Learning Ego-Exo Visual Representations for Conversational Gaze Estimation
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Abstract

Egocentric gaze estimation is essential for understanding
human attention in first-person scenarios, with applications
in augmented reality, social interaction analysis, and as-
sistive technology. While most existing methods rely on a
sequence of video frames, real-world hardware constraints
often necessitate single-frame inference. In this work, we
introduce novel approaches that leverage exocentric gaze
information of other individuals in the scene to improve
single-frame egocentric gaze estimation. During training,
our method leverages simultaneous views from a pair of
people to jointly learn ego-exo gaze representations, with
the exo representations learned via self-supervision. Dur-
ing inference, the model can leverage the learned exo rep-
resentations to improve egocentric gaze estimation from
a single view. Our experiments demonstrate that single
frame models can achieve strong egocentric gaze perfor-
mance, our approaches enable effective learning of exocen-
tric gaze representations, and that learning these represen-
tations leads to improved egocentric gaze predictions.

1. Introduction

Augmented Reality and Virtual Reality wearables have
seen rapid advancements and widespread adoption in recent
years, driven by innovative products such as Ray-Ban Meta
glasses [38], Snapchat Spectacles [22], and Apple Vision
Pro [21]. These devices promise immersive, gaze-driven
interactions for enabling intuitive experiences. In particu-
lar, detecting gaze towards faces is crucial for conversation-
aware applications. For example, the looked at person is
often the auditory focus of attention [, 40]. In noisy envi-
ronments, recognizing this can help steer microphones to-
ward the intended speaker and suppress background noise.

However, these devices are often constrained by cur-
rent hardware limitations. Specifically, integrated eye-
tracking systems, though accurate, typically incur complex
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Figure 1. Estimating the egocentric gaze target of a person from
a single frame is challenging, but can be improved using exocen-
tric gaze cues of other individuals in the scene. During training,
we employ a siamese-style architecture: one branch captures a per-
son’s ego gaze features (top right), the other captures the same per-
son’s exo features (top left), which are then aligned. Through sym-
metric ego-exo alignment and shared weights, the encoder learns
to exploit exocentric gaze information from other individuals to
improve egocentric gaze estimation from a single view (bottom).

calibration procedures, substantial power consumption and
higher hardware costs, making them infeasible for many
lightweight, cost-effective wearable platforms.

As aresult, alternative approaches have emerged that es-
timate egocentric gaze using scene saliency and contextual
cues from the wearer’s visual environment. Recent work in
this domain [19, 28, 47] has demonstrated that such meth-
ods can achieve competitive performance compared to tra-
ditional eye-tracking systems. However, these approaches
predominantly use a sequence of video frames, leveraging
temporal cues to improve accuracy. Yet temporal models
can take an order of magnitude more compute and memory



than static models, which may limit their practicality (see
discussion in supplementary).

Motivation. In this work, we focus on the single-frame
egocentric gaze estimation task. In particular, we aim to
leverage exocentric gaze (also known as gaze following)
which involves predicting the gaze targets of other individ-
uals in the scene from a third-person perspective. This addi-
tional context can help disambiguate between multiple po-
tential gaze targets. For instance, in Figure |, predicting
egocentric gaze is ambiguous due to the presence of multi-
ple individuals in the field of view. However, by incorpo-
rating exocentric gaze cues, we can better understand social
interactions (e.g. eye-contact, shared attention' towards a
person) allowing us to significantly reduce ambiguity.

Although existing models for egocentric gaze estimation
may implicitly learn representations related to gaze follow-
ing, the complexity of the task and the limitations of cur-
rent datasets may restrict the extent to which these repre-
sentations are effectively captured. Indeed, prior research
has demonstrated the benefits of explicitly integrating ad-
ditional contextual information such as hand actions [20]
for egocentric gaze estimation. Guided by these insights,
we explore whether explicitly learning exocentric gaze cues
can enhance single-frame egocentric gaze estimation.

Contribution. Given these motivations, we propose
novel approaches that leverage simultaneous views from a
pair of individuals to jointly learn ego-exo gaze represen-
tations. Egocentric representations are learned via super-
vised training, while exocentric representations are learned
through a self-supervised alignment task. Specifically, this
task aims to match the ego representation of a person with
the exo representation of the same person as captured from
another person’s view (Figure 1, top).

We adopt a Siamese architecture where one branch cap-
tures egocentric gaze information and the other exocentric
gaze information. Through symmetric ego—exo alignment
and weight sharing, the same encoder learns to capture
not only the egocentric gaze features of an individual but
also the exocentric gaze features of other individuals in the
scene. As a result, during inference, we can use a single
branch to improve egocentric gaze estimation from a single
view by leveraging the learned exocentric representations
(Figure 1, bottom). This benefits practical use cases where
simultaneous views of other people are often unavailable.

Our contributions can be summarized as follows:

e Exploring single-frame egocentric gaze estimation:
We show that single-frame methods can achieve strong
performance by leveraging modern CNN and trans-
former architectures.

» Learning ego-exo gaze representations: We propose
three ego-exo alignment approaches: time synchro-
nization, implicit matching and explicit matching.

'"We provide definitions of key terms in the supplementary

These approaches jointly learn ego and exo gaze repre-
sentations, using self-supervision for the exo features.
Our results show that these models improve egocentric
gaze estimation, likely by utilizing the learned exocen-
tric representations.

* Probing for exocentric gaze: We further probe the
models to assess their ability to capture exocentric
gaze representations, confirming that they indeed learn
meaningful exocentric gaze features.

* Additional metrics for egocentric gaze estimation: We
propose a suite of metrics inspired from gaze following
literature, to enable more comprehensive analysis of
model performance.

In addition, we perform an initial exploration of spa-

tial audio for improving egocentric gaze performance, with
promising preliminary results.

2. Related Work

Egocentric Gaze Estimation. There have been several
works for egocentric gaze estimation using deep learn-
ing [19, 20, 28, 31, 47, 48]. In particular, Huang et al. [20]
demonstrated the benefit of jointly modelling egocentric
gaze with hand actions. Lai et al. [28] proposed the first
transformer based model for this task, achieving state of the
art results. Meanwhile, Thakur et al. [48] incorporated aux-
iliary information in the form of IMU measurements for im-
proved performance. In the context of joint attention, Park
et al. [44] leveraged data from multiple egocentric views to
reconstruct the 3D scene and predict joint attention based
on social formation. A related task is that of egocentric
gaze anticipation first explored by Zhang et al. [55]. Lai et
al. [29] performed autoregressive gaze anticipation, lever-
aging audio information for improved performance. While
these works have pushed the state of the art, they can still
fail on cases where gaze following information could have
otherwise helped disambiguate the target.

Gaze Following. Recasens et al. [39] first introduced this
task, proposing a two-branch architecture for processing the
head crop and the scene. This design was then contin-
ued by several follow-up works [3, 8, 12, 25, 26, 33, 45],
with some leveraging additional inferred modalities such as
pose [12], audio [18] and depth [2, 8, 12, 26, 45] for im-
proved performance. More recently, transformer based ar-
chitectures [11, 41, 43, 46] have achieved state of the art re-
sults. In particular, [11, 46] perform multi-person gaze fol-
lowing, with [11] additionally leveraging temporal informa-
tion and jointly modelling social gaze. On the other hand,
[41, 43] leverage higher resolution scene images to allow
discarding the head crop branch. A small number of works
have also attempted to tackle data limitations by leveraging
pseudo labels [35, 37] extracted using pre-trained models.
We do not explicitly target the gaze following task, but in-
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Figure 2. RLR-CHAT session distribution by number of people.

Split Number of Frames LAH Pairs
Positive ~ Negative
Train 1848555 273464 1107699
Val 448173 77914 309426
Test 385039 36361 351216

Table 1. RLR-CHAT number of frames and exo LAH statistics.

stead aim to learn gaze following representations via self-
supervision for improving egocentric gaze estimation.

Ego-Exo Learning. This is a relatively nascent domain
with works focusing on either person-matching between
ego and exo views [0, 50, 51], learning of view-invariant
features [32, 42, 52, 53], and conversational dynamics [23].
Our work shares similarities to [6, 51] as they also leverage
contrastive losses to learn to associate the camera wearer in
the egocentric view to the person in the exocentric view.
However, our method learns to associate not just person
identity, but also their gaze between ego and exo views. An-
other interesting work [53] also learns view invariant fea-
tures, with the learned representations showing improve-
ments for downstream applications including gaze angle
prediction. However, they focus on scenes with a single
person, and do not predict egocentric gaze or the gaze fol-
lowing target. Also, unlike all the above works, the exocen-
tric view in our case does not come from a static camera but
from another egocentric video which increases complexity.

3. The RLR-CHAT Dataset

The Reality Labs Research Conversations for Hearing Aug-
mentation Technology (RLR-CHAT) dataset [17, 36, 54] is
a large-scale collection of egocentric multisensory record-
ings captured from individuals engaging in natural conver-
sations. Each conversation session is approximately one
hour in duration and is recorded using Aria glasses [5],
which capture RGB frames at SHz, 7-channel spatial au-
dio at 48kHz, and eye-tracking data at 30Hz, among other
modalities. Participants were recruited to ensure that no in-
dividual appeared in more than one session. Given the con-
versational setting, faces tend to be a common gaze target

(~40% cases). To maximize visual diversity, we subsample
RGB frames by selecting every third frame and align them
with the nearest eye-tracking annotations in time. The dis-
tribution of session sizes by participant count is illustrated
in Figure 2. The dataset contains a total of 170 sessions, the
majority of which involve two participants.

A distinctive feature of RLR-CHAT is the synchronized
availability of modalities from all participants within the
conversation (examples in Figure 1). This synchronization
uniquely enables the exploration of ego-exo alignment tech-
niques to learn richer gaze representations. To our knowl-
edge, the only comparable accessible dataset is the Aria Ev-
eryday Activities dataset [34], which is significantly smaller
and primarily focuses on single-person activities.

We augment RLR-CHAT by incorporating head box
detections and automatically assigning identities to these
boxes using spatial audio cues (details in supplementary).
The test set includes manually corrected head bound-
ing boxes and high-quality, OptiTrack-based head identity
matching. By leveraging these identity-aligned head bound-
ing boxes alongside eye-tracking annotations, we first deter-
mine if person A is looking at person B from A’s egocentric
perspective. This information is then mapped to another
person’s viewpoint (e.g., person C) to obtain exocentric an-
notations indicating whether person A is looking at the head
of person B (denoted as LAH 4, 5). This annotation pro-
cess is applied to all pairs of individuals present in the scene.
The resulting LAH statistics are summarized in Table 1.

4. Method

Our training architecture, illustrated in Figure 3, follows a
siamese design. The bottom branch predicts person A’s ego-
centric gaze, while the top branch predicts person B’s. Each
branch processes an egocentric image frame, denoted as I4
and IB, extracting features F4 and FZ using an encoder V.
F4 captures A’s egocentric features, as well as others’ ex-
ocentric features (including B) and vice-versa for FZ. We
then align the ego-exo gaze features of the same individ-
ual across views. We explore two approaches: (1) Time
Synchronization, which encodes others’ exocentric features
within a single global representation, and (2) Head Match-
ing, which encodes others’ exocentric features in local rep-
resentations extracted via head bounding boxes. Finally, the
aligned features are passed through a decoder Dy, to gen-
erate each person’s egocentric gaze heatmap, H* and HZ.

Due to weight sharing and symmetric ego-exo align-
ment, we can use a single branch of the network—termed
EgoGazeViT—at inference.

4.1. Feature Extraction

The feature extraction module is responsible for obtain-
ing gaze-relevant features from an input egocentric image
frame, denoted as I. We employ a Vision Transformer (ViT)
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Figure 3. Our proposed architecture for ego-exo gaze representation learning. The Encoder first extracts features for each person’s view,
which are then aligned using one of two Ego-Exo Alignment techniques: (1) time synchronization or (2) head matching. Finally, the Ego
Decoder processes the aligned features to predict each person’s egocentric gaze heatmap. During inference, we leverage a single branch of

the architecture, termed EgoGazeViT, for egocentric gaze estimation.

encoder, denoted as V, to extract these features. Specifi-
cally, we utilize the output from the last layer of the ViT.

F=V() ey

This module is applied independently to the egocentric
images of both individuals, I* and I”, yielding correspond-
ing feature representations, F4 and F5.

4.2. Ego-Exo Alignment

The ego-exo alignment module enables self-supervised
learning of exocentric gaze representations by aligning ego-
centric and exocentric features. The key idea is that a per-
son’s egocentric gaze features already encode valuable in-
formation about where they are looking, which can be lever-
aged to supervise learning of their corresponding exocentric
representations captured from another person’s viewpoint.

Through this alignment, we expect the ego and exo fea-
tures corresponding to an individual to capture complemen-
tary information. For instance, in cases of eye contact, the
exocentric features from A’s FoV can capture B’s head ori-
entation and gaze direction, while B’s egocentric features
can encode complementary information regarding B’s own
head pose through cues like body orientation. Or in shared
attention scenarios, both egocentric and exocentric features
can capture similar visual cues about the attended item.

In practice, persons A and B are randomly sampled from
a given timestamp. We explore two alignment approaches:

Time Synchronization. Inspired by prior work [53], we
align egocentric features of two participants from the same
timestamp in a session. Egocentric features for each person
(e.g., person A) are obtained from the CLS token of the ViT
output:

G4 = CLS(F4) )

ego

Here, the exocentric features for person A are directly
captured in the egocentric features from person B:

GL,=Gl, 3)

We compute similarity between these ego-exo features
using the L2 distance:
S=|GA

ego

- G?xo||2 (4)

Our triplet loss (Section 4.4) encourages high similarity
between egocentric features from the same timestamp. Si-
multaneously, it minimizes similarity against negative sam-
ples drawn from the batch. These negatives may include
features from different timestamps of the same session or
features from entirely different sessions. Due to symmetric
alignment, after training, we expect the same CLS token to
capture both ego and others’ exo gaze information.

Head Matching. We explore a novel approach that
aligns an individual’s egocentric features with their exo-
centric features encoded locally in the region correspond-
ing to their head box in another person’s view. Specifically,
given a participant B, we first extract exocentric features
for all people visible in B’s FoV (including A) using ROI-
Align [15]:

GB

€exro

= ROI Align(FZ,B?) )

where B? represents the head bounding boxes in B’s FoV.
We again obtain egocentric features from the CLS token:

G4 = CLS(F4) (6)

ego

Similarity between the normalized egocentric and exo-
centric features is computed using a dot product:

s*=GJ, G, (7



Our loss function (Section 4.4) maximizes the similarity of
matched ego-exo pairs (S*(A)) and minimizes it for un-
matched pairs. This alignment is again performed symmet-
rically, so the same feature map learns to encode egocentric
(in the CLS token) and others’ exocentric (in tokens corre-
sponding to head box regions) gaze information.

4.3. Prediction

The Prediction Module processes the features from the Fea-
ture Extraction module, integrating both egocentric and oth-
ers’ exocentric information to generate an egocentric gaze
heatmap for each person. It consists of four transformer
layers, followed by a linear projection layer that maps the
processed token representations to the spatial dimensions of
the gaze heatmap. Specifically, given the extracted feature
representation F' from the Feature Extraction module, the
egocentric gaze heatmap H is predicted as follows:

H = D¢, (F) ®)

where De,, represents the transformer-based decoder.

This operation is applied independently to the feature
representations of both person A and person B, producing
their respective egocentric gaze heatmaps HA, HE.

4.4. Losses

Our training objective combines an egocentric gaze estima-
tion loss (Lgaze) and an ego-exo alignment 108S (Lego-exo)-
Lgaze 1s a pixel-wise cross-entropy applied independently to
the predicted heatmaps H* and HZ, comparing them to the
corresponding ground truth heatmaps.

The total loss is given by:

L= [féqaze + Egze + Eego—exo (9)

We explore two formulations for the ego-exo alignment
1085 (Lego-exo):

Time Synchronization Loss. This loss uses a triplet for-
mulation based on the similarity between egocentric fea-
tures at the same timestamp:

+
eS

S Fe (10)

£eg0—exo =
where ST is the distance between matched ego features
from simultaneous views, and S is the distance from Gfgo
to a randomly sampled negative ego feature from the batch.
Head Matching Loss. We explore two variants for the
head matching loss: an implicit approach that automati-
cally learns the alignment between egocentric and exocen-
tric features, and an explicit approach leveraging ground
truth head-box identities when available.
* Explicit matching: This is also a cross-entropy loss,
applied to the similarity scores S. The correct “class”
corresponds to the similarity score of the same person

viewed from the other perspective. Specifically, for
S4, the correct class is S*(A), and vice versa for SZ.
¢ Implicit matching: We apply an entropy loss on the
similarity scores S. This encourages the model to se-
lect exactly one exocentric feature with maximum sim-
ilarity. Additionally, for two-person sessions, where
head-box identities are trivially identifiable, we apply
the explicit cross-entropy loss described above.
In both variants, the total ego-exo 10ss Lego-exo 1 the sum of
the losses computed independently for persons A and B.

5. Experiments

5.1. Datasets

We perform experiments on two datasets:

RLR-CHAT. The RLR-CHAT dataset, as described in
Section 3, is divided into training, validation, and test splits.
In particular, we refer to the test split as the ”golden subset”
as it has higher quality annotations. Initially, we train and
evaluate various baselines on this golden subset, as training
on the entire dataset is computationally expensive. Subse-
quently, we leverage the best performing approach for train-
ing on the full dataset.

EgodD [10]. It is a large-scale, publicly available ego-
centric dataset that captures individuals performing daily
life activities. We use the subset with gaze annotations in-
troduced by Lai et al. [28], which consists of 27 approxi-
mately hour-long videos featuring 80 participants engaged
in social interactions such as playing board games.

We selected Ego4D over alternative datasets such as
EGTEA Gaze [30] and Aria [34], as those primarily focus
on single-person activities. Since Ego4D emphasizes social
settings, it is more suitable for evaluating improvements de-
rived from learning exocentric gaze representations.

However, it is important to note that there is still a sig-
nificant domain gap between Ego4D and RLR-CHAT. The
images have a smaller FoV and include much more diverse
settings. Further, as people are playing games instead of
mainly conversing, the gaze points tend to fall less on faces.

5.2. Trained Models

We train several egocentric gaze estimation baselines along
with our proposed self-supervised methods using the RLR-
CHAT dataset.

Egocentric baselines. We compare heuristic baselines,

as well as CNN and transformer-based approaches:

* Heuristic Baselines: Predicting the image center, us-
ing the average gaze point from training, and selecting
the head closest to the image center as the gaze target.

e U-Net: A CNN-based model with a ResNet-18 en-
coder and an FPN-style decoder. It corresponds to the
image branch of the MAV-Gaze baseline described be-
low and operates on single-frame inputs.



* MAV-Gaze: An adaptation of MAV-ASL [24], origi-
nally designed for active speaker localization. It pro-
cesses both visual and auditory cues, taking in a single
image frame and a 7-channel, 200ms audio clip.

* EgoGazeViT: A transformer-based model comprising
a ViT encoder and a transformer decoder. This archi-
tecture corresponds to one of the branches in our pro-
posed SSL methods and operates on single-frames.

Self-supervised Approaches. We initialize EgoGaze-
ViT with one of our three self-supervised alignment meth-
ods described in Section 4, or with standard training for ego-
centric gaze prediction (Standard Training):

¢ Synchronization: Aligns egocentric features across
simultaneous views using temporal correspondence.

o Implicit Matching: Aligns ego-exo features without
explicit identity annotations.

» Explicit Matching: Explicitly aligns ego-exo features
using ground truth head-box identities.

5.3. Metrics

Previous works on egocentric gaze estimation evaluate the
quality of the predicted gaze heatmap by performing a
pixel-level comparison against the generated ground truth
heatmap after binarizing both of them [28] (referred to as
the Heatmap metric). However, this approach is highly
sensitive to the choice of the heatmap’s standard deviation
and the threshold used for binarization. Similar concerns
have led to the avoidance of such metrics in recent gaze
following research [11, 46]. Moreover, these metrics as-
sess only localization accuracy, and may not always reflect
semantic performance, which is often more valuable for
downstream applications.

To address these limitations, we propose a new set of
evaluation metrics inspired from gaze following [39, 45]:

* Distance: The predicted gaze point is obtained by tak-
ing the argmax of the predicted gaze heatmap. We then
compute the L2 distance between the predicted and
ground truth gaze points, normalized to a unit square
(1 x 1). Both mean and median distances are reported.

¢ Looking at Heads (LAH): This semantic metric eval-
uates how well the model detects gaze directed at other
people’s heads. A prediction is classified as follows:

— True Positive: Both the predicted and ground
truth gaze points fall in the same head box.

— False Positive: The predicted gaze point falls in
a head box, but the ground truth does not.

— False Negative: The ground truth gaze point
falls in a head box, but the predicted gaze point
falls on a different head or object.

— True Negative: Neither the predicted nor the
ground truth gaze points fall in a head box.

We compute precision, recall, and F1-scores.

Distance LAHT
Mean Median Prec Recall F1

Model

Heuristic Baselines

Predict center 0.107 0.093 0.633 0.146 0.237
Predict avg of train data 0.105 0.092 0.638 0.130 0.216
Predict closest head to center 0.131  0.073 0.396 0.863 0.543
CNN Baselines

U-Net 0.105 0.072 0.520 0.610 0.561
MAV-Gaze 0.098 0.065 0.617 0.724 0.667
Transformer Baseline

EgoGazeViT 0.096 0.057 0507 0.798 0.620
(Standard Training)

Table 2. Comparison of egocentric gaze estimation baselines on
the RLR-CHAT golden subset test split. Best results are in bold.

Distance LAHT
Mean Median Prec Recall F1
Standard training  0.102 0.057 0.538 0.819  0.650
SSL Approaches
Synchronization 0.100 0.055 0536 0.843 0.656
Implicit matching ~ 0.101 0.056  0.533 0.833 0.650
Explicit matching  0.101 0.055 0.545 0.836 0.660

Initialization

Table 3. Results for egocentric gaze estimation on the full RLR-
CHAT golden subset. We leverage EgoGazeViT with different ini-
tializations. Best results are in bold.

6. Results

6.1. Egocentric Gaze Estimation Baselines

We trained and evaluated the baselines listed in Section 5.2
on the RLR-CHAT golden subset. Specifically, each model
is trained on the train split of the golden subset for egocen-
tric gaze estimation and evaluated then evaluated on it’s test
set. The results are presented in Table 2.

Despite operating on a single image frame, both trans-
former and CNN-based models outperform the heuristic
baselines by a significant margin, highlighting their ability
to incorporate human priors and scene saliency for accurate
egocentric gaze estimation. EgoGazeViT achieves the high-
est performance among the image-only models, and the best
overall distance score. Therefore, we select this model for
all subsequent experiments.

Interestingly, MAV-Gaze achieves the highest LAH F1-
score. The incorporation of spatial audio helps the model
identify the speaking person, which can serve as a strong
cue for gaze target prediction. Exploring the role of spa-
tial audio in egocentric gaze estimation remains an exciting
avenue for future work.

6.2. Learning Exo Gaze Representations

We leverage the entire RLR-CHAT dataset by training our
models on the designated train split and evaluating them on



Number of People
Full >3 >4

Initialization

Standard Training  0.650 0.630 0.576
SSL Approaches

Synchronization 0.656  0.634  0.578
Implicit matching ~ 0.650  0.626  0.553
Explicit matching  0.660  0.640  0.587

Table 4. LAH Fl-scores for different splits of the RLR-CHAT
golden subset based on the number of participants in the sessions.
Best results are in bold.

the full test split (the golden subset). Specifically, we com-
pare the performance of EgoGazeViT when initialized with
weights from standard egocentric gaze estimation training
versus weights obtained via our proposed ego-exo align-
ment methods. Results (Table 3) indicate that performance
on the Distance metric for all methods is comparable. How-
ever, Synchronization and Explicit Matching yield some
improvements over Standard Training for the LAH metric,
with Explicit Matching having the best performance.

As seen in Table 4, Explicit Matching consistently im-
proves over Standard Training across evaluations on dif-
ferent splits of the RLR-CHAT golden subset based on the
number of participants in the sessions (full results in supple-
mentary). This suggests that our method captures exocen-
tric gaze behaviors beyond shared attention. Shared atten-
tion in RLR-CHAT is predominantly observed when gaze is
directed towards other people—a scenario naturally limited
in sessions with only two participants, which constitute the
majority of the dataset. However, the performance gap im-
plies that the model also learns other behaviors, such as eye
contact, that help disambiguate the egocentric gaze target.

Probing for Exocentric Gaze. To assess whether train-
ing with our proposed method effectively enables the learn-
ing of exocentric gaze representations, we probe the trained
encoder by evaluating its performance on exocentric gaze
prediction. The probing architecture is illustrated in Fig-
ure 4. Specifically, we freeze the trained encoder and train
a new exocentric decoder Dy, to predict LAH labels for
RLR-CHAT. D¢y, is a 2 layer MLP that operates on ROI-
aligned features corresponding to individuals visible within
the egocentric field of view (G..,). Specifically, it pro-
cesses their concatenated features and predicts pairwise
LAH following the formulation of [11, 13]. For instance,
to predict whether person B is looking at person C within
person A’s FoV, the model proceeds as follows:

LAHp ¢ = Dexo(Gio’ Gec;co) an

Note that the order of individuals supplied to the decoder
is crucial, as the LAH prediction is directional.

We present the results in Table 5. Unlike egocentric gaze
prediction, where discrete LAH labels enable direct preci-

Initialization/Model Distance HeatmapT

Mean  Median Prec Recall F1
Cross-Dataset Evaluation
Standard training 0.174 0.151 0.260 0.520 0.347
Synchronization 0.169 0.144 0.286 0.506 0.365
Implicit Matching 0.183 0.154 0.259 0.537 0.349
Explicit Matching 0.170 0.147 0.274 0.493 0.352
Within-Dataset Evaluation
GBVS [14] - - 0.111 0.472 0.180
Attention Transition [19] - - 0.295 0.476 0.364
I13D-R50 [9] - - 0.292 0.525 0.375
MVIT [28] - - 0.317 0.574 0.409
GLC [28] 0.156 0.123 0.347 0.570 0.431
EgoGazeViT

.. . 0.163 0.131 0.315 0.562 0.404
(Explicit Matching init)

Table 6. Results for egocentric gaze estimation on the Ego4D
dataset. Best results are in bold.

sion and recall calculations, the predicted LAH values in
this setting are continuous. While applying a threshold can
yield discrete values, the precision and recall scores can
vary significantly depending on that choice. Therefore, we
report the average precision (AP) score, which provides a
threshold-independent evaluation.

We find that all self-supervised approaches outperform
the baseline, indicating that they successfully capture exo-
centric gaze information. Notably, the Synchronization ap-
proach significantly improves over the other self-supervised
approaches. This may be related to the more general nature
of the alignment task, which allows the exocentric features
to encode global social gaze cues because it does not rely on
head crops. The Implicit Matching approach also surpasses
Explicit Matching, however, this may be a result of over-
fitting to scene geometry when learning head-identity cor-
respondences. This interpretation is supported by its lower
cross-dataset performance as discussed in the next section.

6.3. Evaluation on Ego4D

We provide cross-dataset evaluation results for our RLR-
CHAT trained models on Ego4D in Table 6. Overall all
methods have a marked drop in distance score, highlighting
the domain gap between the two datasets.

Despite this gap, all self-supervised approaches except
Implicit Matching improve over Standard Training in cross-
dataset generalization, illustrating another benefit of ego-
exo alignment. The Synchronization approach has the
best overall performance, following results from exocentric
probing. Interestingly, this trend is not followed for Implicit
Matching, which suggests that it may be overfitting to scene
geometry in order to learn head-identity correspondences.

For comparison with state-of-the-art methods, we addi-
tionally train one of our models—EgoGazeViT initialized
with Explicit Matching—on Ego4D. Despite relying solely
on single frames, it attains strong performance and even sur-
passes some temporal models, highlighting the potential of
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Figure 4. Architecture for probing learned exocentric gaze representations.

We freeze the encoder, which was initially trained for egocentric gaze esti-
mation, and train a 2-layer MLP probe to predict Looking at Heads (LAH).

Table 5. Results for exocentric gaze probing on the full
RLR-CHAT golden subset. Best results are in bold.

Figure 5. Qualitative results on RLR-CHAT for egocentric (top) and exocentric (bottom) gaze prediction using the encoder initialized with
our Explicit Matching based self-supervised approach. The predicted egocentric gaze heatmap is overlaid on the image, with the ground
truth target marked by a green dot. Predicted exocentric gaze targets are indicated by the person ID following the 'LAH’ prefix.

single-frame approaches in this domain. We observe that
different initializations of EgoGazeViT do not yield signif-
icant performance variations on Ego4D, likely due to the
pronounced domain shift between datasets.

6.4. Qualitative Results

We present qualitative results for egocentric and exocentric
gaze prediction in Figure 5, using the encoder initialized
with Explicit Matching. For egocentric predictions, we di-
rectly overlay the predicted heatmap onto the image. For
exocentric predictions of a given person B, the target is de-
termined by the argmax over LAH pairs (B, %), and is visu-
alized if the corresponding value exceeds 0.1.

We observe that the model accurately identifies the ego-
centric gaze target (columns 2-4). Generally, it tends to fo-
cus on salient items such as faces, whereas human gaze can
sometimes be directed toward background individuals (col-
umn 1) or be in transition during a gaze shift (column 5),
which is challenging for a static model to capture. Addi-
tionally, we observe that the model effectively leverages ex-
ocentric cues to resolve ambiguities (columns 1-4). How-

ever, in scenarios where exocentric gaze information is less
informative (column 5), the model exhibits greater uncer-
tainty, as reflected in the multimodal heatmap. Additional
qualitative results are in the supplementary material.

7. Conclusion

In this work, we introduced novel self-supervised learn-
ing approaches for egocentric gaze estimation that lever-
age ego-exo alignment to learn exocentric gaze represen-
tations. Our methods improve egocentric gaze prediction
in challenging single-frame setting across RLR-CHAT and
Ego4D by leveraging the learned exocentric gaze represen-
tations. Furthermore, our probing analysis confirms that
training with our method enhances the encoder’s ability to
learn these exocentric gaze representations.

Future research could explore integrating spatial audio
cues to further refine gaze estimation, particularly in social
settings where auditory information plays a key role in at-
tention and interaction. Additionally, investigating the gen-
eralizability of these self-supervised techniques in temporal
settings could be another interesting direction of research.
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Supplementary Material

A. Head Bounding Box Identification
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Figure S1. Overall pipeline for identifying head bounding boxes.
We first obtain the average locations of other participants (white
dots) in the conversation in 360 degrees world-locked coordinates.
These are then mapped to the head-locked FoV coordinates and
matched to the nearest head bounding box within a threshold.

To reliably identify the head bounding boxes of individu-
als visible in a participant’s field of view (FoV), we leverage
a pre-trained MAV-ASL model [24] to obtain active speaker
heatmaps for each egocentric image frame. The MAV-ASL
model produces two types of heatmaps: one that indicates
the direction of the active speaker over a full 360-degree
span, and another that provides the 2D location of the ac-
tive speaker when present in the FoV. Both heatmaps are
initially computed in a head-locked coordinate system.

We begin by utilizing the directional heatmap and con-
verting it into world-locked coordinates with the help of
SLAM data. By processing 5000 frames per participant, we
compute the average world-locked location of the other par-
ticipants in the conversation. For each frame, these average
locations are then transformed back into the head-locked
FoV coordinate system.

Subsequently, we match the detected head bounding
boxes to these averaged locations by selecting the near-
est match within a threshold of 200 pixels. Although
this thresholding process means that not all head bounding
boxes are assigned an identity, the matches that are made
have been verified to be of high quality. The overall pipeline
is illustrated in Figure S1.

B. Discussion

Figure S2. Egocentric and exocentric feature alignment results for
the Implicit Matching approach. The correct exocentric person is
highlighted with a green box. In the top row, these are correctly
selected by the model. Incorrect selections made by the model are
indicated with dotted white boxes in the bottom row.

Implicit Matching vs. Explicit Matching. In Fig-
ure S2, we examine how well the Implicit Matching method
learns to align egocentric and exocentric gaze features. The
model successfully matches features in several cases (top
row), demonstrating its ability to capture meaningful ego-
exo correspondences. However, it also exhibits failure cases
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Figure S3. FLOPs comparison of our model against video-based
models. Our model requires significantly fewer FLOPs while still
achieving competitive performance.

(bottom row), where mismatches occur. In some cases, such
as the bottom right example, failure is expected because the
corresponding exocentric person is outside the field of view.
However, the model also fails in other scenarios (e.g., bot-
tom left), indicating that implicit matching alone may not
always be sufficient for robust alignment.

Impact of number of people. Table S1 provides a
detailed breakdown of egocentric gaze estimation perfor-
mance on different splits of the RLR-CHAT Golden Sub-
set, based on the number of participants in the included ses-
sions. As expected, performance generally declines in ses-
sions with a higher number of people due to the increased
number of potential gaze targets and the resulting complex-
ity of the task. Notably, there is an apparent spike in perfor-
mance for sessions with 5 participants; however, since this
split comprises only 2 sessions, the result is likely subject
to high variance and may not be representative.

Impact of using exocentric views at inference. Since
there is no feature sharing between the two branches of our
siamese architecture, using exocentric views does not im-
prove performance during inference. During training, the
architecture enables self-supervised learning of exocentric
representations through ego—exo alignment, but at inference
each branch operates independently. The architecture was
deliberately designed this way to avoid the need for addi-
tional views during inference.

Memory and Compute of Static vs. Temporal Mod-
els. As motivated in the paper introduction, static models
provide benefits for practical applications as they require
lower compute and memory compared to temporal models.
First, temporal models require maintaining a frame buffer.
For a model processing even just 8 frames, this multiplies
storage requirements by 8x. They also incur substantially
higher computational costs. In Figure S3, we compare the
FLOPs consumed by our model, VideoMAE-based models
[49], and MViT-based models [7].

We observe that all video-based models consume signif-
icantly more compute than our static model, which is rea-
sonable as they process a larger number of tokens. MViT,
used in [28], employs a more efficient attention mechanism
and thus requires less compute than VideoMAE. Increasing
the number of frames from 8 to 16 further raises compute
requirements. Actual FPS would then depend on the hard-
ware and platform on which these models are deployed.

C. Qualitative Comparisons

We provide qualitative comparisons of our models for ego-
centric gaze prediction in Figures S4 and S5. In Figure S4,
all models perform similarly, as these cases involve either
a single salient target or a target positioned near the image
center, reducing task complexity.

In contrast, Figure S5 highlights scenarios where our
ego-exo alignment approaches improve egocentric gaze
prediction. These cases are more ambiguous, featuring mul-
tiple salient targets near the center, making gaze estimation
more challenging.

* Row I: The Standard Training and Implicit Matching
approaches incorrectly identify the target person.

* Row 2: The Synchronization and Implicit Matching
approaches struggle to differentiate between two peo-
ple. The Standard Training approach confidently se-
lects the wrong target, whereas the Explicit Matching
approach correctly identifies the target with high con-
fidence.

* Row 3: The Standard Training and Synchronization
approaches misidentify the target, while the Implicit
Matching and Explicit Matching approaches show un-
certainty between two possible targets.

* Row 4: The Standard Training approach produces a
diffused heatmap due to confusion, whereas the ego-
exo alignment approaches correctly select the target.
The Explicit Matching approach still exhibits some un-
certainty.

These results suggest that ego-exo alignment helps dis-
ambiguate complex scenarios by leveraging exocentric gaze
cues, leading to more precise egocentric gaze predictions.

D. Training and Evaluation

During training, we randomly sample two people A and B
for each timestamp. Models are trained for 20 epochs using
the Adam optimizer [27] with a learning rate of 2 x 1075,
and with a batch size of 512. We employ standard augmen-
tations, namely center cropping, flipping, and color jitter-
ing. The method was trained on a distributed system with
two nodes, each equipped with eight H100 GPUs.



Subset Initialization Distance LAH
Mean Median Precision Recall F1
Standard Training 0.102  0.057 0.538 0.819  0.650
Full Synchronization 0.100  0.055 0.536 0.843 0.656
Implicit Matching  0.101 0.056 0.533 0.833  0.650
Explicit Matching  0.101 0.055 0.545 0.836  0.660
Standard Training  0.111 0.067 0.524 0.790  0.630
>3 people Synchronization 0.110  0.064 0.519 0.815 0.634
= Implicit Matching  0.111 0.065 0.512 0.805 0.626
Explicit Matching  0.110 0.065 0.532 0.803  0.640
Standard Training 0.110 0.074 0.466 0.754 0.576
>4 people Synchronization 0.107  0.069 0.461 0.771  0.578
- Implicit Matching  0.111 0.074 0.438 0.750 0.553
Explicit Matching  0.106 0.069 0.473 0.773  0.587
Standard Training 0.096  0.054 0.542 0.820 0.653
>5 people Synchronization 0.090  0.049 0.546 0.849 0.664
= Implicit Matching  0.101 0.058 0.524 0.796  0.632
Explicit Matching  0.092  0.052 0.554 0.827  0.664

Table S1. Evaluation results on different splits of the RLR-CHAT Golden Subset based on the number of people in the session. Best results

for each split are given in bold.

During evaluation, we leverage only one of the branches
(since both share weights), referred to as EgoGazeViT, to
assess egocentric gaze estimation performance. Specifi-
cally, EgoGazeViT can be initialized with weights from ei-
ther the self-supervised training or standard egocentric gaze
estimation training.

E. Implementation Details

The model uses a ViT-B encoder initialized with masked
autoencoder (MAE) pretraining [16]. The Prediction Mod-
ule consists of four transformer layers, each with a token
dimension of 384—half the dimension of the ViT tokens.
Input images are processed at a resolution of 224 x 224,
and the predicted gaze heatmap is generated at the same
resolution, following the MAE architecture. The ground
truth gaze heatmap H; is constructed by placing a Gaus-
sian centered at the gaze point, with a standard deviation of
9.35 pixels. It is converted to two channels (Hg;, 1 — H,)
to facilitate training using the cross-entropy loss detailed in
Section 4.4.

F. Glossary
We provide definitions for key terms used in the paper.
* Ego view: For a person A wearing augmented reality

glasses, this refers to the scene as observed from their
own perspective.

* Exo view: This refers to the third-person observation
of person A from another person’s (e.g., person B’s)
perspective.

* Looking at heads: Defined for a pair of people. A
person’s gaze point falls within another person’s head
bounding box.

* Eye contact: Defined for a pair of people. A symmet-
ric version of looking at heads, where the gaze points
of both people fall within each other’s head box.

* Shared attention: Defined for two or more people.
Occurs when multiple people look at the same object
or person. In RLR-CHAT, this typically refers to mul-
tiple people looking at the same other person.

¢ CLS token: Standard transformer architectures, par-
ticularly the Vision Transformer (ViT) [4] used in our
work, include an additional learnable token called the
CLS token. This token is appended to the extracted
image tokens to capture global information and is of-
ten used for tasks, such as classification, that require
holistic image understanding.
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Figure S4. Qualitative results on images from RLR-CHAT where all approaches yield similar predictions. In these cases, either a single
salient target dominates the scene, making gaze estimation straightforward, or the gaze target is near the image center, reducing ambiguity
across models.
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Figure S5. Qualitative results on images from RLR-CHAT where our proposed ego-exo alignment approaches improve egocentric gaze
prediction compared to standard training. These cases involve greater ambiguity, with multiple salient targets positioned near the center,
making gaze estimation more challenging.
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