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Model inference throughout entire videoSAM 2

Single mouse click

Fig. 1. An illustration demonstrating the data annotation process with SAM 2: the user provides a single point
prompt via a mouse click, and SAM 2 automatically handles the rest of the segmentation process. Optionally,
the user can refine and add additional prompts in more difficult areas of the video to improve the model’s
output.

We explore the transformative potential of SAM 2, a vision foundation model, in advancing gaze estimation.
SAM 2 addresses key challenges in gaze estimation by significantly reducing annotation time, simplifying
deployment, and enhancing segmentation accuracy. Utilizing its zero-shot capabilities with minimal user
input—a single click per video—we tested SAM 2 on over 14 million eye images from a diverse range of
datasets, including the EDS challenge datasets and Labelled Pupils in the Wild. This is the first application
of SAM 2 to the gaze estimation domain. Remarkably, SAM 2 matches the performance of domain-specific
models in pupil segmentation, achieving competitive mIOU scores of up to 93% without fine-tuning. We
argue that SAM 2 achieves the sought-after standard of domain generalization, with consistent mIOU scores
(89.71%-93.74%) across diverse datasets, from virtual reality to ”gaze-in-the-wild” scenarios. We provide our
code and segmentation masks for these datasets to promote further research.
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1 Introduction
The increasing integration of eye tracking into technologies like virtual reality (VR) devices and
smart glasses [Byrne et al. 2024a] has amplified the demand for robust gaze estimation systems,
where a key task is the accurate localization of the pupil within an image or video [Kim et al. 2019;
Maquiling et al. 2024]. Traditional methods for pupil localization—including thresholding and center
of mass calculations [Nyström et al. 2023; Peréz et al. 2003; Shortis et al. 1994] and ellipse-fitting
algorithms [Santini et al. 2018a,b]—while effective in controlled environments, suffer catastrophic
errors in the presence of noise such as occlusions or reflections, limiting their utility in real-world
settings [Byrne et al. 2023; Kothari et al. 2022]. To overcome these limitations, deep learning-based
approaches have emerged as powerful alternatives, addressing issues plaguing traditional methods
like blinks or reflections [Byrne et al. 2024b; Fuhl et al. 2016a, 2017b; Kim et al. 2019] and improving
the robustness and accuracy of pupil detection under challenging conditions [Fuhl et al. 2016a].
However, deploying these models requires vast amounts of annotated data and technical expertise.
Data annotation can be very costly, requiring significant human labor depending on dataset size and
complexity, and training gaze estimation models using supervised machine learning relies heavily
on labeled data [Sambasivan et al. 2021; Sun et al. 2017]. To mitigate time and resource constraints,
recent work in gaze estimation has striven to achieve domain generalization [Kothari et al. 2022;
Nguyen et al. 2024].This can involve training neural network models on multiple eye image datasets
with the intuition that a model would learn a generalized representation of eye features [Kothari
et al. 2020]. Domain adaptation techniques have also been explored, such as attempts to broaden the
distribution of existing eye image datasets through the inclusion of synthetic eye images. However,
these attempts have often found that models trained on synthetic images fail to generalize back
to real-world images [Chaudhary et al. 2019; Nair et al. 2020; Nguyen et al. 2024]. While such
approaches can reduce the cost and burden associated with capturing and manually labeling large
quantities of real human eye data, and in turn promote data privacy [Nguyen et al. 2024], they
often involve complex procedures and can be memory intensive restricting these approaches to
those who possess large quantities of GPUs.

Foundation models represent a paradigm shift in artificial intelligence, transforming how people
interact with, develop, and deploy deep learning models [Bommasani et al. 2021]. They potentially
offer a way to sidestep the complexities of domain generalization and domain adaptation by
providing out-of-the-box zero-shot methods for eye feature segmentation[Maquiling et al. 2024].
Characterized by vast numbers of trainable parameters and extensive training data, these models
demonstrate impressive adaptability to downstream tasks and perform well on data distributions
they have not encountered during training [Bommasani et al. 2021; Kirillov et al. 2023]. They have
lowered barriers to entry for integrating AI into workflows, simplifying the use of AI-powered tools
and handling complex tasks that once required specialized models and custom datasets [Bommasani
et al. 2021; Zhou et al. 2023]. Building on these advancements, Maquiling et al. [2024] showcased
the potential of zero-shot vision foundation models in annotating eye tracking data by evaluating
the Segment Anything Model (SAM) [Kirillov et al. 2023], a vision foundation model released
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by Meta AI, on the OpenEDS datasets [Garbin et al. 2019; Palmero et al. 2020]. However, SAM
required at least one prompt per image, necessitating manual clicks on every image in the dataset—a
time-consuming process, and it was also left unexplored how this new type of model would perform
on more challenging gaze in the wild scenarios. Its successor, SAM 2 [Ravi et al. 2024], addresses
this limitation by enabling a single prompt to propagate across an entire video, allowing the model
to track and segment objects even with occlusions see Fig. 3 for an example. This improvement
drastically reduces the need for manual interaction, making the annotation process significantly
more efficient.

This paper explores the potential of SAM 2 [Ravi et al. 2024], in advancing gaze estimation
research. Importantly, it addresses long-standing challenges in gaze estimation: the need for large
annotated datasets, the labor-intensive process of feature annotation, the high barrier of expertise
for developing custom models, and the difficulty of domain adaptation where models struggle to
generalize across datasets [Byrne et al. 2023; Kim et al. 2019; Kothari et al. 2022]. This feature is
particularly relevant in gaze estimation, where models often fail due to variations in differences
across participant physiology, recording setups, and environmental lighting conditions [Byrne et al.
2023; Kim et al. 2019; Kothari et al. 2022]. To evaluate SAM 2, we deployed the model across diverse
gaze estimation datasets, including VR environments and the world’s largest unified public dataset
of eye images captured with head-mounted devices [Fuhl et al. 2021]. To evaluate and demonstrate
SAM 2’s ease of use, we limited the annotation to just one click per video, regardless of its length.
A frame where the pupil was clearly visible was selected, and a single point prompt was placed
near the center of the pupil. For the OpenEDS2019 dataset [Garbin et al. 2019], which consists of
non-sequential eye images, we applied a single prompt to the entire dataset by taking the prompt
from the first image in the training set and propagating it to the test and validation sets, covering
a total of 152 different participants. We then assess SAM 2’s segmentation performance using
three key metrics: (1) the intersection-over-union (IoU) of the pupil masks to assess segmentation
accuracy; (2) the ratio of frames where the pupil was not successfully tracked (when the pupil
was visible) to the total number of frames (referred to as Pupil Lost); and (3) the ratio of frames
where a blink is correctly detected (i.e., the predicted mask is empty) to the total number of frames
where the ground truth pupil mask is empty (referred to as Blink Detected). Our annotation process
employed SAM 2’s smallest model, SAM2.1_hiera_tiny, adapting the code released by SAM 2’s
authors [Ravi et al. 2024] so that it could handle arbitrarily long videos without preprocessing or
running into memory issues. This improved version of SAM 2 used for this paper is available from
https://github.com/dcnieho/segment-anything-2 while the resulting masks can be downloaded
from https://zenodo.org/records/13911636.

2 Related Work
2.1 Foundation Models and the Segment Anything Models
Models such as OpenAI’s GPT series [Achiam et al. 2023; Brown 2020; Radford 2018; Radford et al.
2019] and Google’s BERT [Kenton and Toutanova 2019], have transformed artificial intelligence by
enabling versatile, zero-shot performance across a wide range of downstream tasks [Bommasani
et al. 2021]. With large parameter counts and trained on extensive data, these models can adapt
effectively to new tasks without fine-tuning, making them broadly applicable beyond the field of
Natural Language Processing (NLP) [Bommasani et al. 2021; Zhou et al. 2023]. This cross-domain
adaptability has inspired similar advancements in other fields, with foundationmodels like TimeGPT
[Garza et al. 2023] in time series forecasting, as well as DinoBloom [Koch et al. 2024], Nicheformer
[Schaar et al. 2024], and others in medical research.
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Foundation models have also achieved significant advances in computer vision, particularly in
object recognition and segmentation. Notably, the Segment Anything Model (SAM) [Kirillov et al.
2023] represents a breakthrough in zero-shot image segmentation, enabling robust, general-purpose
image segmentation across a wide range of visual inputs. SAM is trained on a massive diverse
dataset (SA-1B), containing over one billion segmentation masks across 11 million images, making
it capable of zero-shot segmentation across a wide range of image types. It operates by embedding
both image and prompt inputs, such as points, bounding boxes, or text–and uses these embeddings
to output segmentation masks. With its lightweight decoder and promptable structure, SAM can
generate accurate masks with minimal input. Building on this, SAM 2 [Ravi et al. 2024] extends
SAM’s capabilities into video by introducing a memory-augmented architecture, enabling it to
track and segment objects over time with higher accuracy and fewer user interventions. Unlike
traditional frame-by-frame segmentation, SAM 2’s design allows users to provide a single prompt,
such as a point or bounding box, to initiate segmentation across an entire video. Users can add
additional prompts only where necessary, which the model incorporates as new input to further
refine the segmentation in subsequent frames. Trained on the SA-V dataset–which includes over
35 million masks across 50,000 videos, SAM 2 excels at video object segmentation, reducing the
need for prompts per frame and operating up to six times faster than SAM for static image tasks.
This makes SAM 2 highly suitable for largescale applications. See Fig. 2 for a visualization of the
architectural differences between SAM, SAM 2 and traditional specialist models.

Since it was first introduced, the Segment Anything models has been applied in various fields such
as medicine [Huang et al. 2024; Ma et al. 2024; Mazurowski et al. 2023; Zhang et al. 2024], remote
sensing [Ding et al. 2024; Shankar et al. 2023; Wang et al. 2024], content creation [Psychogyios
et al. 2023; Yu et al. 2023] and autonomous driving [Yan et al. 2024; Zhao 2023]. Further, several
extensions and improvements of the SAM model have been proposed, such as introducing speed-up
alternatives [Zhang et al. 2023a,b; Zhao et al. 2023], extending it to 3D [Cen et al. 2023; Guo et al.
2024; Shen et al. 2023; Yang et al. 2023b], object tracking in video [Cheng et al. 2023; Yang et al.
2023a], finetuning to specific domains [Ma et al. 2024] and so on. Since SAM 2 has been released
only very recently, such adaptation have not yet appeared.

2.2 SAM for Pupil Segmentation in Video-Based Eye Tracking
Video-based eye tracking fundamentally depends on accurate segmentation of eye features such
as the pupil, sclera, iris, and corneal reflections to enable precise gaze estimation. A widely used
approach focuses on localizing the pupil center [Byrne et al. 2023; Fuhl et al. 2016a; Kim et al.
2019]. We propose that methodologies can generally fall into three categories: (1) traditional
techniques employing rule-based image processing and thresholding [Byrne et al. 2024b; Santini
et al. 2018a,b], (2) deep learning-based models that leverage neural network architectures, and (3)
zero-shot foundational models. Traditional methods often underperform in diverse, noisy real-world
scenarios. Deep learning methods, while more robust, typically require extensive annotated datasets
and are susceptible to domain shifts, which occur when training and testing data distributions
differ. In eye tracking, this can occur due to changes in recording device or differences between
lighting conditions [Byrne et al. 2023; Kim et al. 2019; Kothari et al. 2022].This paper posits that
zero-shot foundational models present a promising third alternative.

Historically, feature localization and segmentation of eye images have been cornerstones of video-
based eye tracking. Techniques include identifying the pupil center or its outline [Fuhl et al. 2018,
2016b; Santini et al. 2018a,b; Świrski et al. 2012], detecting iris boundaries [Arvacheh and Tizhoosh
2006; Mottalli et al. 2009], and the eye aperture [Fuhl et al. 2017a]. Early methods relied heavily on
complex rules, thresholds, and heuristics, while deep learning approaches introduced advancements
by reducing reliance on hand-crafted components. However, these models are often optimized
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for specific domains—for instance, VR environments [Garbin et al. 2019], controlled laboratory
conditions [Byrne et al. 2024b], or challenging in-the-wild scenarioswhere occlusions and reflections
are common [Fuhl et al. 2016a; Kothari et al. 2021]. Notably, many deep learning models for gaze
estimation are well-known architectures like U-Net [Ronneberger et al. 2015], Resnet [He et al. 2016]
and DenseNet [Huang et al. 2017] with modifications and are then trained on large amounts of eye
images, normally from a specific data source (e.g one recording device). Crucially, the training dataset
plays a pivotal role in model performance. Variations in participant demographics, recording setups,
and lighting conditions significantly impact cross-dataset generalization, leading to performance
degradation when models trained on one dataset are tested on another. This challenge, identified as
the problems of domain adaptation and domain generalization, has prompted efforts to mitigate it
through multi-dataset training [Kothari et al. 2022; Yiu et al. 2019] or synthetic data augmentation
[Kim et al. 2019; Nair et al. 2020; Nguyen et al. 2024]. For instance, Yiu et al. [2019] proposed
DeepVOG, a fully connected neural network that produces a robust pupil center detection in
unseen datasets with minimal accuracy reduction. However, they acknowledge that the network’s
performance degrades when encountering novel features, such as eyebrows, not present in the
training data. These results align with the findings from Nair et al. [2020] which show that CNNs
trained for one dataset containing one specific eye tracker can indeed generalize well to previously
unseen test data. While these strategies have shown promise, they often require complex training
pipelines or access to proprietary data and model weights, which are not always readily available.

In contrast, recent advancements in foundation models have shown potential to address these
limitations by enabling effective generalization across datasets without the need for extensive
retraining. For example, Maquiling et al. [2024] evaluated the Segment Anything Model (SAM) on
OpenEDS datasets [Garbin et al. 2019; Palmero et al. 2020], employing various prompting strategies
to segment the sclera, iris, and pupil. Their findings revealed that while explicit prompts—such
as combinations of point prompts and bounding boxes—improved sclera and iris segmentation,
a single point placed on the pupil sufficed to achieve segmentation performance comparable
to specialized models trained on the actual dataset. However, the need to provide individual
prompts for each image poses scalability challenges for large datasets such as NVGaze [Kim et al.
2019] or GIW [Kothari et al. 2020], highlighting the necessity for refined pipelines or fine-tuning
[Maquiling et al. 2024]. Similarly, Deng et al. [2024] proposed a fully unsupervised pipeline that
combines eye priors and image gradients to identify the pupil, iris, and sclera, with SAM refining
the segmented boundaries. This approach achieved near-supervised performance levels for pupil
and iris segmentation, reaching approximately 90% of benchmark accuracy.

3 Methodology
We evaluated SAM 2’s performance on a diverse set of eye tracking datasets to test its general-
izability across various domains. These datasets include both VR-based and mobile eye tracking
environments, representing controlled and real-world settings. Specifically, we selected four VR-
based datasets (including one synthetic) and three mobile eye tracking datasets captured in natural,
uncontrolled environments. Two of these datasets are from the OpenEDS challenges [Garbin et al.
2019; Palmero et al. 2020], which focus on creating generalizable and robust semantic segmenta-
tions within VR settings. The synthetic NVGaze [Kim et al. 2019] dataset includes its own pupil
segmentations for gaze estimation. For the remaining datasets, ground truth segmentations were
sourced from TEyeD [Fuhl et al. 2021], the world’s largest unified public dataset of eye images
taken with head-mounted devices.

Below is a brief description of the datasets used:
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Fig. 2. Comparison between Segment Anything Model 2 (top), a traditional segmentation model trained
specifically on eye tracking datasets (left), and Segment Anything Model (right). The sample eye images are
taken from the GW dataset [Kothari et al. 2020].

(1) OpenEDS2019 [Garbin et al. 2019]: Contains 12,759 non-sequential images (400× 640 pixels)
acquired from 152 participants using a VR head-mounted display (HMD) with eye-facing
cameras at 200Hz under controlled lighting. Provides pixel-level annotations for the pupil,
iris, and sclera.

(2) OpenEDS2020 [Palmero et al. 2020]: Features eye-image sequences from 80 participants
using a VR HMD at 100Hz. The Eye Segmentation Dataset includes 200 sequences sampled
at 5Hz totalling to 29,500 images, of which 5% are manually annotated (640 × 400 pixels).

(3) NVGaze [Kim et al. 2019]: Comprises two datasets for near-eye gaze estimation under
infrared illumination. The real-world dataset includes 264,279 images (640 × 480 pixels) from
14 participants in a VR setting; the synthetic dataset contains 2 million images (1280 × 960
pixels). We evaluated SAM 2 on both.

(4) Labelled Pupils in the Wild (LPW) [Tonsen et al. 2016]: Consists of videos from 22
participants recorded in everyday environments using a head-mounted eye tracker at 120Hz
(640 × 480 pixels), covering diverse lighting conditions and natural gaze distributions.

(5) Gaze-in-Wild (GW) [Kothari et al. 2020]: Provides naturalistic recordings from 19 partic-
ipants performing everyday tasks with a mobile eye tracker at 120Hz (640 × 480 pixels),
including eye and head movements, infrared eye images, and scene imagery.

(6) Dikablis datasets: A combination of datasets from ElSe [Fuhl et al. 2016b], ExCuSe [Fuhl
et al. 2015], PNET [Fuhl et al. 2016a], and a driving study [Kasneci et al. 2014], compiled in
TEyeD [Fuhl et al. 2021]. Recorded at 25Hz (384× 288 pixels), it features eye recordings from
30 participants.
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Fig. 3. SAM 2 results on various VR-(first and second rows) and mobile eye tracking (third and last rows)
datasets. Images are taken from the OpenEDS2019 [Garbin et al. 2019], OpenEDS2020 [Palmero et al. 2020],
LPW [Tonsen et al. 2016], and the Dikablis datasets [Fuhl et al. 2021]. SAM 2 handled occlusions remarkably
well as observed in rows 1 and 4, and effectively segmented the pupil across a wide range of datasets, showing
its robustness to different eye tracking conditions.

We prompt only one frame for each video or image folder. Maquiling et al. [2024] demonstrated
that a single-point prompt is sufficient for accurately segmenting the pupil region. Based on this
finding, we decided to limit our approach to using one point prompt on a single frame where the
pupil is present. We evaluated SAM 2’s performance across three key aspects: pupil segmentation
accuracy, pupil tracking consistency (how reliably SAM 2 can track the pupil throughout a video),
and blink detection accuracy (how effectively SAM 2 can determine when the pupil is fully occluded
(e.g. during a blink event)).

To assess these aspects, we used the following metrics:
• Intersection-over-union (IoU): Defined as the ratio of the overlap area between the pre-

dicted segmentation and the ground truth to their total combined area.Thismetric is calculated
only for frames where SAM 2 produces a segmentation in the presence of a pupil in the
image.

• Pupil Lost Rate: The percentage of frames where the pupil is not successfully tracked.
• BlinkDetection Rate:The percentage of frames where blink events were correctly identified.

We compare the mean IoU scores with scores achieved by SAM 2with those reported in prior studies
in pupil segmentation, particularly, the best-performing pupil mean IoU by Maquiling et al.[2024]
using SAM [Kirillov et al. 2023] with a combination of four point prompts and a bounding box
surrounding the pupil, the results from EllSeg-Gen [Kothari et al. 2022] using a model trained on
nine publicly available datasets including OpenEDS2019 [Garbin et al. 2019] and NVGaze [Kim et al.
2019], global pupil mean IoU scores from RIT-Eyes [Nair et al. 2020], results from [Kothari et al.
2021] using various models: RITNet [Chaudhary et al. 2019], DenseElNet [Kothari et al. 2021], and
DeepVOG [Yiu et al. 2019], results from CondSeg [Jia et al. 2024], as well as the winning leaderboard
scores from OpenEDS2019 [Garbin et al. 2019] and OpenEDS2020 [Palmero et al. 2020] which
reported averaged mean IoU across all three eye features (pupil, iris, and sclera), and the baseline
results from TEyeD [Fuhl et al. 2021] using leave-one-out cross validation for each eye tracker.

4 Results
Table 1 compares the mean IoU of SAM 2 to the reported mean IoU scores from various papers
[Garbin et al. 2019; Jia et al. 2024; Kothari et al. 2022, 2021; Maquiling et al. 2024; Nair et al. 2020;
Palmero et al. 2020] while Table 2 summarizes SAM 2’s pupil lost rate and blink detection rate.
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Fig. 4. Noisy examples from mobile eye tracking datasets [Fuhl et al. 2021; Tonsen et al. 2016] where SAM
2 produced low-quality segmentations. Issues include SAM 2 losing track of the pupil (rows 2, 5-8, 10),
segmenting the wrong area (row 9), partially segmenting the pupil (rows 3, 4, 5), and oversegmenting the
pupil (rows 1, 9).

For instance, on the OpenEDS2019 dataset, SAM 2 achieved a pupil lost rate of 0.75% and a blink
detection rate of 94.12% with a mean IoU of 89.97%, competing with specialist models trained on
OpenEDS like EllSeg-Gen [Kothari et al. 2022] which reached a mean IoU of 95.6% when trained on
multiple datasets including OpenEDS. Similarly, for OpenEDS2020, SAM 2 attained a mean IoU of
92.33%, significantly higher compared to CondSeg [Jia et al. 2024] which reported a mean IoU of
86.80%.
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Table 1. Performance of SAM 2 on multiple datasets compared to various published results, including the best-
performing scores from Maquiling et al. [2024] on the original SAM [Kirillov et al. 2023] using a combination
of bounding box and point prompts for each frame, the all-vs-one scores from EllSeg-Gen [Kothari et al.
2022], global pupil mIoU scores from RIT-Eyes [Nair et al. 2020], results published by Kothari et al. [2021] for
RITnet [Chaudhary et al. 2019], DenseElNet [Kothari et al. 2021], and DeepVOG [Yiu et al. 2019], as well as
results from CondSeg [Jia et al. 2024]. Leaderboard scores*, which averaged across three eye regions, were
also obtained from the OpenEDS2019 [Garbin et al. 2019] and OpenEDS2020 [Palmero et al. 2020] challenge
pages, while baseline results from TEyeD were calculated using leave-one-out cross validation for each eye
tracker. [Fuhl et al. 2021]. Datasets with a single baseline value are marked with an asterisk (*). As TEyeD
provided the ground truth segmentation for NVGaze (real), LPW, GW, and the Dikablis datasets, no baseline
mean IoU could be extracted from the original papers.

*Leaderboards: https://eval.ai/web/challenges/challenge-page/353/leaderboard/1002,
https://eval.ai/web/challenges/challenge-page/603/leaderboard/1680

Mean IoU

Dataset / Model SAM 2 SAM EllSeg-Gen RIT-Eyes RITnet DenseElNet DeepVOG CondSeg OpenEDS
OpenEDS2019 0.8997 0.9330 0.956 0.8926* 0.950 0.954 0.891 0.9091 0.9528
OpenEDS2020 0.9223 0.9334 – – – – – 0.8680 0.9517
NVGaze (Synthetic) 0.9259 – 0.982 0.8926* 0.932 0.931 0.909 – –

SAM 2 TEyeD
NVGaze (Real) 0.9079 0.65*
LPW 0.9023 0.65*
GW 0.9212 0.65*
Dikablis 0.8835 0.65*

Table 2. Performance of SAM 2 in detecting Pupil Lost and Blink Detected across multiple datasets.

Pupil Lost Blink Detected

Dataset / Model SAM 2
OpenEDS2019 0.0075 0.9412
OpenEDS2020 0.0104 0.9375
NVGaze (Synthetic) 0.0028 0.9602
NVGaze (Real) 0.0876 0.9889
LPW 0.0940 0.7127
GW 0.0184 0.8513
Dikablis 0.1846 0.9483

On the NVGaze datasets [Kim et al. 2019], SAM 2 performed well on synthetic data with a mean
IoU of 92.59% (compared to EllSeg-Gen’s 98.2%) and on real data with 90.79%, despite a higher pupil
lost rate of 8.76% on the real data. In mobile datasets, SAM 2 achieved mean IoUs of 90.23% on LPW
[Tonsen et al. 2016] and 92.12% on GW [Kothari et al. 2020], with higher pupil lost rates due to
increased noise and visual obstructions, as evidenced by the Dikablis datasets’ pupil lost rate of
18.46% [Fuhl et al. 2021, 2015, 2016a,b; Kasneci et al. 2014].

Overall, SAM 2 [Ravi et al. 2024] performed well on both VR and mobile eye tracking datasets,
with VR datasets showing higher performance likely due to more controlled environments. Al-
though SAM 2 slightly underperformed on the nonsequential OpenEDS2019 dataset—composed of
individual images rather than continuous video frames—it still demonstrated the ability to general-
ize across multiple datasets. Notably, SAM 2 outperformed TEyeD’s top-performing model, which
achieved a mean IoU of just 65% [Fuhl et al. 2021], and delivered competitive results compared
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to [Kothari et al. 2022], where a mean IoU of 98.2% was reported on NVGaze’s synthetic dataset.
It is important to highlight that their model was trained on several datasets, including NVGaze’s
training set, before being tested on the NVGaze test set. In contrast, SAM 2 achieved these results
without any fine-tuning or sacrificing a subset of the datasets for training.

A major advantage of SAM 2 is its minimal human guidance requirement—just a single click
per video to indicate that it should segment the pupil—compared to traditional manual annotation
that would require thousands of clicks. For example, SAM 2 required only one click for the entire
OpenEDS2019 dataset of 12,759 images. Similar reductions were observed across other datasets:
200 clicks (one point prompt per eye-image sequence) for the 29,500 images of the OpenEDS2020
dataset, 66 clicks for LPW’s 130,856 images, 54 clicks for NVGaze’s 2,264,279 images, 423 clicks for
the Dikablis datasets’ more than 5.6 million images, and 148 clicks for GW’s 6 million images. This
significant reduction in human labor highlights SAM 2’s efficiency in annotating large datasets with
minimal input while achieving high performance in pupil tracking without model fine-tuning or
specialized training. Moreover, SAM 2’s inference process did not require powerful GPUs, making
it feasible for use with low-end hardware. This level of accessibility was not possible before SAM 2
and demonstrates how vision foundation models can democratize large-scale data annotation in
eye tracking research.

5 Discussion
The quality of the dataset significantly impacts SAM 2’s performance. For instance, datasets with
clear eye images, minimal noise and high resolution, such as OpenEDS and NVGaze, yielded higher
IoU scores and lower pupil loss rates. However, SAM 2 encountered more difficulty in noisier
datasets, like the Dikablis datasets, resulting in more pupil tracking failures.

In terms of human interaction, the effort required is mostly limited to monitoring the quality
of the predicted masks and adding additional prompts only when necessary. While we limited
our evaluation to a single point prompt per video, SAM 2 supports various other prompt types,
such as multiple positive or negative point prompts (where the signs indicate areas that SAM 2
should and should not include in its segmentation) and bounding box prompts, offering flexibility
for more complex and noisier datasets that require additional guidance. Below we highlight several
practical lessons from conducting our study for researchers interested in implementing SAM 2 for
eye tracking data segmentation tasks:

5.1 Practical Lessons Learned
(1) Significant Time Savings: SAM 2 significantly reduced the time necessary to annotate

entire datasets. The datasets in this study were annotated by two of the authors within a
couple of days, demonstrating SAM 2’s efficiency in annotating large volumes of data quickly.
Importantly, these authors spent most of the time waiting for the model to finish producing
its segmentation for the datasets, and only very little time setting up the model and checking
its output.

(2) Reduced Technical Barrier to Entry: SAM 2 not only saves time in obtaining segmentation
masks but also greatly simplifies the process for non-experts. Instead of developing custom
pupil segmentation models, users can run SAM 2 with just a few lines of code. This lowers
the barrier to entry, enabling more people to develop gaze estimation pipelines.

(3) Vibrant Open-Source Community: SAM 2 benefits from an active open-source community
(13,500 GitHub stars at the time of writing), which drives innovation through task-specific
fine-tuning, pre-trained model sharing, and rapid adaptation across domains such as medical
imaging[Zhu et al. 2024] and object detection in remote sensing[Wang et al. 2024]. Unlike
specialized eye-segmentation models, which often lack scalability and production-readiness
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due to issues such as domain generalization. SAM 2’s general-purpose design enables seamless
integration into diverse workflows, making it a versatile and approachable alternative for
real-world applications.

(4) Standardizing Results Across Datasets: SAM 2 enables consistent and comparable results
across diverse datasets without requiring separate training for each. Traditional workflows
often demand dataset-specific models, which are resource-intensive and limit reproducibility.
By leveraging zero-shot capabilities and a universal pre-trained architecture, SAM 2 reduces
overfitting risks and improves cross-dataset comparability. For instance, SAM 2 can be directly
applied to datasets like NVGaze [Kim et al. 2019], GIW [Kothari et al. 2020], and OpenEDS
[Garbin et al. 2019], eliminating the need for retraining and streamlining research workflows.

(5) Minimal Human Interaction: The annotation process required minimal human involve-
ment beyond preparing the prompts and finding appropriate frames where the pupil is visible.
SAM 2 handled the actual annotation, while the user only needs to perform quality checks
and refine prompts when necessary.

(6) Privacy-preserving Methods: SAM 2 minimizes the need to collect and transfer sensitive
data, aligning with privacy concerns [Zhang and Metaxas 2024]. Traditional eye-tracking
models often require high-resolution, person-specific datasets for retraining or validation,
which raises privacy risks [Bozkir et al. 2020; Byrne et al. 2024a]. In contrast, SAM 2’s
pre-trained capabilities eliminate the necessity for large-scale data collection, reducing the
handling of sensitive personal information while maintaining performance. This approach
ensures that eye-tracking research can adhere to ethical guidelines and protect participant
privacy

(7) No Requirement for Training Data: SAM 2 eliminates the need for training data, ad-
dressing the substantial resource demands of traditional eye-segmentation workflows. Con-
ventional models require extensive datasets that involve recruiting participants, capturing
eye-tracking images, and manually annotating features like the pupil, sclera, and iris, all of
which are time-consuming and costly. By leveraging SAM 2’s pre-trained architecture, re-
searchers can bypass these steps, significantly reducing costs, accelerating research timelines,
and minimizing ethical and logistical challenges. This streamlined process enables immediate
application to segmentation tasks without sacrificing performance, making eye-tracking
research more accessible and efficient.

(8) Low Hardware Requirements SAM 2’s low GPU requirements make it accessible for
researchers with limited computational resources. We used both a high-end NVIDIA A100
(80GB VRAM) and a GeForce RTX 4090 (24 GB VRAM), achieving compute times of up to 40
frames per second (fps) for both. Impressively, SAM 2 also ran on more budget-friendly GPU’s
such as the RTX 4060 Ti (16 GB VRAM) delivering around 12 fps, and was even functional on
laptop-class GPU’s, albeit at significantly lower frame rates of just a few fps. However, it is
worth noting that inference performance of the model appeared to be limited by CPU and
not GPU performance in most of these cases. While models like RITNet [Chaudhary et al.
2019] and DeepVOG [Yiu et al. 2019] offer significantly faster inference speeds, these are
task-specific models optimized for real-time pupil tracking. In contrast, SAM 2 is a general-
purpose segmentation model that remains functional even on lower-end hardware, making
it more accessible for large-scale annotation tasks where real-time inference is not a primary
concern.

(9) Strong Generalization SAM 2 demonstrated robust performance across a diverse set of eye
tracking datasets including VR, mobile, and even synthetic data, despite not being specifically
trained on eye tracking data. While domain generalization remains a central goal in gaze
estimation, SAM 2 presents a compelling new approach to achieving this objective. Whether
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a complete paradigm shift or not, SAM 2 undoubtedly offers a valuable new perspective.
Future work could explore the applicability of this approach to other ocular features, such as
iris segmentation, and investigate whether fine-tuning on near-eye images leads to further
performance gains.

(10) Dealing with Noisy Data: While SAM 2 performed well even with occlusions, it may lose
track of the pupil, particularly in videos with excessive noise such as those captured ”in
the wild”. For instance, SAM 2’s performance on the TEyeD dataset (refer to Figures 3 and
4 for visual examples) demonstrated difficulties in consistently tracking the pupil under
such conditions. To address this, further refining of prompts is necessary–this may include
adopting a more appropriate prompt strategy, adding prompts on more difficult frames, or
focusing on regions where SAM 2 loses track to complete the video sequence–although
this approach still involves less human effort compared to traditional annotation processes.
Moreover, for more complex eye features, such as the iris and sclera, more advanced prompt
strategies may be required. For further insights into effective prompt strategies tailored to
specific eye features, refer to the relevant study by Maquiling et al. [2024].

5.2 Open Challenges, Limitations & Future Work
While SAM 2 excelled in pupil segmentation, challenges remain with segmenting less distinct
eye features like the iris and sclera. To explore this, we evaluated SAM 2’s performance on the
OpenEDS2020 dataset, where it achieved an mIoU of 76.53% for the iris and only 7.36% for the sclera
with a single box prompt. Fine-tuning SAM 2 on specific eye features, especially under varying
conditions like lighting, reflections, and noise, could improve performance by reducing its reliance
on ideal conditions and simple prompts.

Additionally, alternative prompting strategies, such as using bounding boxes or multiple point
prompts, may yield better results in challenging cases. A limitation of our study is that we did not
explore different prompt strategies, opting for a single point prompt to highlight the simplicity of
annotation with SAM 2. While a single prompt proved to be effective for pupil segmentation in
many cases, other prompts may improve results in difficult cases or for less well defined features.

Another consideration is the possibility that SAM 2 may have encountered these datasets during
training as all the datasets we have used are open to the public. Future work should test SAM 2 on
completely novel datasets to validate its generalization capabilities. Additionally, as eye tracking
moves to consumer devices, a key challenge will be adapting SAM 2 for low-power hardware
like smart glasses [Zhang et al. 2023a], making it crucial to balance performance with reduced
computational requirements for real-time applications in VR, AR devices.

5.3 Privacy and Ethics
SAM 2 enhances eye-tracking research by reducing the need for manual annotation, improving
efficiency. However passing data through this model still involves handling sensitive biometric
information. As self-annotated datasets become more feasible, ensuring data sovereignty and
informed consent is critical. Researchers must prioritize transparency and safeguard user data,
especially when handling large, potentially sensitive datasets.

More generally, the rise of open foundation models like SAM 2 raises new governance challenges
[Kapoor et al. 2024]. It has been documented that in fields such as medical imaging, these foundation
models can offer significant advantages over task specific models by accelerating model develop-
ment, reducing reliance on labeled data, thus providing a further safeguard towards preserving
patient privacy. While open-sourcing large medical datasets faces regulatory hurdles, foundation
models provide an alternative for knowledge sharing while protecting sensitive information [Zhang
and Metaxas 2024].
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6 Conclusion
In this study, we assessed the practical segmentation capabilities of the SAM 2 Vision Foundation
model. Using SAM 2, we efficiently annotated over 14 million pupil images across multiple datasets
with just a few click prompts per dataset, significantly streamlining traditional annotation work-
flows. Our findings show that foundation models like SAM 2 effectively address key challenges in
eye tracking research: data annotation, domain adaptation, and reducing training data requirements.
Notably, SAM 2 achieves robust performance without fine-tuning, offering a user-friendly and
accurate solution compared to its predecessor, SAM. Its ability to annotate entire datasets with
minimal human input makes it suitable practically for large-scale applications. Further, it could be
used to standardize gaze estimation across datasets, ensuring fair comparisons. This standardization
not only supports reproducibility but also facilitates cross-study evaluations in gaze estimation
research.

This work highlights the potential for general-purpose models to benefit other HCI fields where
extensive labeled data is needed. As these models advance, we anticipate continued progress in
both gaze estimation research and broader human-computer interaction applications.
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