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Abstract

Egocentric perception on smart glasses could transform
how we learn new skills in the physical world, but automatic
skill assessment remains a fundamental technical challenge.
We introduce SkillSight for power-efficient skill assessment
from first-person data. Central to our approach is the hy-
pothesis that skill level is evident not only in how a per-
son performs an activity (video), but also in how they direct
their attention when doing so (gaze). Our two-stage frame-
work first learns to jointly model gaze and egocentric video
when predicting skill level, then distills a gaze-only student
model. At inference, the student model requires only gaze
input, drastically reducing power consumption by elimi-
nating continuous video processing. Experiments on three
datasets spanning cooking, music, and sports establish,
for the first time, the valuable role of gaze in skill under-
standing across diverse real-world settings. Our SkillSight
teacher model achieves state-of-the-art performance, while
our gaze-only student variant maintains high accuracy us-
ing 73x less power than competing methods. These results
pave the way for in-the-wild Al-supported skill learning.

1. Introduction

Egocentric perception is poised to transform Al assistants
on smart glasses which, by seeing through the eyes of
a user, could provide in-the-moment contextually relevant
information and recommendations. Of particular inter-
est are assistants to support learning new skills in vari-
ous domains such as exercise, sports, cooking, and mu-
sic [4, 20, 25, 31, 37, 38, 64, 92, 98]. Skill assessment—the
task of quantifying the degree of skill exhibited in a given
execution—plays a crucial role: it would enable timely sup-
port [64], tracking of personal progress [22], and identify-
ing areas for improvement [99]. Across these capabilities
and more, skill assessment has the potential to personal-
ize learning and enhance user performance in real-world
tasks. Meanwhile, the portability of wearable glasses opens
up seamless in-the-wild capture even for dynamic physical
activities that go well beyond lab environments—e.g., the
soccer pitch, the dance floor, or basketball court.

IProject page: https://vision.cs.utexas.edu/projects/skillsight/
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The basketball expert looks up at the rim when approaching it for a layup, while
the novice looks down at their hands.

Figure 1. Skill assessment with gaze. Experts and novices exhibit
distinct attention behaviors, influencing both how they move their
head and eyes and what they see, as illustrated here with clips from
an expert (top) and novice (bottom) basketball layup from [31].
The proposed method explores the associations between gaze, ac-
tion, and expertise to achieve accurate and power-efficient skill
assessment, using either ego-video and gaze, or gaze alone. The
blue ray indicates gaze direction and depth, while shading shows
camera motion over past frames. Note: leftmost third-person time-
lapses and commentary text are for illustration only.

However, prior research on skill assessment primarily
relies on third-person visual perspectives of a subject’s
body poses [4, 12, 63, 65, 102], assuming prior setup
of camera(s) in each target environment. Only limited
work considers skill assessment from an egocentric per-
spective [6, 20, 31, 37], and there the low visibility of the
camera-wearer’s full body remains a critical challenge out-
side of table-top settings. Furthermore, the high power con-
sumption of continuous video recording is an obstacle for
vision-based methods—at odds with application needs for
real-time, interactive skill learning.

Among the sensing modalities on smart glasses, we hy-
pothesize that gaze is uniquely informative for assessing
skill. Gaze complements vision: together, they reveal not
only what the user is attending to, but also their intention
[51, 104]. This synergy exposes fine-grained execution de-
tails that cameras alone cannot capture. In cognitive sci-
ence, it is well known that people often fixate on objects
they intend to manipulate or evaluate [30], while in domains
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as broad as sports [48], surgery [27], and music [40], experts
display distinctive gaze patterns that enable them to execute
complex motor actions more skillfully. For example, vol-
leyball experts fixate earlier on the ball’s contact point with
their arms compared to novices [48], while skilled soccer
players allocate more gaze to their surroundings while han-
dling the ball [1], and the final steady fixation of the guiet
eye is a signature not only of skilled athletes [85] but also
skilled surgeons [15, 87], drivers [86], and musicians [21].

Could incorporating gaze into Al skill assessment pro-
vide such access to the cognitive and motor processes un-
derlying an individual’s actions, allowing more accurate
estimates? To this end, we introduce SkillSight, a two-
stage multimodal learning framework for first-person data.
First, we train a teacher model SkillSight-T that integrates
egocentric video and gaze to capture skill-related features.
SkillSight-T generalizes across in-the-wild scenes by mod-
eling interactions between gaze and action, encoding ob-
ject fixations and transitions from gaze-cropped images, and
modeling the dynamic gaze patterns. In the second stage,
we train a student model SkillSight-S that relies only on
gaze as input and keeps the camera off during inference—
significantly reducing power consumption, while also in-
creasing user privacy. To connect action, skill, and gaze, we
train SkillSight-S via knowledge distillation, transferring
visual information from SkillSight-T into gaze. Gaze sig-
nals encode spatial and temporal patterns of attention (e.g.,
fixations, saccades) that correlate closely with visual cues in
egocentric video, enabling SkillSight-S to infer skill-related
features without RGB input.

We evaluate our method on three datasets (Ego-
Exo4D [31], Multisense Badminton [76], Expert-Novice
Soccer [2]) spanning cooking, music, and various sports.
SkillSight-T outperforms previous video-based methods by
5% (10% relative). SkillSight-S, which relies solely on
gaze, performs competitively while consuming 14 x to 73x
less power, and outperforming existing methods aimed at
efficiency [24, 69, 81]. Beyond performance, we provide
quantitative and qualitative analyses revealing when and
how gaze reflects skill. Together, these results highlight
gaze as a powerful cue for scalable skill assessment.

Overall, we pioneer skill assessment using gaze signals
across diverse domains and dynamic in-the-wild scenarios
involving significant subject motion across the scene (e.g.,
climbing a boulder or dribbling to the basket for a layup, as
opposed to tabletop activities). We are the first to explore
power-efficient, privacy-preserving egocentric skill assess-
ment, paving the way for practical deployment on resource-
constrained smart glasses. Moreover, our analysis reveals
how model predictions align with and even enhance es-
tablished psychological theories, offering new quantitative,
data-driven insights into complex gaze—skill relationships.

2. Related Work

Egocentric video and gaze. Gaze complements egocen-
tric video by revealing attention and intention. Prior work
predicts gaze from the ego view to model decision-making
[35, 44, 45, 50] and leverages gaze for tasks such as action
recognition [51, 101], motion anticipation [3, 61, 104], pri-
vacy filtering [77], attended-object detection [17, 55], in-
tention understanding [42, 70], error detection [56], and
learning sports play [78]. However, all such work focuses
on aligning gaze with actions rather than assessing perfor-
mance quality. Skill assessment demands recognizing sub-
tle behavioral differences, beyond simply identifying ac-
tions. We instead explore how discriminative gaze trajec-
tories reveal expertise across diverse domains, establishing
gaze as a reliable and scalable cue for skill.

Relation of gaze and skills in cognitive science. Exist-
ing psychology studies investigate the relationship between
gaze patterns and everyday tasks [46], decision-making
[30], goal-directed behavior [32], task difficulty [16], and
anticipation of future procedural steps [79]. As discussed
above, cognitive science research links gaze patterns to pro-
ficiency: in medicine, gaze helps assess diagnostic and
surgery skills [10, 27, 57]; in sports, expert athletes demon-
strate distinct gaze strategies [39, 48]. We take inspira-
tion from their findings. Further, building on this founda-
tion, our work enables large-scale, data-driven learning of
gaze-skill relations in diverse in-the-wild settings, uncover-
ing subtle patterns beyond controlled psychology studies.

Skill assessment. Prior work on skill assessment fo-
cuses on third-person pose analysis in fitness [68], skating
[94], and diving [97]. In contrast, first-person perspectives
captured by wearables offer cues for real-time feedback in
hand-centric tasks [20, 37, 66, 91, 93, 105] or sports [0, 31].
Recent work further incorporates text [29, 53, 95, 103], au-
dio [89, 96, 100], human skeletons [19, 23, 49], PPG [9],
and IMU [2, 41]. To our knowledge, [37] is the only vi-
sion work estimating skill with gaze, and it is shown only
on static tasks (cooking and lab work) where the subject re-
mains stationary. Our approach instead extends gaze-based
skill assessment to dynamic activities, shows broad appli-
cability across settings, and introduces technical novelty to
explicitly capture the gaze-action interplay.

Efficient methods for wearable devices. Power effi-
ciency is critical in wearable devices. Prior work addresses
it through adaptive power management [80], distributed
computation [88], selectively sampling clips [11, 43], and
lightweight model architectures [24, 52]. More relevant
to our work, another direction reduces reliance on power-
hungry video by using lighter modalities: audio can sug-
gest when to process video frames [28, 54, 69], and IMU
with sparse video frames is sufficient for action recogni-
tion [81]. Nevertheless, all these prior methods still depend
on periodic visual input, requiring frequent camera toggling
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Figure 2. Left: Overview of SkillSight-Teacher. We incorporate thr
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object sequence, and gaze trajectory for skill assessment. These features are fused by the fusion layer for prediction. Right: Overview of
distillation method. SkillSight-Student learns to distill knowledge from the teacher feature [e,, ec, €4] using the distillation token ¢4;5. As
guidance for evaluating skill in context, the student model performs subtask recognition with the action recognition token ¢,c:.

or low frame rate operation, which undermines both hard-
ware simplicity and power efficiency due to startup latency
[58] and transient power spikes when switching on the cam-
era [5, 47]. In contrast, we distill visual supervision dur-
ing training but use only gaze at inference, removing the
need for camera input and substantially lowering sensing
and model power, as we will quantify in results.

3. Method

We formally define the problem statement (Sec. 3.1), then
introduce our model (Sec. 3.2 and 3.3) and describe data
and implementation details (Sec. 3.4).

3.1. Problem statement

Consider a dataset £ = {(V,G,S)}, where each V; =
{vt}E | is the egocentric video demonstration with its
frames v!, G; = {g!}]_, is the gaze pattern, and S; is the
skill-level of the demonstrator. Although skill is inherently
complex, recent studies and datasets have introduced rigor-
ous objective means to quantify skill [2, 31, 76], formalizing
this research direction.

Consistent with current hardware, we suppose that the
device records the glasses’ rotation and translation, as well
as the 3D gaze vector of each eye, from which we derive ¢!,
which includes the 3D fixation points, the 3D gaze direction
relative to the center of two eyes, the 2D coordinate of the
gaze projection on the egoview video goy € R2, the depth
of the gaze, and the translation and quaternion rotation of
the glass. Current devices efficiently estimate gaze with eye
cameras, IR, EOG, and/or IMU; we detail data resources [2,
31, 76] in Sec. 3.4 and quantify power load in Sec. 4.

The goal of this work is to classify' the skill level S;

!'Similarly, one could formulate the task as regression to a real-valued
score [82, 89, 97]. We target discrete classes to account for the granularity
of expertise differences discernible by human judges [2, 8, 26, 67] and to
align with multiple existing annotated datasets [31, 63, 76].
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using modalities from the smart glasses. We consider two
setups: (1) Video+Gaze: we leverage both video and gaze
during training and inference. Formally, we aim to learn
a function F,(V,G) — S, and call this variant of our
method SkillSight-T(eacher) (2) Gaze-only: Continuous
camera recording is power consuming and impractical for
long-duration use. To reduce the reliance on camera, we use
both video and gaze during training but rely only on gaze
during inference. Specifically, we aim to learn F,(G) — S,
and call this variant of our method SkillSight-S(tudent).

3.2. Teacher model: Skill from action and attention

First we train a classifier that takes both egocentric video
(what the subject is doing) and gaze (how they are attending
to their surroundings) for skill level classification. To en-
sure robust generalization across dynamic and static scenar-
ios, SkillSight-T integrates gaze and visual signals through
three components: (1) the interaction between the subject’s
actions and gaze regions by applying the gaze attention to
the visual encoder; (2) the sequence of subject’s attended
objects by encoding the gaze-cropped images; and (3) the
dynamics of the subject’s gaze over time. Fig. 2 shows the
overview, and each part is described next.

Action and gaze interaction We leverage g5, to identify
the gaze-attended region in v?, and incorporate gaze infor-
mation into the visual encoder fi (e.g. TimeSformer [7]).
By knowing where the subject is looking, the model learns
skill assessment by capturing the correlations between vi-
sual focus and actions. Specifically, we introduce a gaze-
induced attention map A, = {A!} | into the first spatial
encoder fy of fy. Let X = {X*'}]_, be the input of
fv,0. For each timestep ¢, fy,o spatially divides X" into
p? patches with size L x L and computes an attention map
At € RP*P. Next, we apply a Gaussian kernel centered at
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Figure 3. What does an expert vs. novice tend to see more of? In these distributions, each patch crops the egocentric frame based on the
subject’s gaze coordinates. Our representation surfaces interesting patterns, like (left two boxes) how novice pianists fixate on their hands
more often than experts do (77% vs. 45%, as quantified with hand detection), or (right two boxes) how bouldering experts exhibit greater
gaze depth (1.4 m vs. 1.1 m) as they analyze moves further up the wall, resulting in smaller rocks in the crops. These patterns emerging
from in-the-wild video are consistent with and even deepen prior findings from psychology [13].

patch ¢* = | g5,/ L] and construct A} with:

Al[m, n]—exp( 2’;‘2")>/ Z exp( d(Qf,Q”)),

ey

with d(m,n) = ||(m,n) — c*||?>. The modified attention
map is

A5, = 0(AL + XA, (2)

where ¢ is the softmax operation and A, is a learnable pa-
rameter for each scenario c, e.g., basketball, soccer. Finally,
we obtain the embedding

= fv(V, 92q). 3)

Unlike prior gaze-based action recognition methods [36, 51,
59], which pool gaze information at late-stage features, our
method emphasizes gaze in the earliest spatial encoder, al-
lowing the model to semantically highlight gaze regions.

Attended object sequence We represent the subject’s at-
tended objects by spatially cropping v* with g,. We ob-
serve that the distribution of attended objects for novices
and experts differs significantly between tasks (see Fig. 3).
For instance, novice pianists fixate on their hands more of-
ten than expert pianists, who dwell more on the sheet mu-
sic. This observation motivates leveraging the sequence of
gazed-upon objects to reflect skill.

While the sequence of attended objects is meaningful
for skill assessment, we do not treat gaze-cropped image
sequences V. = {v!}’_, as video [37] since the crops
are taken from varying regions and lack spatial alignment
across frames. Instead, we first compute semantic embed-
dings for v’ using a pretrained image encoder f7, and a sub-
sequent temporal encoder f7 models the sequence-level re-
lationships, yielding the gaze-crop encoding:

= fr([f1(vd), - f1(v)]). “4)

Gaze dynamics While 2D gaze and ego-view video [36,
37,51, 59] highlight what a subject is looking at, they do not
explicitly reflect the gaze dynamics such as the fixation fre-
quency, the saccade speed, and the change of gaze location
in the 3D environment—which all show significant differ-
ences across subjects with different skill levels [39, 48]. To
that end, G; contains rich 3D information about the trajec-
tory of the subject, the gaze direction, and the gaze depth.
We encode G; using a transformer-based encoder f,. To
avoid bias in the gaze signals such as where the subject is
facing, we normalize by calculating the gaze signals rela-
tive to the signals in the first frame. See Supp. for details
and analysis. Formally, this yields our third component to
encode the gaze dynamics:

g = fg(G)' &)

We concatenate the features from the three components and
pass the combined feature to the fusion layer f,,, for predic-
tion. Specifically, we construct SkillSight-T as

:fm([ev,ec,eg]), (6)

and use standard cross-entropy loss Lo g for training. Our
modules reason about where and why the user is looking by
explicitly modeling the spatial and semantic interaction be-
tween gaze and visual, capturing skill-related patterns more
effectively than simply inputting raw gaze (see Supp.).

3.3. Student model: Distillation with gaze

Having defined the variant of our model that processes both
gaze and video, next we generalize our approach to ac-
commodate gaze alone—reducing power use and increasing
privacy—without losing action-specific cues in video.

To this end, we propose SkillSight-S, a lightweight
method that relies solely on gaze for skill assessment. With
only gaze signals required at inference, the egocentric cam-
era remains deactivated. As already discussed, cognitive
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science establishes a strong correlation between gaze be-
havior and skill level [16, 39, 48, 71]. Furthermore, eye-
tracking cameras consume far less power [62, 75] than typ-
ical RGB cameras and mitigate privacy concerns since they
only capture the user’s eyes rather than the full environment.
These properties make gaze a natural choice for power-
efficient skill assessment.

But to what extent can video cues (what the user sees)
be embedded info the gaze signal? Intuitively, people ex-
hibit consistent gaze patterns when observing certain ob-
jects or performing specific actions, making it natural to
distill visual information into gaze. This correlation is am-
plified in the skill assessment setting, where the subject’s
actions are aligned with the goal of the skilled activity (e.g.,
cooking a dish, shooting a free throw), take place in skill-
conducive environments (e.g., a kitchen, gym), and involve
interactions with specific skill-relevant objects (e.g., pot and
whisk, basketball and hoop). These properties make our
problem amenable to knowledge distillation.

SkillSight-S consists of a transformer-based encoder, f;
that takes GG as input. We train f, using knowledge distilla-
tion from the teacher F,, described in Sec. 3.2. We employ a
distillation token, t4;5 [83], to align the student features with
those of the teacher. We also introduce an action recognition
token, ., to classify the subject’s subtask, e.g. dribbling,
and penalty kick, based on G. This multi-branch architec-
ture improves skill assessment by associating skilled gaze
patterns with the subject’s action. Specifically,

ésvga&:fs([tclsvtdisatachGD (7)

where a predicts the subtask label, S predicts the skill level,
and é; is for distillation learning. The training objective
of action classification is standard cross-entropy loss L.
The distillation loss is computed as:

Lais = || fp(és) — fi(lew, ec, eg])ll1 ®)

where f, is a projection layer that aligns the features of
Fy and F,, a common practice in knowledge distillation
[74, 90]. We add another projection layer f; to mitigate the
impact of modality-specific teacher signals that the student
cannot effectively capture. We set the loss weights A4 and
Aact With validation data and train the student model with:

Lstudent = LCE + )\disLdis + )\actLact- (9)

3.4. Data and implementation details

Method and training details Following the Ego-Exo4D
benchmark [31], we segment long videos into 10 equally
spaced clips and average segment-level predictions for clas-
sification. Note that we use untrimmed videos without mak-
ing strong assumptions about where the skilled portions of

the sequence occur. To better model skill-relevant dynam-
ics, we configure both the teacher and student models to
process 16-frame clips at 2 FPS, balancing temporal cover-
age with computational efficiency. We use TimeSformer [7]
pretrained on EgQoVLPv2 [73] as fy/, achieving state-of-the-
art egocentric video understanding, and Dinov2 [60] as f;
for its strong spatial representation. Both f, and f, are 4-
layer transformer encoders with a 768-dimensional hidden
size, and f,, is a 3-layer MLP. SkillSight-T is trained for
15 epochs using SGD (learning rate 5 x 1073, batch size
8), and SkillSight-S for 10 epochs using AdamW (learning
rate 1 x 104, batch size 32). All models are trained on 8
NVIDIA Quadro RTX 6000 GPUs. SkillSight-S processes
a single sample in 1.6 ms on average using a single GPU.
Data sources and statistics We evaluate our method on
three datasets. (1) Ego-Exo4D [31] consists of 5,048 videos
recorded by 740 participants. We use all the scenarios pro-
vided with the demonstrator proficiency estimation bench-
mark: soccer, basketball, rock climbing, dance, music, and
cooking. Following [9], we use 10% from the official train-
ing set for validation, and the held-out official validation
set for testing. Each subject is annotated with one of four
skill levels: novice, early expert, intermediate expert, and
late expert. (2) Multi-Sense Badminton (MSB) [76] en-
compasses 7,763 badminton forehand and backhand swing
data from 25 players. The skill levels are annotated into
beginner, intermediate, and expert. We follow the official
cross-validation split. (3) Expert-Novice Soccer [2] con-
tains 288 recordings from 8 subjects performing 9 different
soccer movements such as kicks, dribbling, and juggling.
Subjects are labeled as expert and novice. We follow the
official cross-validation.

These datasets were chosen because they have gaze,
camera pose, and ground truth skill labels provided by ex-
pert annotators (e.g., domain-specific coaches and teach-
ers). In total, the gaze is from 3 distinct wearable devices,
reflecting today’s good availability of this modality. Ego-
Exo04D and Expert-Novice Soccer include 3D gaze, while
MSB provides 2D gaze. Expert-Novice Soccer does not
contain video; therefore, we train its teacher model using
body motion (21 joint positions over time) and gaze. For all
datasets, no subject overlaps between the train-test splits.

4. Experiment

We first describe baselines, followed by results and qualita-
tive examples. Finally, we analyze power efficiency and our
performance across different scenarios.

Baselines We compare to video action/skill recognition
methods [7, 8, 24], methods using diverse modalities from
glasses [69, 72, 81], and ego methods using gaze [37, 51]:
e TimeSformer [7], X3D-XS [24], Skillformer [8]: The
first two are standard video-classification models. X3D-
XS is an efficient architecture suitable for deployment
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Method Modalities  Power (mW) FgoExodD [31] | MSB [76]
Overall Soccer Basketball Bouldering Music Dance Cooking ‘ Badminton
Majority vote — — 323 74.4 35.7 0.0 44.0 433 50.9 41.1
E2GoMotion [72] \Y 329.3 349 55.8 49.0 3.0 16.7 50.4 50.9 435
Skillformer [8] \% 697.5 424 74.4 42.0 27.0 472 433 58.5 44.0
TimeSformer [7] \Y 697.5 455 76.7 53.2 28.0 36.1 44.8 56.6 50.5
EgoExoLearn [37] V+G 141.4 423 74.4 46.9 252 444 433 50.9 31.7
Beholder [51] V+G 132.4 34.1 72.1 42.7 21.4 50.0 26.8 245 30.6
SkillSight-T V+G 943 50.1 81.4 55.2 28.9 50.0 56.7 58.5 53.1
X3D-XS [24] A\ 88 342 72.1 45.5 24.5 38.9 26.8 17.0 42.7
EgoDistill [81] V+I 16.5 42.6 74.4 35.0 38.4 50.0 433 434 434
EgoTrigger [69] V+A 9.9 34.1 65.1 37.8 22.6 41.7 26.8 5.7 no audio
Gaze-only G 9.5 37.0 76.7 25.2 31.5 444 40.2 39.6 423
SkillSight-S G 9.5 4.4 79.1 42.0 34.6 52.8 44.1 47.2 47.0

Table 1. Results on the Ego-Exo04D [31] (left) and Multi-Sense Badminton (MSB) [76] (right) benchmarks. Top section: SkillSight-T
outperforms all prior methods across all scenarios in terms of accuracy (%). Bottom section: SkillSight-S surpasses all power-efficient
methods in overall accuracy (44.4%) as well as 5 of the 7 individual scenarios. Even when compared to the more expensive, power-
consuming baselines (top section), SkillSight-S still ranks second in overall accuracy, while using 14 x to 73 x less power (mW). Bold face
indicates best accuracy and underline indicates second-best. (V:Visual, G:Gaze, :IMU, A:Audio).

Expert-Novice Soccer [2]

Method Modalities Overall
Majority vote — 50.0
Gaze-only G 66.0
Body-motion-only M 71.2
SkillSight-S G 72.6
Body-motion+Gaze M+G 73.3

Table 2. Results on Expert-Novice Soccer [2]. Since the
Expert-Novice Soccer does not include video, we use transformer
baselines with full body motion (M) and eye-tracking gaze (G).
SkillSight-S outperforms both the gaze-only and motion-only
baselines, showing the effectiveness of our distillation technique.

on smart glasses, while TimeSformer represents the Ego-
Exo04D baseline for proficiency estimation [31]. Skill-
former builds on TimeSformer, fine-tuned via LoRA [34].

* EgoDistill [81], EgoTrigger [69]: EgoDistill is a power-
efficient approach that processes a single RGB frame to-
gether with the corresponding sequence of IMU readings
from the glasses for action recognition. EgoTrigger, simi-
lar to [28], reduces power consumption by leveraging au-
dio cues to decide whether to process the visual stream.

* E2GoMotion [72]: The method leverages event-camera
data for action recognition. Since no skill dataset contains
event-camera recordings, we provide full-frame-rate op-
tical flow to their model as a proxy, identical to the upper
bound reported in their study.

* EgoExoLearn [37], Beholder [51]: EgoExoLearn crops
ego-view video around gaze points and uses I3D [14]
for skill classification, while Beholder performs gaze-
weighted pooling of visual features for action recognition.

* Gaze-only: This method only takes gaze as input and
shares the same architecture with SkillSight-S. We use
cross-entropy loss for training without distillation.

Of all the baselines, only Skillformer [8] and EgoEx-

oLearn [37] are specifically for skill assessment, and only
EgoExoLearn utilizes gaze. Other models [7, 24, 51, 69,
72, 81] originally target action recognition; to broaden the
pool of baselines, we adapt them for skill assessment by
adjusting the output dimension and training on the same
datasets. X3D-XS [24], EgoDistill [81], and EgoTrig-
ger [69] are power-efficient methods leveraging less com-
putation or lightweight modalities. We evaluate using stan-
dard accuracy metrics and estimated power consumption.

Results Table | reports results on Ego-Exo4D [31] and
Multisense Badminton [76]. SkillSight-T outperforms all
baselines across seven scenarios in both datasets, achieving
an average relative gain of 10% over the strongest baseline.
Remarkably, SkillSight-S, which uses only gaze as input,
outperforms not only all the power-efficient baselines (bot-
tom), but also the majority of the power-hungry baselines—
despite using 14 x to 73 x less power (details below). It also
achieves the best performance among power-efficient base-
lines in five of seven individual scenarios.”

Notably, SkillSight-T is superior in both static scenes,
i.e. cooking and music, and dynamic sports, i.e. soccer,
basketball, dance, rock climbing, dancing, and badminton.
We attribute the robust prediction to our designs for incor-
porating gaze with vision, allowing the model to learn from
the attended objects, the actions, and the gaze transition.
We show that SkillSight-T outperforms a naive end-to-end
model by 8% as well as more ablations in Supp.

Despite having the lowest power consumption,
SkillSight-S  outperforms other power-efficient base-
lines (Tab. 1, bottom). We see a significant improvement

2EgoPPG [9] reports its performance on a modified EgoExo4D test set,
which is not directly comparable to the results in Tab. 1. On the modified
test set, SkillSight-T outperforms EgoPPG by 11% relative. SkillSight-S
exceeds EgoPPG by 0.5% relative and uses significantly less power.

38896



Label: 1

SkillSight-T: 1

SkillSight-S: 1

| / i TimeSformer: 1
/ /// EgoDistill: 2

1

We would want him to look away from the ball. This would<_> The player looks up and away from the ball. This is good

translate into the game when the opponents are present.

Label: 4
SkillSight-T: 4
SkillSight-S: 4

S ¢«< \Qi y ‘//iTimeSformer:S

EgoDistill: 4

The dancer spots forward, fixing her eyes on the curtain to
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C slices the cucumber crosswise to create a dice. Then C
removes the core of the tomato.

Figure 4. Qualitative results. Both SkillSight-T and SkillSight-S better predict skill level than prior work. Experts and novices show
distinct gaze patterns consistent with Ego-Exo4D [31] expert commentaries, shown for reference but not used by any model. The last
example (bottom right) shows a failure case, highlighting the challenge of assessing skill from subtle movements. Blue rays show gaze
direction and depth, and frustrum/ray shading indicates recent glasses motion. Ground-truth labels range from 1 (novice) to 4 (late expert).

compared to the Gaze-only baseline. This shows that
SkillSight-S effectively learns the knowledge of SkillSight-
T through our distillation technique. Models that rely only
on first-person visual input, e.g., X3D-XS [24], fail to learn
consistent skill patterns across scenarios. EgoDistill [81]
and EgoTrigger [69] use a single frame together with head
rotation or audio to represent the subject’s action; however,
these modalities struggle to reveal subtle differences in
actions for rating skill. On the other hand, gaze directly
captures how subjects actively shift attention to complete
tasks. This highlights gaze as a compact, highly informative
signal for low-power skill assessment.

We present qualitative results in Fig. 4. We see that
across different scenarios, experts and novices demonstrate
different gaze patterns. For instance, when dribbling in soc-
cer (first row), the novice looks down on the ball while the

expert looks away from the ball to check the surroundings.
When expert dancers perform a spin (middle left), they fix-
ate their eyes early to the front to avoid dizziness. These pat-
terns show important cues that our methods leverage to ac-
cess skills robustly, showing the benefit of explicitly model-
ing multiple aspects of gaze and skill together. By contrast,
TimeSformer [7] and Skillformer [8]—neither of which
uses gaze—struggle when subjects exhibit few motion cues.
For example, an ego-view clip alone may not reveal that a
performer shifts gaze from sheet music to their hands (bot-
tom left), offering limited cues for skill assessment. EgoEx-
oLearn [37] and Beholder [51] restrict processing to visual
regions around gaze. While this approach is effective when
gaze remains on the hands, it discards valuable contextual
information when gaze shifts away from the body. For ex-
ample, in bouldering (middle right), they may focus on the
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Figure 5. Power-accuracy tradeoff. SkillSight-T outperforms
all baselines in accuracy, while SkillSight-S achieves the second-
best accuracy and consumes the least energy. The optimal method
would attain maximal accuracy with minimal power (top left).

wall. Prior approaches that limit attention to the gaze re-
gion therefore overlook cues critical for assessing skill. Fi-
nally, we show a failure case where gaze does not reflect
skill when the subject is slicing vegetables (bottom right),
showcasing the limitation of gaze when subtle hand move-
ments are required.

Table 2 reports results on Expert-Novice Soccer [2].
They highlight the effectiveness of our distillation frame-
work. SkillSight-S, using only smart-glasses signals, sur-
passes both Gaze-only and Body-motion-only baselines,
the latter of which requires subjects to wear body-mounted
IMUs. Across all datasets, our method enhances gaze-based
models and achieves competitive, power-efficient perfor-
mance suitable for skill assessment on smart glasses.

Efficiency analysis. Accurately measuring power con-
sumption for wearable device applications is crucial. Using
well-established measurements [31], the total energy con-
sumption can be divided into three components: sensor trig-
gering energy (y), compute energy (), and memory trans-
fer energy (5). See Supp. for full explanation. We employ
weighting parameters based on real-world estimates of the
power consumption. Specifically, « = 4.6 pJ/MAC [18],
B = 80 pJ/byte [33], Yrgb = 35 mW, yimqu = 1.2 mW,
Yaudio = 0.3 mW [62], and Yeye = 7.8 mW [75]. All
values are taken from hardware designed for smart glasses.
The overall energy consumption rate of a model is:

aN B
P_T+T+%:’ym5mv (10)

where N is the number of MACs in the model forward pass,
B is the number of bytes required for read/write operations,
m indexes the modalities used by the model, 4,,, = 1 when
the model uses modality m, and 0 otherwise. 7T is the time
interval between successive inferences.

m
X
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Figure 6. Gaze pattern analysis. SkillSight-S reveals distinct
gaze patterns between model-predicted experts and novices.
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Figure 5 shows that SkillSight-S achieves the best over-
all trade-off between power consumption and accuracy. It
outperforms all power-efficient baselines while reducing
the power consumption of the best baseline, i.e. EgoDis-
till [81], by 43%. Moreover, SkillSight-S demonstrates
competitive performance compared to video-based meth-
ods, which are power intensive regardless of the archi-
tecture due to the energy cost of sensing and visual fea-
ture encoding. Compared to TimeSformer [7], SkillSight-S
achieves over 73x lower energy cost with only a 1.1% drop
in accuracy. Our approach provides an efficient foundation
for real-time assistance or skill assessment.

Psychology insight from SkillSight. Figures 6 and 3
show gaze behavior insights from SkillSight-S. In basket-
ball layups, model-predicted experts consistently look up
toward the rim, while novices look down at the ball (top). In
bouldering, our predicted experts show longer movement-
related fixations (e.g., grasp or foot placement) (bottom
left), consistent with sports science [84]. Beyond that, ex-
perts switch more often between movement-related and ex-
ploratory fixations when ascending (bottom middle). Fig-
ure 3 shows that novice pianists focus more on the hands,
aligning with psychology findings [13], while SkillSight
further shows more frequent gaze transitions between the
sheet and hands (Fig. 6, bottom right). SkillSight not only
aligns with established psychological findings, it also facil-
itates finer exploration of expert-novice gaze strategies.

5. Conclusion

We investigate how gaze behavior reflects skill level across
dynamic and static scenarios. Our methods integrate gaze
with egocentric visuals to assess skill by modeling attention
during task execution. Moreover, our distillation framework
enables a lightweight model using only gaze, achieving
competitive accuracy while using significantly less power.
Our work lays the foundation for future Al-driven instruc-
tional and assistive systems on smart glasses.
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