detailed explanations.

3.3.2. Network architecture

Feature extraction. Our semantic feature extractor F'
follows the design of HAT [54]. We encode images and
scanpaths using hierarchical feature maps from an image
encoder (ResNet [18]) and decoder (Deformable attention

[58]) and obtain image tokens F; € R(%'%)XC and
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Figure 2. Overview of ISP-SENet: Our method for few-shot personalized scanpath prediction has two stages. In the training stage,
we train two models on a large amount of image-scanpath pairs Dpqse, corresponding to a set of seen subjects. Initially, we train the
Subject Embedding Network (SE-Net) to obtain embeddings for seen subjects, followed by training ISP-SENet to predict scanpaths using
these embeddings. In the inference phase, both models are frozen, and we extract embeddings for unseen subjects from the support set,
Dsupp, which consists of n-shot images sampled from the base set. These unseen subject embeddings then guide ISP-SENet in predicting
scanpaths for unseen subjects using the query set, Dgqery, Which includes a collection of unseen images.
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Figure 3. Structure of SE-Net. SE-Net employs a feature extractor F' to derive image and scanpath semantic features, F7 and Fg,
respectively. The CSE module then processes task and duration features, updating the scanpath embedding constrained by all extracted
features. An initialized embedding learns human attention information from F§ to produce the subject embedding e. This triplet network

assesses the distances among ed+, e?+ e?

the USD and UP modules.

scanpath tokens Fg € REX¢ (H,W are the height and
width of image, L is the max length of scanpaths, c is
embedding dimension). The details are described in the
supplementary material.

Context-Scanpath Encoder(CSE). Human attention can
be divided into bottom-up and top-down processes, either
freely viewing the image or viewing it with a specific task,
such as searching for a target. Different tasks influence at-
tention toward specific objects mentioned in the task and
related objects. To make SE-Net task-aware, we design an
multi-modal visual-task encoder for SE-Net, which takes
task and image tokens as input, highlighting the image con-
tent relevant to the task. The task is first mapped to a task
embedding ¢ € R by a language model (RoBERTa [28]),
then the visual-task encoder is designed as Eq. (3):

C = SelfAttn({t - W, F}}). 3)

Here, C represents the context embedding, capturing infor-
mation from both the image and the task. W is a linear
layer. {, } denotes concatenation along the sequence dimen-

—, and the UP module predicts the subject ID. All CSE modules share the same weights, as do

sion, and SelfAttn is multiple self-attention layers.

To obtain the final scanpath embedding, we first ensure the
model is aware of each fixation’s duration. Position infor-
mation reflects where the subject tends to focus, while du-
ration indicates the relative interest in specific objects. We
use 2D sinusoidal position embeddings [27, 54] to encode
the position information and 1D positional embeddings for
durations. Given that durations range from 0 to 5000 ms,
using 5000 different positional encodings would be redun-
dant, as small differences (e.g., 200 ms vs. 203 ms) are often
negligible. Therefore, we collected all durations in the base
set and uniformly grouped them into 10 bins, replacing the
actual duration with its corresponding bin ID. This replace-
ment is only used in SE-Net, while ISP-SENet still predicts
the raw duration. Find details in the supplementary.
Combining the context embedding C, duration embeddings
T, and position embeddings Pos, we update the scanpath
tokens F§ representing viewing behavior refined by image
content and task as shown in Eq. (4), w/o C denotes that to-
kens associated with C' are discarded, Isolating image con-
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tent from subject embeddings to reduce scene-specific bias.
F{ = SelfAttin({C, Fs + T + Pos})wo ¢ 4)

User-Scanpath Decoder (USD). The main focus of USD is

to capture subject attention traits from the scanpath embed-
ding. We initialize a subject token e € R® and use a cross-
attention mechanism to extract the subject embedding from
the scanpath embedding. Here, the subject token serves as
the query, enabling it to attend to the scanpath embedding
(used as key and value) and extract specific patterns that
reflect the subject’s unique attention characteristics. The
detailed implementation is shown in Eq. (5):

e = ReLU(Linear(e + CrossAttn(e, F¢))). 5)

To enable the updated subject embedding to distinguish be-
tween different subjects, we add a subject Predictor (UP), a
series of linear layers with ReLU activation, to classify the
subject ID:

Subject ID = Linear(ReLU(Linear(e)) (6)

4. Experiment
4.1. Dataset Setting

Dataset. We train and evaluate ISP-SENet on three
datasets: OSIE [47], COCO-Freeview [12], and COCO-
Search18 [51] (target-present). OSIE collects scanpaths
under a free-viewing condition from 15 subjects on 700
images. COCO-Freeview collects scanpaths under a free-
viewing condition from 10 subjects on 6202 images.
COCO-Search18 has same images as COCO-FreeView,
but the scanpaths are collected under a search task on
18 categories. We follow the same data split of OSIE
as ISP [10], and the same split of COCO-Searchl8 and
COCO-FreeView as HAT[54].

Unseen subject selection. For each dataset, we split the
full subject set into around 70% seen and 30% unseen. We
repeat experiments twice with different splits, and the result
of another split is shown in the supplementary.

n-shot sampling. We selected three values, n = 1, 5, 10, as
criteria for choosing the support set. For each value of n, we
randomly sample n image-scanpath pairs from unseen sub-
jects within the training set and assessed the model’s perfor-
mance across the entire test set of unseen subjects. This pro-
cess was repeated 10 times with various support sets to en-
sure robustness, and the average performance metrics were
reported. Find margin of error in the supplementary.

4.2. Experiment Setting

Baselines. We use ChenLSTM-ISP and Gazeformer-
ISP[10] as baselines designed for personalized scanpath
prediction. Both models are pretrained on a base set and

fully fine-tuned on a support set to jointly learn subject em-
beddings and scanpaths. Since new subject embeddings
are not available initially, fine-tuning is required. To re-
duce overfitting, we also implement ChenLSTM-ISP-S and
Gazeformer-ISP-S, which only fine-tune the subject embed-
ding layer and freeze all other parameters.

Metrics. We evaluated ISP-SENet using value-based met-
rics as outlined by ISP [10], including ScanMatch (SM),
MultiMatch (MM), and String-Edit Distance (SED), as-
sess the similarity between predicted and actual scanpaths.
ScanMatch [14] evaluates the overall similarity, Multi-
Match [1, 15] analyzes five dimensions of scanpath similar-
ity: shape, direction, length, position, and duration, while
String-Edit Distance [4] identifies structural differences.
Implementation details. For SE-Net, the number of trans-
former layers in visual-task encoder and self-attention of
CSE, and the number of USD layers are set to 3. The em-
bedding dimension is set to 384. We use AdamW [29] with
learning rate 0.0001. We train SE-Net for 25 epochs with a
batch size of 16. The max length of scanpaths in OSIE and
COCO-FreeView is set to 20, and the max length in COCO-
Search18 is set to 10. For ISP-SENet, adhering to the Gaze-
formerISP [10] configuration, we matched the maximum
scanpath lengths and embedding dimensions with SE-Net,
retaining other hyperparameters. The fine-tuning on support
set takes 10 epochs for supervised training and 10 epochs
for self-critical sequence training (SCST) [9].

4.3. Main Results
We compared ISP-SENet with four baselines across three
datasets as shown in Tab. 1. The consistent performance

across n = 1,5, 10 indicates ISP-SENet’s effectiveness in
minimizing the impact of individual image instances, allow-
ing embeddings to focus on attention patterns rather than
being biased by the support set.

Results on OSIE. ISP-SENet outperforms the second-best
approach by 5.9% and 2.5% in SM and SED, respectively.
It maintains stable performance in the 5-shot and 10-shot
settings and achieves a competitive SM score of 0.368 with
just one image-scanpath pair.

Results on COCO-FreeView. Both ISP methods exhibit
severe overfitting, particularly as COCO-FreeView is a
larger dataset with more complex scenes and scanpaths.
Nonetheless, ISP-SENet shows substantial enhancements
in all settings, outperforming the baseline by 7.9% and
4.5% in SM and SED.

Results on COCO-Searchl8. We achieved 6.0% and
2.5% on SM and SED compared with the second-best.
The consistent performance of COCO-Searchl8 high-
lights ISP-SENet’s capability in capturing varied attention
patterns across different search tasks. This success is at-
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OSIE

Method SM+ MM1 S

ED |

COCO-FreeView
SM1T MM 1 SED |

COCO-Searchl18
SM1t MM 1 SED |

ChenLSTM-ISP
Gazeformer-ISP
ChenLSTM-ISP-S
Gazeformer-ISP-S
ISP-SENet

0.282 0.763
0.327 0.792
0.328 0.793
0.354 0.801
0.368 0.805

7.832
7.873
7.601
7.503
7.413

0.287 0.805 13.307
0.244 0.787 15.118
0.339 0.814 12.523
0.333 0.817 12.538
0.369 0.832 12.227

0.371 0.760 2.756
0.342 0.770 2.818
0.448 0.803 2.394
0.446 0.802 2.463
0.475 0.814 2.333

ChenLSTM-ISP
Gazeformer-ISP
ChenLSTM-ISP-S
Gazeformer-ISP-S
ISP-SENet

0.319 0.773
0.340 0.791
0.329 0.791
0.354 0.801
0.376 0.803

7.855
7.920
7.649
7.499
7.337

0.320 0.815 12.950
0.286 0.800 14.630
0.338 0.814 12.540
0.333 0.817 12.539
0.368 0.829 12.017

0.386 0.773 2.489
0.353 0.774 2.980
0.449 0.803 2.380
0.445 0.803 2.457
0.484 0.815 2.354

ChenLSTM-ISP
Gazeformer-ISP
ChenLSTM-ISP-S
Gazeformer-ISP-S
ISP-SENet

0.322 0.777
0.345 0.794
0.328 0.791
0.354 0.802
0.375 0.803

n =10

7.740
7.916
7.637
7.505
7.318

0.323 0.819 12.541
0.317 0.805 14.224
0.340 0.814 12.532
0.333 0.816 12.545
0.367 0.828 11.956

0.393 0.781 2.394
0.370 0.785 2.765
0.449 0.803 2.379
0.446 0.802 2.464
0.482 0.815 2.359

Table 1. Performance Comparison on Different Datasets under different few-shot settings for FS-PSP.

tributed to the visual-task encoder, detailed further in Sec. 5.

We observed that in the fine-tuning stage of Gazeformer-
ISP-S and ChenLSTM-ISP-S, the unseen subject embed-
dings change minimally from seen subject embeddings.
This suggests that simple learnable embeddings (instead
of SE-Net) lack adaptability to unseen subjects. Their
relatively better performance compared with fine-tuning all
parameters likely stems from the similarity between seen
and unseen subjects.

Adaptation time. A significant achievement of ISP-SENet
is its rapid adaptation time to new subjects. Adaptation
time refers to the duration required to update the scanpath
prediction model, enabling it to infer the scanpaths of new
subjects. For baseline methods, adaptation time is equiva-
lent to the duration of fine-tuning on a support set, which is
161 and 267 seconds for ChenLSTM-ISP and Gazeformer-
ISP respectively. In contrast, ISP-SENet’s adaptation time
is simply the time taken to obtain subject embeddings from
SE-Net, which is 3.62 seconds. ISP-SENet achieves nearly
real-time adaptation, enhancing efficiency and making the
method more practical for real-world applications.

ISP-SENet-Seen ‘ISP—SENet—Unseen
SM+ MM1 SED | SM1 MM 1 SED |

OSIE 0.390 0.812 7.309 0.375 0.803 7.318
COCO-FreeView 0.401 0.841 11.581 0.367 0.828 11.956
COCO-Search18 0.492 0.815 2.156 0.482 0.815 2.359

Dataset

Table 2. Performance Comparison. Our method fully trained on all
subjects (ISP-SENet-Seen), and trained on seen subjects and adapt
to unseen subjects under 10-shot setting (ISP-SENet-unseen).

To establish the upper bound of prediction performance
on unseen subjects (ISP-SENet-Unseen), we fully trained
ISP-SENet using all available training data and evaluated
it on the same subjects designated as unseen in the few-
shot setting. The results are presented in Tab. 2. Remark-
ably, even without training on the unseen subjects, ISP-
SENet’s performance approaches the upper bound on OSIE
and COCO-Search18. While ISP-SENet-Unseen underper-
forms compared to ISP-SENet-Seen on COCO-FreeView,
it is trained on a considerably larger dataset of 43,143 scan-
paths featuring more complex scenes and patterns. Even in
more complex datasets, [ISP-SENet can extract meaningful
personalized embeddings from unseen subjects.

We employed scanpath accuracy, same as R@1 imple-
mented in [10], to measure the accuracy of the predicted
scanpath for a subject by determining if it is the most sim-
ilar to the ground truth among all predictions made on the
same image across different subjects, reflecting its ability to
distinguish subjects. Distinguishing unseen from seen sub-
jects is challenging due to the dataset’s limited subject pool,
potentially biasing the model towards known subjects. Nev-
ertheless, our method showed considerable improvement in
Tab. 3, illustrating that our unseen subject embeddings ef-
fectively discern among subjects despite the limited training
subjects.

Qualitative results. In Fig. 4, we showcase ISP-SENet’s
distinct scanpath predictions for the same query image
across various unseen subjects, highlighting its ability to
capture individual attention patterns. GT 1 and GT 2 rep-
resent ground truth scanpaths for different subjects. The
first row shows ISP-SENet discerning varying fixation or-
ders across objects. The second row demonstrates how ISP-
SENet captures the diverse attention distributions: Subject 1
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COCO-FreeView COCO-Searchl8 OSIE

ChenLSTM-ISP 33.66 34.28 21.14
Gazeformer-ISP 31.99 31.73 21.36
ChenLSTM-ISP-S 31.95 33.17 20.17
Gazeformer-ISP-S 31.87 33.53 18.85
ISP-SENet 35.57 35.25 22.85

Table 3. Scanpath accuracy (higher is better) shows the model’s
ability to distinguish predicted scanpaths from different subjects.

conducts a thorough scene scan, whereas Subject 2 focuses
more centrally. The third row reveals Subject 2’s distraction
by peripheral objects during the search. These observations
confirm ISP-SENet’s effectiveness in identifying unique at-
tention traits among unseen subjects for personalized scan-
path prediction. Find more results in supplementary.

5. Analysis

This section examines the impact of the number of seen sub-
jects on performance, and the interpretability of the model.

Subject 1 Subject 2
SM+ MM{ SED| SMt MM+‘ SED|

3(20%) 0339 0.806 7.871 0.354 0.781 6.740
7(50%) 0.365 0812 7.457 0364 0.790 6.522
10 (67%) 0.374 0.814 7.420 0.385 0.794 6.460
13(93%) 0370 0.815 7.504 0.387 0.793 6.482

num seen

Table 4. Performance Comparison of 10-shot setting on OSIE with
different numbers of seen subjects in training stage. The table
shows the performance for unseen subjects 1 and 2 with varying
numbers of seen subjects.

Size of the base training set. Intuitively, training a model
with a greater number of subjects enables it to learn a
broader range of attention patterns. However, if trained on
only a few subjects, the model might struggle with novel
subjects whose scanpaths significantly deviate from those
of seen subjects, thereby limiting its prediction accuracy.
We assessed scanpath prediction performance for unseen
subjects with varying numbers of training subjects, as de-
tailed in Tab. 4. We consistently treated two subjects (Sub-
ject 1 and 2 in the table) as unseen, sampling the support
set (n = 10) five times for each and averaging the results.
Findings indicate that few-shot performance improves with
an increasing number of seen subjects, although the differ-
ence between 10 and 13 subjects is minimal, likely due to
performance saturation because of the potential similarity
between some of OSIE dataset’s subjects. See supplemen-
tary for COCO-Search18 results.

Interpretability — which fixations reflect attention trait?
SE-Net also functions as a tool for quantitatively analyz-
ing individual visual patterns. By examining the attention

weights from the last cross-attention layer of the USD mod-
ule, we can identify which fixation tokens the subject em-
beddings consider most critical. We illustrate this analysis
in Fig. 5, showcasing the two fixations with the highest at-
tention weights for each subject. For example, in the first
row, the highlighted fixations focus on a kid, keyboard, and
cables, which are key to distinguishing the three subjects’
attention distributions. The second row captures the initial
focus of three individuals on a stop sign, warning tag, and
one-way tag in a traffic setting, hinting at SE-Net’s poten-
tial to further study varied driving behaviors across different
subjects.

Role of visual-task encoder. COCO-Searchl8 features 18
search tasks, with participants typically focusing their final
fixations on the search target in each image and task. The
visual-task encoder informs the model about task-relevant
image areas, providing prior knowledge of the search tar-
get for the CSE module to adjust its scanpath embedding.
Although not tailored for object detection, the task embed-
dings consistently direct attention to target areas, as shown
in the visualizations in Fig. 6. See supplementary for quan-
titative results. See quantitative results in supplementary.

loss OSIE COCO-Search18
SM1 MM+ SED| SM+ MMt SED.
cls 0361 0.801 7.546 0.448 0812 2.621

contrast 0.372 0.795 7.389 0.442 0.812 2.400
cls+contrast 0.375 0.803 7.318 0.482 0.815 2.359

Table 5. Ablation on the effect of different losses. cls is solely
using classification loss, contrast is solely using contrastive loss,
cls+contrast combines both loss, consistent with the settings used
in all main experiments.

Ablation study on different losses. To evaluate the im-
pact of different losses, we train SE-Net with classification
loss only, contrastive loss only, and their combination (as in
the main experiments) on OSIE and COCO-Search18. Re-
sults in Tab. 5 show that contrastive loss is crucial for cap-
turing subject-specific attention patterns, while classifica-
tion loss significantly accelerates convergence. On COCO-
Search18, combining classification and triplet loss is more
effective due to the similarity of attention patterns across
subjects. Classification loss alone overlooks these similari-
ties, while triplet loss struggles to find subtle differences.

Ablation study on different modules. To ablate the ef-
fect of different modules in SE-Net, we train SE-Net under
two settings on COCO-Search18. 1) w/o task encoder: we
remove task encoder, and direct pass task embedding ex-
tracted from text encoder to self-attention in CSE module.
2) w/o duration: do not use duration to update scanpath em-
bedding. Results shown in Tab. 6 indicate the importance
of each module in inferring unseen subject embeddings.
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GT1 ISP-SENet 1 Gazeformer-ISP-S 1

FreeView

Gazeformer-ISP-S 2

GT2 ISP-SENet 2
—_—

Figure 4. Qualitative examples of scanpath prediction for different unseen subjects. GT is the ground truth scanpaths of different
unseen subjects. Red circle is the end fixation. In the third row, the subject is searching for “bowl”. The results indicates our method is
able to capture the temporal order of fixations, fixation distributions, and distractions, while baseline keeps predicting similar scanpaths of

different subjects.

Subject 1 Subject 2 Subject 3

COCO- g3
FreeView

Figure 5. Model interpretability. By analyzing a large dataset
of seen subject-scanpath pairs, SE-Net determines the most influ-
ential fixations in shaping unseen subject embeddings. Fixations
highlighted in blue represent the two with the highest weights.
This analysis demonstrates that ISP-SENet can effectively identify
which fixations are crucial for distinguishing between subjects.

Search “Bowl”

Search “Knife”

Figure 6. Correspondence between task and image. The vi-
sualization highlights the areas of the image that the visual-task
encoder focuses on. The first and third columns display the atten-
tion weights extracted from the visual-task encoder, and the sec-
ond and fourth columns show the ground truth scanpath visualiza-
tions from the support set. Fixations marked in red represent the
last fixation, indicating the search target’s location. This indicates
the visual-task encoder’s effectiveness in identifying task-relevant
information within the image.

6. Conclusions and Discussion

We highlighted the significance of generating personalized
scanpath predictions for novel subjects with minimal
support samples and introduced the Few-Shot Personal-

Module SM 1 MM + SED |
w/o Task Encoder 0.459 0.814 2.459
w/o Duration 0.446 0.814 2.539
ISP-SENet 0.482 0.815 2.359

Table 6. Ablation on the effect of different modules of SE-Net on
COCO-Search18.

ized Scanpath Prediction (FS-PSP) task. To tackle this
challenge, we created a pipeline that independently learns
subject embeddings to capture individual attention patterns
and uses these embeddings to predict scanpaths. SE-Net
is engineered to extract subject embeddings, separate indi-
vidual attention traits from the image content, and facilitate
generalization to unseen subjects with very few examples,
thereby minimizing biases linked to restricted scenes.
By utilizing these robust unseen subject embeddings, our
scanpath prediction model markedly outperforms methods
that require relearning personalization for new subjects
with limited data. Furthermore, we have set a benchmark
for FS-PSP, encouraging additional research to develop
more comprehensive subject embeddings that are effective
across diverse eye-tracking tasks and scenarios.

A limitation of SE-Net is, While it distinguishes subjects, it
may overemphasize unique traits while overlooking shared
patterns beneficial for scanpath prediction. Addressing this
could enhance the robustness and generalizability of the
method.
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