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Abstract

Video-based gaze estimation methods aim to capture the in-
herently temporal dynamics of human eye gaze from mul-
tiple image frames. However, since models must capture
both spatial and temporal relationships, performance is
limited by the feature representations within a frame but
also between multiple frames. We propose the Spatio-
Temporal Gaze Network (ST-Gaze), a model that combines
a CNN backbone with dedicated channel attention and self-
attention modules to fuse eye and face features optimally.
The fused features are then treated as a spatial sequence,
allowing for the capture of an intra-frame context, which
is then propagated through time to model inter-frame dy-
namics. We evaluated our method on the EVE dataset and
show that ST-Gaze achieves state-of-the-art performance
both with and without person-specific adaptation. Addi-
tionally, our ablation study provides further insights into
the model performance, showing that preserving and mod-
elling intra-frame spatial context with our spatio-temporal
recurrence is fundamentally superior to premature spatial
pooling. As such, our results pave the way towards more
robust video-based gaze estimation using commonly avail-
able cameras.

1. Introduction

Gaze behaviour is a powerful indicator of human intention

and attention [34], making gaze estimation a valuable tool

in domains ranging from interactive systems like HCI and

gaming [17, 25, 32] to analytical applications in health-

care and education [15, 38, 41, 42]. To make this tech-

nology widely accessible, recent research has focused on

appearance-based methods that leverage deep learning on

commodity cameras, supplanting traditional model-based

techniques [14]. The success of mapping static images to

gaze directions [1, 29, 43] has naturally led to video-based

estimation, where Recurrent Neural Networks (RNNs) are

used to model the temporal dynamics of eye movements,

further improving robustness and accuracy [8, 28, 33].

Despite significant progress in recent years, the perfor-

mance of appearance-based models is often limited by two

fundamental challenges. The first is the presence of un-

observable, person-specific anatomical factors, such as the

angle difference between the optical and visual axis of the

eye, commonly referred to as the kappa angle [13]. This

creates a subject-dependent offset that is difficult to model

from images alone [18, 27]. To tackle this challenge, sev-

eral person-specific adaptation and calibration techniques

have been studied. Classical approaches often rely on an

explicit calibration phase, where a user looks at one or more

known points on a screen to map their gaze [13]. More re-

cently, learning-based methods have emerged that can adapt

a general model to a new person using only a few labelled

or unlabelled samples [4, 23, 27]. In our work, we evalu-

ate our model’s feature representation by using it as a back-

bone for the Self-Calibration and Person-specific Transform

(SCPT) modules proposed by Bao et al. [4]. We chose

SCPT as it represents the state-of-the-art in few-shot adap-

tation on the EVE dataset and does not require labelled cal-

ibration data, aligning with our goal of unconstrained gaze

estimation. Our experiments demonstrate that our proposed

video-based gaze estimation model achieves state-of-the-art

performance when these downstream adaptation techniques

are used.

The second, and the focus of our work due to its broad

implications for general-purpose video-based gaze estima-

tion, is the quality of feature representations extracted from

the input images. Recent work has demonstrated that in-

corporating temporal context from video sequences can im-

prove accuracy [28, 33]. However, we hypothesize that the

performance of the temporal models is fundamentally con-

strained by the expressiveness of the static, per-frame fea-

tures they receive as input. Our empirical analyses show

that architectural choices in the feature extraction stage,

such as the backbone and the fusion mechanism, have a

significant impact on overall model performance and are

necessary to fully capture the spatial and temporal relation-

ships.
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To address this challenge, we propose ST-Gaze, a novel

architecture designed to generate a more context-aware fea-

ture representation for temporal gaze estimation. ST-Gaze

is built on three core principles. First, it leverages a convo-

lutional backbone (EfficientNetB3 [35]) to extract rich ini-

tial features from separate eye and face patches. The eyes

provide the primary signal for gaze direction, while the face

offers complementary context, such as head-pose and ori-

entation, which helps disambiguate gaze [5]. Second, we

propose a combination of attention mechanisms: a channel-

wise attention ECA module [40] adaptively weighs the im-

portance of eye versus face features, while a following self-

attention module [39] learns the spatial relationships within

the fused feature map. Finally, we introduce a novel re-

currence mechanism to address a critical limitation in prior

temporal models: premature spatial pooling. By collapsing

the rich 2D feature map into a single vector before tempo-

ral processing, these models irrevocably discard the intra-

frame spatial relationships between facial features. Our key

innovation is a novel spatio-temporal recurrence that mod-

els this crucial intra-frame context first. We treat the 2D fea-

ture map as a spatial sequence and process it with a Gated

Recurrent Unit (GRU) [9] to generate a context-aware sum-

mary of the frame. This summary, in the form of the GRU’s

final hidden state, is then propagated through time to model

the inter-frame dynamics. This design ensures that tempo-

ral modelling operates on a spatially informed representa-

tion, a capability our ablation study confirms is critical for

performance.

We evaluated our proposed ST-Gaze on the EVE dataset

[28]. As our work targets video-based gaze estimation

for common interactive settings such as desktop and lap-

top use, EVE is the premier benchmark for this task due

to its high-quality, continuous video data of natural user-

screen interaction. While other large datasets exist, such

as the image-based ETH-XGaze [46] or the fully ”in-the-

wild” GAZE360 [20], EVE’s specific focus aligns directly

with our research goals. ST-Gaze establishes a new state-

of-the-art for single-view, video-based 3D gaze estimation

on EVE with an error of 2.58◦. We limited ourselves to

camera-only inputs as, while using screen content can fur-

ther disambiguate gaze targets [28], we aim to create a more

general-purpose 3D gaze estimation model that does not re-

quire continuous screen recording. Furthermore, when our

model is used as the input to the person-specific adaptation

modules of Bao et al. [4], we reduce the final error to 1.87◦

in the offline setting, where all of a person’s data is avail-

able for calibration, demonstrating the broad utility of our

approach.

In summary, our key contributions are:

• We propose ST-Gaze, a novel gaze estimation architec-

ture featuring a spatio-temporal recurrence mechanism

that models intra-frame spatial context before propagat-

ing information temporally to capture inter-frame context.

• We achieve state-of-the-art performance on the EVE

benchmark for video-based 3D gaze estimation, and show

that our model serves as a superior backbone for down-

stream person-specific adaptation methods.

• We provide a comprehensive ablation study that disentan-

gles the contributions of our design choices, including the

backbone, attention mechanisms, and the spatio-temporal

recurrence, revealing that our proposed recurrence struc-

ture and the self-attention module are the most critical

drivers of performance.

2. Related Work
Appearance-based Gaze Estimation. This approach

aims to directly learn a mapping from images of the face

or eyes to a gaze direction, bypassing explicit 3D mod-

elling. Early work demonstrated the feasibility of this ap-

proach [43], and the introduction of large-scale datasets

like MPIIGaze [45], ETH-XGaze [46] or EVE [28] spurred

the development of deep learning solutions. Many meth-

ods have explored the optimal source of image information,

with some using only eye patches and others arguing for

the inclusion of the full face to provide head pose context

[44]. A common theme is the fusion of features from mul-

tiple streams, such as left and right eye patches, or eyes and

the face. However, this fusion is often a simple concatena-

tion followed by a fully-connected layer. More recent works

[5, 22, 33] proposed different ways to more intelligently

combine eye features, demonstrating that a more sophisti-

cated fusion strategy can yield significant gains. Our work

extends this idea by using both channel and self-attention

for a more comprehensive fusion of eye and face features

Temporal Models in Gaze Estimation. Gaze is inher-

ently a dynamic process. Recognising this, several works

have moved from single-image estimation to using video

sequences. The work of Park et al. [28] introduced the

EVE dataset and demonstrated that a GRU-based recurrent

model (EyeNet-GRU) could leverage temporal consistency

to improve upon a static baseline. Similarly, Zhou et al.

[47] combined an iTracker-style model with a bidirectional

LSTM to capture temporal dynamics. Li et al. [22] pro-

posed a Static Transformer Temporal Differential Network

(STTDN) which uses a custom RNN cell to extract sight

movement. Ren et al. [33] also incorporated a GRU to

learn eye movement dynamics. These works firmly estab-

lish the value of temporal information. However, they are

all dependent on the quality of the feature vector extracted

at each time step. Moreover, they are spatially pooling the

features before the temporal module. In contrast to these

works which pool spatial features into a single vector, our

approach preserves the full spatial feature map. We argue

this is critical, as it allows our model to reason about both
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intra-frame spatial relationships and inter-frame temporal

dynamics, a capability lost in previous methods.

Attention and Transformers for Gaze Estimation.
With their success in other vision tasks [31], attention mech-

anisms and Transformer architectures are emerging in gaze

estimation. Cheng and Lu [6] were among the first to ex-

plore a hybrid Vision Transformer (ViT) model. Crucially,

their work demonstrated that a hybrid approach, which uses

a CNN to extract local feature maps before a Transformer

models global relationships, outperforms both pure CNN

and pure ViT architectures. Nagpure and Okuma [26] used

neural architecture search to find an efficient Transformer-

based model. More closely related to our work, Ren et al.

[33] integrated channel and self-attention modules to en-

hance feature extraction from fused eye and face features.

Our ST-Gaze builds on this but makes a critical architec-

tural distinction. While existing methods typically apply

attention and then pool the features to create a single vector

for the temporal model, we innovate by preserving the spa-

tial sequence from our self-attention module. By applying

a GRU first across this spatial sequence (intra-frame) and

then propagating the hidden state across time (inter-frame),

we create a recurrent structure that better models the com-

plex spatio-temporal nature of gaze. This approach draws

inspiration from architectures in other video understanding

tasks, such as ConvGRU [3], and broader tasks tackling

spatio-temporal sequences [24]. Our specific approach is,

to the best of our knowledge, novel in the context of gaze

estimation. Finally, our work also connects to the line of re-

search on person-specific modelling [4, 27]. By providing

a much stronger baseline model (ST-Gaze), we show that

subsequent person-specific calibration modules like SCPT

[4] can achieve even greater performance, highlighting the

importance of a powerful, generalized feature extractor.

3. Spatio-Temporal Gaze Network (ST-Gaze)
Architecture

Our proposed Spatio-Temporal Gaze Network (ST-Gaze)
is a video-based gaze estimation network designed to gen-

erate a robust spatio-temporal feature representation. For a

given frame, the model independently processes the left eye

image with the face image, and the right eye image with the

face image, yielding two separate gaze predictions. These

two predictions for the left and right eye are averaged to

produce the final gaze vector. For brevity, the following sec-

tions describe the architecture for a single eye-face stream.

The overall architecture of ST-Gaze is depicted in Figure 1

Our model consists of four key stages: 1) a multi-stream

feature extraction backbone, 2) an attention-based feature

fusion module, 3) our novel spatio-temporal recurrence, and

4) a final gaze regression head. We detail each stage below.

3.1. Multi-Stream Feature Extraction
Building on the established success of hybrid CNN-

Transformer architectures for gaze estimation [6], the foun-

dation of our model is a dual-stream backbone that pro-

cesses eye and face patches independently, capturing their

distinct characteristics. While many prior works rely on

ResNet variants [11, 12, 16, 19, 22, 28, 33], we employ a

modified EfficientNet-B3 [35] as our feature extractor for

both streams, selected for its superior performance in other

computer vision tasks [2, 35, 37] while still maintaining

computational efficiency. Specifically, we adapt the archi-

tecture by removing the final average pooling and predic-

tion layers, and we modify the channel dimension in the

final blocks to create two separate instances of the encoder:

• Eye Encoder: This stream processes a 3×128×128 eye

patch. To maintain a consistent input geometry, images of

the right eye are horizontally flipped before being passed

to the encoder. The encoder is configured to output a fea-

ture map of size 128× 8× 8.

• Face Encoder: This stream processes a 3 × 128 × 128
face patch. The encoder is configured to output a feature

map of size 32× 8× 8.

Using separate encoders allows the model to learn special-

ized features for each modality. For a given frame It, the

encoders produce an eye feature map Et ∈ R
128×8×8 and

a face feature map Ft ∈ R
32×8×8. Following Ren et al.

[33], we choose to represent the eye with more channels

(Ceye = 128) than the face (Cface = 32), based on the estab-

lished understanding that, while the information from the

face helps guide the prediction [5], the eye is still the main

contribution to the gaze direction. These maps are then con-

catenated along the channel dimension to form a unified fea-

ture map Xt ∈ R
160×8×8, which serves as the input to the

subsequent fusion stage. For our ablation studies, we also

implement a variant using ResNet [16] backbones, as de-

tailed in our ResNetEncoder implementation.

3.2. Attention-Based Feature Fusion
Simply concatenating features from different domains can

be suboptimal, as it may not effectively capture the com-

plex relations between modalities [5]. To fuse the eye and

face features, we employ a two-stage attention mechanism

as follows

Channel-wise Fusion. First, we apply an Efficient Chan-

nel Attention (ECA) module [40] to the concatenated fea-

ture map Xt. The ECA module adaptively re-weights the

feature channels by learning their interdependencies with-

out dimensionality reduction. This allows the model to dy-

namically emphasize either eye-specific details or broader

facial context based on the input. The kernel size of the

1D convolution within the ECA module is adaptively de-

termined based on the channel dimension C = 160, as de-
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Figure 1. The architecture of our proposed ST-Gaze. An input frame is processed by parallel eye and face encoders. The features are fused

via ECA and a Self-Attention Module (SAM). A GRU first processes the feature maps spatially (intra-frame) before propagating its hidden

state temporally (inter-frame) to the next frame. A final multi-layer perceptron (MLP) regresses the gaze vector. Input from EVE [28].

scribed in [40]. The output is a channel-recalibrated feature

map X′
t ∈ R

160×8×8.

Spatial Feature Learning. Next, we use a Self-
Attention Module (SAM) [39] to learn long-range spatial

dependencies across the feature map. Inspired by the Vi-

sion Transformer (ViT) [10] and the work of Cheng and Lu

[6] on integrating transformer with gaze estimation, we first

reshape X′
t into a sequence of S = 64 patches, where each

patch is a feature vector of dimension D = 160 and add a

learnable positional encoding. This sequence is then pro-

cessed by a stack of L = 3 Transformer encoder blocks

with 8 heads each. Each block consists of multi-head self-

attention (MHSA) and a feed-forward network. The output

of the SAM is a sequence of spatially enriched feature vec-

tors Yt ∈ R
64×160.

3.3. Spatio-Temporal Recurrence
A limitation of prior temporal models for gaze [22, 28, 33,

47] is their reliance on premature spatial pooling. By ap-

plying spatial average pooling to the feature map, the entire

spatially-aware feature map is collapsed into a single vec-

tor, losing the precise arrangement of facial features before

the temporal dynamics are considered.

To overcome this, we propose a novel recurrence struc-

ture that models intra-frame spatial context before mod-

elling inter-frame temporal dynamics. We treat the output

of our SAM, Yt = {y1, y2, . . . , y64}, as an ordered spa-
tial sequence, corresponding to a raster scan of the original

8× 8 feature grid. A Gated Recurrent Unit (GRU) [9] with

two layers is applied sequentially over these 64 patch vec-

tors. The initial hidden state for this spatial scan at time t,
ht,0, is the final hidden state from the previous time step’s
spatial scan, ht−1,64.

Formally, the process is:

h
(0)
0 = 02×160 (1)

Z(t), h
(t)
64 = GRU(Y(t), h

(t)
0 ) for t ≥ 0 (2)

h
(t)
0 = h

(t−1)
64 for t ≥ 1 (3)

Equation 2 describes the intra-frame scan, where the

GRU iteratively processes the spatial patches within a single

frame to produce a final, context-aware hidden state, h
(t)
64 .

Equation 3 describes the inter-frame propagation, where

this summary state is passed forward in time to initialize

the scan for the next frame. This design allows the GRU

to first build an understanding of the spatial relationships

within a frame before this summary information is propa-

gated through time.

3.4. Gaze Regression and Loss Function
The sequence of spatially-aware features Zt from the recur-

rent module is first aggregated through an average pooling

layer across the spatial dimension. This produces a single

summary vector z̄t ∈ R
160 which is then passed to a two-

layer MLP with a Tanh activation function to regress the 3D

gaze direction vector gt = (pitch, yaw). The Tanh function

constrains the output to [−1, 1], which we then scale by π/2
to map to the full range of gaze angles in radians. The pre-

diction for the right eye is finally horizontally flipped back.
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Loss Function. Our model is trained end-to-end using a

weighted combination of losses. The primary loss is the

angular error between the predicted gaze vector ĝt and the

ground-truth vector gt.

Lang = arccos

(
ĝt · gt

‖ĝt‖‖gt‖
)

(4)

Additionally, following Park et al. [28], we incorporate

losses on the predicted Point-of-Gaze (PoG) in both cen-

timetre (LPoG,cm) and pixel (LPoG,px) coordinates. The PoG

is calculated from the gaze vector using the provided cam-

era geometry, based on the implementation from the EVE

framework. The total loss is:

Ltotal = λangLang + λpxLPoG,px + λcmLPoG,cm (5)

where the λ values are hyperparameters determined experi-

mentally. Finally, we we adopt an offset augmentation strat-

egy during training with a standard deviation of 3◦, follow-

ing the protocol of Park et al. [28].

4. Experiments
In this section, we present a comprehensive evaluation of

our ST-Gaze. We first detail our experimental setup, in-

cluding the dataset, evaluation metrics, and implementation

details. We then compare ST-Gaze against state-of-the-art

methods on the EVE benchmark [28]. Finally, we conduct a

series of ablation studies to disentangle the contributions of

each component of our architecture and validate our design

choices.

4.1. Setup
Dataset. We conduct all experiments on the large-scale

EVE dataset [28]. We selected EVE as our primary bench-

mark, as its focus on continuous video of natural user-

screen interactions is ideal for evaluating temporal gaze

models in desktop and laptop scenarios. The dataset con-

tains over 12 million frames from 54 participants, featuring

diverse eye movements and significant head pose variation.

Data was collected across four camera views (basler and

three webcams at top-left, -centre, and -right) while partic-

ipants viewed various stimuli (images, videos, Wikipedia

pages). We follow the official protocol from Park et al.,

training on the designated training split. Final performance

and key ablations are reported on the test set, with addi-

tional detailed results on the validation set available in the

supplementary material.

Evaluation Metrics. Following prior work [4, 28], we

use the Angular Error as our primary evaluation metric,

measured in degrees (◦) between the predicted 3D gaze vec-

tor and the ground-truth vector. As a complementary met-

ric, we also report the Point-of-Gaze (PoG) Error, which is

the Euclidean distance in centimetres (cm) between the pre-

dicted and actual gaze points on the screen. For fair compar-

ison, all results are reported on the final test set, accessible

via the Codalab competition [30] set up by the authors of

the EVE dataset.1 The test set labels are held out, and final

performance is evaluated by submitting predictions to the

official Codalab competition server.

Implementation Details. Our ST-Gaze is implemented

in Pytorch using an EfficientNet-B3 backbone, pre-trained

on ImageNet [35]. The model is trained end-to-end for 4

epochs using the Adam optimizer [21] with a batch size of

6 and a base learning rate of 1e−4, which is scaled lin-

early with the batch size and follows a cosine annealing

schedule. Our total loss is a weighted sum of angular er-

ror (λang = 1.0) and PoG error in cm (λcm = 1e−2) deter-

mined empirically. For experiments with the SCPT modules

[4], we use our trained ST-Gaze as a frozen feature extractor

and use the publicly available SCPT weights for evaluation.

Model Complexity. We analyse the computational cost

and parameter distribution of ST-Gaze to contextualize its

performance. For a single-frame, dual-stream forward pass

on the input described in Section 3.1, our model computes

6.39 GFLOPs. Additionally, on a PC with a Nvidia RTX
4090 and an Intel Core Ultra 9 285K, it achieves an in-

ference speed of 105 FPS, using 800 MB of VRAM. Fi-

nally, the vast majority of the 21 M parameters in our model

are concentrated in the dual EfficientNet backbones used

for feature extraction (over 94%). In contrast, our pro-

posed combination of attention and spatio-temporal recur-

rence modules is highly efficient and comprise less than 6%
of the total parameters. A detailed breakdown of the pa-

rameters’ distribution can be found in the supplementary

material.

4.2. Comparison with State-of-the-Art
We first evaluate the performance of ST-Gaze as a stan-

dalone gaze estimator against several recent and influential

methods in video-based gaze estimation. We select base-

lines that represent different architectural approaches, in-

cluding the original EVE benchmark model (EyeNet-GRU

[28]), Transformer-based (Hybrid-ViT [6]), a similar work-

flow to ours (FE-NET [33]), and other state-of-the-art archi-

tectures (Gaze360 [20]). All baseline results are taken from

their original publications or subsequent papers that use the

official EVE evaluation protocol, ensuring a fair compari-

son. As shown in Table 1, ST-Gaze achieves a new state-of-

the-art performance on the test set. Our model achieves an

angular error of 2.58◦, a 25.9% relative improvement over

1Competition URL: https://codalab.lisn.upsaclay.fr/
competitions/11397
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Table 1. Comparison with state-of-the-art methods on the EVE

test set. All methods listed are appearance-based, using single-

view camera input. Bold indicates the best performance. *Results

reported by [33].

Method
Angular
Error (◦) ↓

Euclidean
PoG Error (cm) ↓

Hybrid-ViT [6]* 3.54 3.92

EyeNet-GRU [28] 3.48 3.85

Gaze360 [20]* 3.45 3.83

FE-NET [33] 3.19 3.55

ST-Gaze (Ours) 2.58 2.87

the original EyeNet-GRU baseline [28], and a 19.1% rela-

tive improvement over FE-NET [33], the best-performing,

single-view model on EVE. This result validates that our ar-

chitecture’s focus on superior feature representation trans-

lates into substantial performance gains. Moreover, our

method achieves comparable performance to other methods

that leverage additional input modalities. GazeRefineNet

[28] and DVGaze [7] both reported an error of 2.49◦, but

require either the screen content, which may raise privacy

concerns for continuous screen capture, or a dual-camera

setup, respectively. Our method uses only a single camera

view, making it more broadly applicable.

4.3. Performance as a Backbone for Person-Specific
Adaptation

Table 2. Performance comparison on the EVE test set when used

as a backbone for the SCPT adaptation modules [4]. Our model

provides a superior initial prediction, leading to a new overall

SOTA result.

Backbone + SCPT Modules Angular Error (◦) ↓
Offline Online

EyeNet [28] + SCPT 2.15 1.95

ST-Gaze (Ours) + SCPT 2.03 1.87
w/o ECA Module 2.15 1.97

To demonstrate the quality of our learned feature repre-

sentation, we further evaluate its effectiveness as a back-

bone for person-specific adaptation methods. We use our

trained ST-Gaze to provide initial gaze predictions for

the Self-Calibration and Person-specific Transform (SCPT)

modules from Bao et al. [4]. SCPT is a state-of-the-art

unsupervised adaptation technique that refines gaze predic-

tions for a specific person by modelling their unique off-

sets from a collection of their gaze data, without requiring

ground-truth labels. The adaptation can be performed on-
line, using only past frames in a sequence, or offline, using

all available frames for a person to achieve maximum ac-

curacy. As shown in Table 2, our model provides a supe-

rior initial prediction, which in turn boosts the performance

of SCPT in both online and offline settings We compare

against the original EyeNet backbone, which was the base-

line used in the SCPT paper, providing a direct and fair

comparison. Using ST-Gaze as the feature extractor reduces

the error from 2.15◦ (online) and 1.95◦ (offline) to 2.03◦

(online) and 1.87◦ (offline). These results underscore that

a stronger generalized feature extractor is crucial for max-

imizing the potential of downstream personalization tech-

niques.

4.4. Ablation Study
To validate our architectural design and understand the con-

tribution of each component, we conduct a comprehensive

ablation study. We start with our full ST-Gaze and system-

atically remove or alter key modules. All ablation experi-

ments are evaluated on the EVE validation and test set.

Table 3. Ablation study of the core modules in ST-Gaze on the

EVE test set. The significant performance drop upon removing the

SAM and the GRU, and particularly the degradation from altering

the recurrence structure, validates our key design choices. Bold
indicates the best performance.

Model Configuration Error ↓
Angular (◦) PoG (cm)

ST-Gaze (Full Model) 2.58 2.87

Ablating Fusion Modules:
w/o ECA Module 2.56 2.86
w/o SAM 4.84 5.36

Ablating Recurrence:
w/o GRU 2.88 3.21

Spatial Pooling pre-GRU 2.79 3.13

Impact of Core Architectural Components. Table 3

presents the results of ablating our feature fusion and tem-

poral modelling components. Our full model serves as the

baseline, achieving a 2.58◦ angular error and 2.87 cm PoG

error on the test set. The impact of removing the SAM is

dramatic, with the angular error (resp. PoG error) increas-

ing to 4.84◦ (resp. 5.36 cm), highlighting its critical role

in learning generalizable spatial relationships. The effect of

the ECA module is more nuanced. While its removal re-

sults in a marginal 0.02◦ (resp. 0.01 cm) improvement on

the angular error (resp. PoG error), its contribution becomes

evident when evaluating the quality of the learned features

for downstream adaptation. As shown in Table 2, the fea-

tures learned without ECA are less effective for person-

specific adaptation, resulting in a higher final error with the
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SCPT modules (1.97◦ vs. 1.87◦ for the angular error). This

demonstrates that ECA helps produce a more robust feature

representation, aligning with our work’s primary goal, even

if it does not improve raw generalization in this instance.

Disabling the temporal GRU module entirely increases

the angular error to 2.88◦ and PoG error to 3.21 cm, con-

firming the importance of temporal modelling. Crucially,

when we revert to the conventional approach of spatially

pooling features before the GRU, the angular error increases

to 2.79◦ and the PoG error to 3.10 cm. These results vali-

date our hypothesis: preserving and modelling intra-frame

spatial context with our spatio-temporal recurrence leads to

lower gaze estimation error than premature spatial pooling.

Table 4. Ablation study on the backbone architecture and fusion

strategy on the EVE test set. Bold indicates the best performance.

Backbone Configuration Error ↓
Angular (◦) PoG (cm)

EfficientNet-B3 (ST-Gaze) 2.58 2.87

ResNet-18 4.22 4.99

EfficientNet-B0 2.78 3.09

EfficientNet-B7 2.90 3.24

EfficientNet-V2-S 3.18 3.55

Early Fusion Strategy 3.26 3.66

Impact of Backbone and Fusion Strategy. To validate

our specific architectural choices, we conduct further exper-

iments analysing the impact of the backbone and the fea-

ture fusion strategy. The results on the test set, presented

in Table 4, highlight the importance of these decisions for

model generalization. First, we replace the EfficientNet-B3

backbone with several alternatives while keeping the rest of

the ST-Gaze architecture constant. With a ResNet-18 [16]

backbone, the performance collapses to 4.22◦, indicating

the failure to generalise. Within the EfficientNet family, our

choice of B3 proves to be optimal. A simpler EfficientNet-

B0 yields a higher angular error of 2.78◦, while a larger and

more complex EfficientNet-B7 also sees performance de-

grade to 2.90◦. Similarly, a more recent EfficientNet-V2-S

[36] backbone results in a 3.18◦ angular error. This sug-

gests that simply increasing model capacity does not guar-

antee better performance, and that EfficientNet-B3 offers

the best feature representation for this task, and our fusion

and recurrence modules.

Second, we investigate an early fusion strategy where

features from the left eye, right eye, and face are com-

bined before being processed by a single encoder stream.

This approach performs poorly, with an angular error of

3.26◦. Overall, these ablations confirm that our choice

of an EfficientNet-B3 backbone and a late-fusion strategy

are critical contributors to the strong generalisation perfor-

mance of ST-Gaze.

4.5. Qualitative Evaluation
Beyond aggregate metrics, we analyse our model’s perfor-

mance across different conditions and participants to under-

stand its robustness and limitations. Due to the test labels

and detailed results being held out, the figures presented for

the test performances rely on the mean angular errors and

standard deviations provided by the Codalab platform. The

detailed breakdown of our results on the validation set can

be found in the supplementary material.
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(b) Mean angular error and standard deviation across individual partici-

pants.

Figure 2. Analysis of ST-Gaze’s robustness on the EVE test set.
(a) Performance is stable across stimuli and camera views, with

the centre webcam (webcam c) showing the lowest variance. (b)

Performance varies significantly across participants, highlighting

the challenge of person-specific factors.

Figure 2 presents this breakdown. Figure 2a analyses

performance across different camera views and stimulus

types. Performance is largely consistent across the three

stimuli, with Video content yielding a slightly higher error,
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likely due to the more complex and rapid eye movements

it elicits compared to static Image and Wikipedia pages. A

more pronounced trend is observed across camera views.

While all views perform well, the centrally-mounted we-
bcam c not only achieves low error but also exhibits the

lowest variance. This is a promising result for real-world

usability, as the camera c position corresponds to where a

webcam would typically be placed on a laptop or monitor.

Figure 2b reveals the significant impact of person-

specific factors, which remains a central challenge in gener-

alized gaze estimation. The test participants can be broadly

clustered into distinct performance groups. A majority

of participants (e.g., test01, test02, test04) form a high-

performance cluster, with mean errors around 2.0◦. An-

other group (e.g., test07, test08) shows moderate perfor-

mance with errors around 3.0◦. Crucially, one participant,

test03, is a clear outlier, exhibiting a much higher mean er-

ror of 4.6◦. It is precisely for these outlier cases that down-

stream person-specific adaptation methods like SCPT are

essential, as they are designed to learn and compensate for

these unique, individual-specific characteristics. Our anal-

ysis of the SCPT results confirms this, but with a nuance.

For the high-performance cluster, SCPT provides a moder-

ate but consistent error reduction of 20% to 30%. Its impact

is most dramatic on the mid-tier performers, such as test07,

where it reduces the error by 58%. However, for the most

challenging outlier, test03, the improvement is minimal, at

less than 10%. This suggests a key distinction: SCPT is

highly effective at correcting for person-specific geometric

and anatomical biases, but its effectiveness is limited when

the primary source of error stems from persistent issues in

the input data. As we will illustrate next, the high error

for participant test03 appears to be caused by such an input

challenge.

To visually investigate these performance differences,

Figure 3 presents example frames from two representative

participants. The four leftmost frames show participant

test03, the most challenging case in the test set. In each

view, a strong blue light reflection on the participant’s eye-

glasses occludes the eye region. This persistent visual ar-

tifact severely degrades the quality of the input features,

naturally leading to a high mean prediction error of 4.64◦

and a standard deviation of 3.11◦ as reported on Figure 2b.

In contrast, the rightmost frame shows participant test04,

one of the best-performing participants with a mean pre-

diction error of 1.68◦ and a standard deviation of 1.23◦.

The eye region is clearly visible with even lighting, and

the pupil’s position is unambiguous, allowing our model

to extract high-quality features and make an accurate pre-

diction. These examples visually confirm that performance

remains heavily dependent on input image quality, with fac-

tors like eyeglass reflections being a significant hurdle for

all appearance-based methods.

Figure 3. Qualitative examples from the EVE test set [28]. The

four leftmost frames show a challenging case (Participant test03)

while the rightmost frame shows a high-performance case (Partic-

ipant test04). Images reproduced with permission from authors.

5. Conclusion
In this paper, we addressed the critical challenge of fea-

ture representation in video-based gaze estimation. We pro-

posed the Spatio-Temporal Gaze Network (ST-Gaze), a

novel architecture designed to overcome the limitations of

premature spatial pooling found in prior temporal models.

Our approach integrates the EfficientNet-B3 backbone with

a two-stage attention mechanism for effective eye-face fea-

ture fusion. A key contribution is our spatio-temporal re-

currence, which first models intra-frame spatial context by

treating the feature map as a sequence, before propagating

this contextual summary through time.

Our experiments on the challenging EVE dataset demon-

strate the effectiveness of this design. ST-Gaze achieves a

new state-of-the-art angular error of 2.58◦ for single-view

3D gaze estimation. Furthermore, we showed that the supe-

rior feature representation learned by our model serves as a

powerful backbone for downstream person-specific adapta-

tion, boosting the performance with the SCPT modules to

a final error of 1.87◦. Our comprehensive ablation study

validated our architectural choices, confirming that the self-

attention module and our novel recurrence structure are key

drivers of the model’s strong generalization performance.

The robust spatio-temporal features learned by ST-Gaze

open up several compelling avenues for future research.

One promising direction is moving beyond gaze direction to

predict higher-level cognitive states, such as cognitive load,

confusion, or attention, where the subtle temporal dynamics

captured by our model could be beneficial. Furthermore, as

our qualitative analysis highlights, a persistent challenge for

all appearance-based methods is robustness to visual arti-

facts like eyeglass reflections. Future work could explicitly

tackle this by developing noise-aware training strategies or

generative models to reconstruct occluded eye regions, fur-

ther improving real-world applicability.
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