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Abstract. Self-supervised learning methods have demonstrated impres-
sive performance across visual understanding tasks, including human
behavior understanding. However, there has been limited work for self-
supervised learning for egocentric social videos. Visual processing in such
contexts faces several challenges, including noisy input, limited avail-
ability of egocentric social data, and the absence of pretrained mod-
els tailored to egocentric contexts. We propose Ex2Eg-MAE , a novel
framework leveraging novel-view face synthesis for dynamic perspective
data augmentation from abundant exocentric videos and enhance self-
supervised learning process for VideoMAE [57] via: 1) reconstructing
exocentric videos from masked dynamic perspective videos; and 2) pre-
dicting feature representations of a teacher model based on the cor-
responding exocentric frames. Experimental results demonstrate that
Ex2Eg-MAE consistently excels across diverse social role understand-
ing tasks. It achieves state-of-the-art results in Ego4D’s Talk-to-me chal-
lenge (+0.7% mAP, +3.2% Accuracy). For the Look-at-me challenge, it
achieves competitive performance with the state-of-the-art (-0.7% mAP,
+1.5% Accuracy) without supervised training on external data. On the
FEasyCom dataset, our method surpasses both supervised Active Speaker
Detection approaches and state-of-the-art video encoders (+1.2% mAP,
+1.9% Accuracy compared to MARLIN [10]).

Keywords: Egocentric video understanding - Self-supervised learning -
Social interactions

1 Introduction

The integration of visual perception systems in interactive technologies [3, 8,
15,20, 22] has opened new frontiers for enhancing human-machine interactions,
reshaping the way machines engage with users. These perceptual capabilities
allow robots to perceive and interpret the surrounding environment through
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visual cues, enabling them to better understand, interact with, and assist humans
in various tasks. One of the most exciting applications of this technology is the
enhancement of social interactions between humans in augmented reality settings
[18,46] or between humans and machines [11], yet the challenges associated
with the complex egocentric vision impedes the realization of its full potential.

Visual processing of social ego-
centric videos, consisting of contin-
uous streams of dynamic perspec-
tive frames, present distinctive chal-
lenges for systems designed to interact
seamlessly with humans. These chal-
lenges arise from the inherent vari-
ability in visual appearance caused by
motion, occlusions, and lighting con-
ditions. Overcoming these obstacles
requires the development of special-

Table 1: Overview of different datasets
relevant for egocentric social interactions.
Tasks include Talk-to-me (TM), Look-at-
me (LM), Turn-taking prediction (TP),
Active Speaker Detection (AS), Auditory
Attention Localization (AL) and Speaker
identification (ID). Face Quality (Qua.)
scores are the average confidence scores of a
facial landmark detection model [9] across
all frames. } : approximate numbers. 7 :
cannot be determined either due to miss-
ing face bounding boxes. !: synthesized/not
natural.

ized learning techniques capable of ex-  Datasets |Ego. Task #vids #spk Qua.
tracting valuable insights from com-  ggo4p [23] v TM/LM 194 914} 0.31
plex data. To advance egocentric vi- EgoCom [46] || vv TP 176 34 7
sion applications, researchers have de-  EasyCom [18]|| vv TM/AS 12 72% 0.63
veloped datasets of first-person per- SAAL [52] v AL 1200 50 7
spective videos in social interactions 22 4] X ID 145K 6K 0.76
EgoVox I - 63K 24K 0.78

[18,23,46,52]. However, these datasets
remain limited in size, diversity and quality (Table 1) due to the considerable
cost associated with collecting and annotating egocentric data in the wild.

To this end, self-supervised learning has emerged as a promising strategy
for mitigating the supervised learning problems requiring large labeled datasets.
By enabling the extraction of generic representations from unlabeled data, self-
supervised learning enables transferring knowledge from pre-text tasks with min-
imal constraint on the input data to downstream supervised tasks. Such methods
have demonstrated impressive performance in understanding exocentric videos,
consistently outperforming supervised learning methods across a wide spectrum
of applications, such as action recognition [57,59], object detection [2], track-
ing [62], video captioning [35], and video editing [5]. Despite significant advance-
ments in self-supervised video representation learning, developing models tai-
lored to egocentric videos, especially within social interaction tasks, remains an
under-explored area. We attribute part of the challenge to the substantial view-
point gap between exocentric and egocentric videos and the absence of large and
diverse egocentric datasets for social interactions.

In this study, we approach self-supervised learning for egocentric social in-
teraction videos from two key points. To alleviate the scarcity of egocentered
data, we propose leveraging an advanced 3D face synthesis method to transform
exocentric videos (captured from a single camera view) into videos featuring
dynamic camera views, resembling egocentric images. Such an approach capital-
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izes on the wealth of available exocentric conversational videos, facilitating the
creation of diverse synthetic data to be used for augmentations with simulated
egomotions. In this work, we utilize VoxCeleb2 [14], a diverse and unlabeled cor-
pus featuring social interactions through thousands of celebrity interviews, as the
foundation dataset for perspective augmentations, resulting in Ego Voz. Notably,
the augmented videos exhibit superior face quality compared to the existing
datasets tailored for egocentric social interactions that better suit self-supervised
learning purposes. Regarding the model architecture, we propose Fz2FEg-MAE
, a self-supervised learning framework that enhances VideoMAE [57] for ego-
centric video understanding in two fundamental ways: first, by reconstructing
the original exocentric videos using masked videos from FEgoVoz, and second,
by learning to estimate feature representations through a teacher-student dis-
tillation process in which the teacher model VideoMAE [57] is provided with
the original exocentric inputs. We additionally introduce Perspective Shift Esti-
mation Modules (PSEM), an add-on module attached to each encoder layer of
Ex2Eg-MAE during the self-supervised learning process, to help the model learn
perspective-invariant features via an adversarial process. In particular, PSEMs
estimate camera movements relative to a reference frame, while Ex2Eg-MAE
aims to adversarially produce features with zero estimated shift. Ultimately, our
goal is to produce a robust facial encoder generalized for egocentric videos that
are useful for a wide range of egocentric social interaction tasks.

To evaluate the efficacy of the proposed framework, we conduct extensive
experiments with the Ego4D [23] and EasyCom [18] datasets. Our experimental
results show that Ex2Eg-MAE can capture generic facial features from egocen-
tric visual inputs that transfer well on a wide range of tasks relating to social
role understanding, including Talk-to-me, Look-at-me and Active Speaker De-
tection. These tasks, while differing significantly in nature, collectively demon-
strate the broad applicability of our pre-trained encoder. They all aim to assign
socio-conversational roles to individuals appearing in the camera frame (LAM:
a person looking-at the camera wearer, TTM: a person talking to the camera
wearer, and ASD: a person speaking), and are essential for the future domestic
robots and AR technologies, where it is important to identify social references.
In summary, our main contributions are three-fold.

— We introduce Ex2Eg-MAE ;| a novel framework for effective self-supervised
learning to generate robust and generalizable facial features in egocentric
videos.

— We propose a challenging auxiliary task for egocentric representation learn-
ing: reconstructing exocentric frontal facial videos from dynamically aug-
mented inputs mimicking egocentric environments, and introduce a distilla-
tion process and an adversarial learning process with PSEM to further assist
VideoMAE [57] with the task.

— We conduct a comprehensive evaluation across diverse datasets, encompass-
ing a broad spectrum of tasks related to social role understanding, including
Talk-to-me, Look-at-me, and Active Speaker Detection. Our results show-
case the superiority of Fx2Fg-MAFE compared to existing exocentric video
encoders.
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2 Related Work

Self-supervised Pre-training in Vision. Learning image representation from
unlabeled data has gained significant interest within the field of computer vision.
Broadly, current approaches fall into two categories. The first category is con-
trastive learning, which centers on maximizing the agreement between diverse
augmentations of an image through the application of a contrastive loss [13,25].
The second category is generative learning, where the methodology involves the
random masking of image patches, and the network is trained to reconstruct the
original image [6,24]. Following the success of Masked Autoencoder (MAE) [24],
Tong et al. [57] proposes VideoMAE for video pre-training by extending MAE
with cube embeddings and extremely high tube masking ratio. Most relevant
to our work is MARLIN [10], which adapts VideoMAE for web-crawled facial
data to create a generic, universal and task-agnostic facial encoder. By adding
face-region-guided masking and adversarial adaptation to VideoMAE, MAR-
LIN achieves state-of-the-art performance on a wide range of exocentric facial-
related downstream tasks. Recently, Radsosavovic et al. [49] explores masked
autoencoder pre-training on egocentric images and demonstrates consistent per-
formance boost on robotics downstream tasks. Pramanick et al. [47] propose a
video-language pre-training framework and achieve state-of-the-art performance
on several non-social egocentric tasks. To the best of our knowledge, there has
been no prior work exploring SSL for egocentric facial videos.

Social Role Understanding. Social role understanding involves the discern-
ment of speakers’ roles in a given social interaction, encompassing aspects such
as active speaker detection (ASD), determining the participants’ gaze directions,
and establishing communication dynamics between individuals. Among various
social roles, ASD from ezocentric videos is an extensively researched problem.
From early methods that relied upon lip movements and facial gestures to serve
as identifying cues [19], the landscape has witnessed a transformative shift to-
wards deep learning based approaches, such as the integration of 3D Convolu-
tional Neural Networks [36, 56], the implementation of relational context mod-
ules [63], and the application of graph neural networks [4,42]. However, given
the current surge in assistive technology and augmented reality/virtual reality
(AR/VR), there is a growing inclination to delve into additional dimensions of
social roles in egocentric contexts, including look-at-me (identifying who is di-
recting their gaze toward the camera-wearer) and talk-to-me (determining who is
engaged in conversation with the camera-wearer). In light of this evolving land-
scape, existing datasets focused on egocentric social understanding [18, 23, 46]
typically come with at least one facet of social roles, as demonstrated in Table 1.
Along this line, we introduce the first self-supervised learning model for egocen-
tric facial videos, and validate our method across multiple facets of social roles.
Egocentric Video Understanding. Over the past few years, the majority
of video understanding algorithms have been developed with well-defined third-
person video datasets. Yet, the unique characteristics of egocentric video data,
such as viewpoint changes, large motions, and visual distortions, have been rela-
tively under-explored. To bridge this gap, several egocentric datasets [16,23,37,
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Fig. 1: An architectural overview of the Exo2Ego pre-training pipeline. Given
a masked synthesized video (refer to Fig. 2 for our data augmentation pipeline) and
reference frame, Ex2Eg-MAE learns to reconstruct the original exocentric video. To
improve Ex2Eg-MAE ’s capability to capture social signals, we add more weights to
reconstruct the mouth and eyes regions via a face parser. We use a teacher encoder
and an Perspective Shift Estimation Module (PSEM) to guide the generated features at
each encoder layer. Specifically, at each layer, Ex2Eg-MAE learns to generate features
that are (1) similar to the features generated by the teacher model, and (2) produce
0-estimated perspective shift via the layer’s PSEM, while the PSEM learns to adver-
sarially predict the correct rotation n,, and translation n:. parameters.

53,55] have emerged, significantly advancing research in egocentric video under-
standing in areas such as human body pose estimation [29,38,45], activity recog-
nition [32,64], anticipation [1,21] and human-object interaction [17,40,43]. Huang
et al. [28] introduce an innovative approach for audio-visual object localization.
At the core of their method is a geometry-aware temporal modeling module that
transforms frames from various camera angles into a unified angle through ho-
mography. For egocentric social understanding, Jiang et al. [30] propose an end-
to-end multi-channel audio-visual approach for active speaker localization. Ryan
et al. [52] introduce an audio-visual network that utilizes both multi-channel
audio and appearance-based features from egocentric videos for auditory atten-
tion localization. The mentioned methods are supervised approaches tailored to
particular applications. In this work, we focus on self-supervised learning for
egocentric facial videos with more universal applications.

3 Ex2Eg-MAE Framework

Figure 1 provides an overview of Ex2Eg-MAE pretraining process. Our frame-
work begins with an input video featuring exocentric frames from both single
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and frontal camera views. It then generates synthetic video sequences with dy-
namic perspectives with an auxiliary task involving reconstructing the original
exocentric videos from these augmented sequences. We first discuss details of
our data augmentation pipeline in Section 3.1. Then, we discuss the components
of Ex2Eg-MAE and its self-supervised learning process in Section 3.2. In par-
ticular, our approach involves the utilization of a Perspective Shift Estimation
Module (PSEM) at each layer of the encoder, which learns to estimate the trans-
lation and rotation parameters pertaining to the synthesized frames relative to a
chosen reference frame (from the target frames). The PSEM-derived estimations
are subsequently integrated into the transformer encoders to facilitate the gen-
eration of perspective-invariant representations. The representations generated
at each layer of the encoder are also guided by the representations produced by
a teacher model (VideoMAE [57]), which is derived from the original exocentric
frames. Lastly, in Section 3.3, we discuss the optimization of Fz2Eg-MAE with
its three loss terms: a reconstruction loss L,.. (Section 3.3a), a distillation loss
Laist (Section 3.3b), and a perspective estimation loss (Section 3.3c).

3.1 EgoVox for Data Augmentations

A good dataset for self-supervised egocentric representation learning requires
four key attributes: diversity in speakers and video quantity, high-quality visible
faces despite prevalent of occlusions and movements in egocentric videos, diverse
points of view as egocentric visual inputs often contend with rapid perspective
changes, and sufficient scale to support data-hungry learning with large models.
Unfortunately, existing ego-

Centric data’sets fOI‘ social Frontal VoxCeleb2 videos EgoVox videos

tasks lack one or more of A A AdA A Dynamic v a Qs

cam. poses

the desired properties. On ---'-- " ne"

the other hand, exocentric so- - 3[’“"*“"375
cial data are abundant but e o
lack egomotions (see Table .. .. j
1). To fill this gap, we lever- | ‘cmppeu&

age large-scale exocentric con- Quality Filter
versational datasets [44] with
advanced 3D face synthesis

TriPlaneNet

Fig. 2: An overview of the data augmentation
methods to create a dataset pipeline. We select a diverse set of frontal videos
that can meet all of these cri-  from the VoxCeleb2 dataset [14], and generate dy-
teria. We specifically use Tri- namic view videos with TriPlaneNet [7].
planenet [7] as our multi-view
face synthesis module based on the VoxCeleb2 [14] dataset. Triplanenet is a real-
time inversion framework for EG3D [12] that provides high-quality face recon-
struction with multi-view consistency by directly using tri-plane representations.
The method produces high-quality images compared to recent GAN inversion
methods [50,51] while running an order of magnitude faster, making it suitable
for large-scale data synthesis.

Our data augmentation process is illustrated in Figure 2. For a given exocen-
tric facial video, we start by defining a target sequence camera positions, gov-
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erned by translation parameters n;,. € R7*3 and rotation matrices n,, € RT*6
with respect to the original exocentric frames. The sequence of new camera po-
sitions are then fed into Triplanenet |7] to generate the desired synthetic facial
frames with dynamic perspective. To verify the quality of the generated videos,
we use a facial landmark detection model’s confidence score to filter out low-
quality videos [9]. We also crop the face in each frame to mitigate the impact of
artifacts in the background during pre-training. The resulting EgoVox synthetic
data contain around 63K videos with around 2.4M frames (around 135 hours)
of 2.4K unique speakers. We provide samples of EgoVox in the supplementary
materials.

3.2 Ex2Eg-MAE Training

Notations. We denote the input synthesized video as v ¢ RT*hxwx3 the
target exocentric video as v(t99) ¢ RT*h*xwx3 the reference frame as (") =
vgtgt) € RM¥wX3 the ground-truth egomotion translations as n'™ € RT*3, and
the ground-truth rotation matrices as n° € RT*3%3  where T is the sequence
length and ¢ € [T]. The ground-truth translations and rotation matrices are the
collected noises ny and R(ng) during the creation of FgoVox. We denote pt,
ph, pw, and ps as the number of patches along the temporal, height, width and
spatial dimensions of the input. Hence, ps = ph x pw and pt = where tub is
the tubelet size.

We build Ez2Eg-MAE based on the model architecture and pre-training
procedure of VideoMAE [57]. Given v("™ and 7™ our model first uses a cube
embedding P.,,, to generate two sequences of tokens, then supplement them
with sinusoidal positional embeddings Ef and EI along with learnable data

type embeddings E, and FE,.. p% of the tokens are masked to create inputs for

T
tub?

the transformer encoders vﬁéZlk and rxz)sk We pad (") with a zero frame to
match the minimal temporal requirement of @.p,p. Similar to VideoMAE [57],
we employ tube masking and share the masks between the video frames with

the reference frame to minimize information leakage.

V) ed = Masky (e (v™) + B, + EL) 0
T%Zlked = MaSkP (@t”:‘mb (T(ln)) + Er + Ef)

where vfiZlked € Rptxps)xd and rﬁﬁlked € RP**4 with d being the embedding
dimension. The video and reference frame representations are updated for each

encoder layer according to
v = Blk(vi,l) y i = B”ﬂ(?’ifl) (2)

where v; is the video representation and r; is the reference frame representa-
tion at layer i. Blk is a standard transformer encoder layer consisting of a self-
attention module, a multi-layer linear perceptron (MLP) and a normalization
layer. For the first layer, vy = U'E:;Z?c;ked and rg = rfxlked. For each layer, an
PSEM receives v; and r; to estimate camera displacements between the video
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and reference frame. We provide further details of PSEM in the following section.
Similar to VideoMAE, we forward the output of the last layer of the encoder vy,
to the decoder to reconstruct the original video v(t9%).

Perspective Shift Estimation Module . We add the Perspective Shift Esti-
mation Module (PSEM) to each layer of the encoder. The goal of PSEM is to esti-
mate the difference in camera orientation and rotation between v(**) and the ref-
erence frame (™), PSEM takes as inputs the video and reference frame represen-
tations at each layer v; and r;, and outputs the translation and rotation estima-
tion for each frame in the video ntr and nor.
Each PSEM is a light-weight cross-
modal transformer encoder layer that
consists of a Linear Layer, a cross-
modal attention module, an MLP and
a normalization layer, followed by two
MLPs to predict n'" and 7" (as
B 2o demonstrated in Fig 3). Given v; €
A RPEXPsXd gnd r; € RP$X4 the module

first reduces the dimensionality of the

Jreer | ] aver | A m— V1) inputs from d to d, via a linear pro-
jection. A cross-attention layer trans-

lates information from the video to
Fig. 3: An overview of the Perspective Shift {},¢ reference frame information.
Estimation Module.

QrKy
Vi

where Q, = rWq,, K, = vyWk,, and V,, = v;Wy, with Wg , Wk , Wy, €
R >k r; is repeated along the temporal dimension to match the dimension-
ality of v;. 2z, is then forwarded to a MLP and normalization layer (as in the
standard transformer layer) to produce the output z,, € RPP*P$*dr We use
two independent MLPs to estimate camera translation and rotation matrices
between the video and reference frames.

A" = M LP,,.(MeanPool(z,,,dim = 1))
n°" = M LP,.(MeanPool(zy,dim = 1))

W (3)

Zor = Softmax(

v

(4)

For camera translation, we estimate three independent parameters represent the
x,y, z coordinates while for the rotation matrices, we estimate six independent
parameters as in [27]. Therefore, M LP,, and M LP,, map inputs of size RP**9" to
outputs of size RP*(tubx3) apd RPE<(tubx6) yegpectively. We resize these outputs
to make frame-level predictions of size RT*3 and RT*6. The 6D rotatation
estimation output can then be mapped to rotation matrices as in [27].

3.3 Ex2Eg-MAE Training Losses

Figure 1 summarizes the training process for Ez2FEg-MAE . Our model is op-
timized with respect to (a) Reconstruction Loss, (b) Distillation Loss, and (c)
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Perspective Shift Estimation Loss (adversarial).

(a) Reconstruction Loss. Given an input masked tokens of synthesized video
v(zz)s keq» OUr masked auto-encoder learns to reconstruct the original real frames
xﬁgt). Unlike common masked auto-encoders that only learns to reconstruct the
masked tokens [10,24,57], our model learns to reconstruct the whole frames be-
cause v #£ (19 To achieve this goal, we use a mean squared error loss to
minimize the distance in the 3D token space between X,.. = Decoder(vy) and
xt9t,

Furthermore, we leverage a face parsing model [58] to enhance our model’s
ability to capture social signals relating to social role understanding. Inspired by
MARLIN [10], we use FaceXZoo [58] to classify face parts in 2(*9%) at pixel-level,
and double the weights for pixels identified as mouth or eyes while halved the
weights for pixels identified as background. Therefore, the reconstruction loss is
formulated as

L:rec = Wface ®© ||X'r‘ec - thtHQ (5)

where Wyqce is the pixel-level face weights.

(b) Distillation Loss. We leverage a teacher model, VideoMAE [57], that
learns from exocentric videos to guide our model’s feature generation process.
Specifically, we use the mean squared error loss to minimize the distance between
the generated features by Ex2Eg-MAE and VideoMAE at each encoding layer.

L
1
Laist = f E Hw - Usz (6)
i=1

where L is the number of layers in the video encoder and v! is the features gen-
erated at the i-th layer of VideoMAE, using z(*9") as the input.

(c) Perspective Shift Estimation Loss. The Perspective Estimation losses
help PSEM learn to estimate translation and rotation differences between v(")
and (i) In particular, we use the mean square error loss to estimate the tar-
get translations and use the Geodesic loss [27] to estimate the target rotation
matrices for each frame of the input.

T
~1T T 1 ~17T '
L (57, y"") = TZH% —4"|l2 (7)
t=1

"(ye)") 1
2

L ~or , or\ __ l ET -1 t’/‘(g?
or(y Y ) - T cos ( ) (8)
t=1

where 4", 7°" are the predicted orientation parameters and y'", y°" are the target
orientation parameters.

Since the goal of Ex2Eg-MAE is to produce egomotion-invariant representation,
we adversarially train Ex2Eg-MAE with PSEM according to

Lpsem = L (A7, n'") + Lop (R, n°7) (9)
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ACMAE - )\lﬁrec + )\2£dist + )\3(£tr(ﬁtra Otr) + Eor (ﬁ?Ta OOT)) (1())

where A1, Ao, and A3 are hyper-parameters. During the pre-training phase, Lyrag
updates the parameters in the masked autoencoder while £Lpgsgys updates the
parameters of PSEMs.

4 Experiments

We have comprehensively compared our method across various downstream tasks
relating to egocentric social understanding using existing datasets, including
Look-at-me, Talk-to-me, and Active Speaker Detection. In this section, we begin
by introducing the datasets used in our evaluations, followed by the baselines,
and finally, we provide implementation details.

4.1 Datasets

Ego4D. The EgodD dataset [23] comprises more than 3,000 hours of audio-
visual data for egocentric video understanding. For social understanding tasks, it
features the Talking-to-me (TTM) and Looking-at-me (LAM) challenges, which
focus on detecting whether a person is talking or looking at the camera wearer
from tracked faces in video segments. The dataset includes 389 training clips
(32.4 hours), 50 validation clips (4.2 hours), and 133 test clips (11.1 hours, no
ground-truth labels). Each clip is divided into segments with binary labels for
tracked faces (talking or looking). We use the data filtering pipeline from Lin et
al. [39] for the Talk-to-me challenge.

EasyCom. The EasyCom dataset [18] is a multimodal egocentric collection with
12 sessions spanning about 5.3 hours. In each session, 3 to 5 people sit around a
table and engage in a natural conversation with a host for several tasks such as
introductions, solving puzzles or playing games. The egocentric video recordings
are obtained from the eyeglass cameras of all participants, excluding the host.
The dataset offers annotated speech transcriptions for each conversation, includ-
ing information about who said what and to whom. This enables us to extract
Talk-to-me and Active Speaker Detection labels.

4.2 Baselines

We compare our model with state-of-the-art self-supervised video learners.
VideoMAE [57] is a state-of-the-art video encoder. The model was pre-trained
on the Kinetics400 dataset [31] with more than 650 hours of video content of
400 human actions.

MARLIN [10] is a state-of-the-art facial video encoder. The model adversarially
pre-trained VideoMAE on the YouTubeFace dataset [60] to achieve state-of-the-
art performance on different facial video downstream tasks.
Eg4D-MARLIN /VideoMAE is the self-supervised adapted [34] version of
MARLIN/VideoMAE on the social interaction subset of the egocentric Ego4D
data. It is worth mentioning that we intentionally keep EgoVox to have a fairly
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Table 2: Ego4D Talk-to-me results. *: state-of-the-art performance on leaderboard. °:
challenge baseline.

Method HModality Acc-1 mAP
Majority Guess - 53.6 54.2
Whisper™ [48] A 57.8 674
QuaVF [39] \Y% 54.8 56.2
VideoMAE [57] \Y% 56.8 57.8
MARLIN [10] V572 589
Eg4D-VideoMAE \Y% 56.1 56.4
Eg4D-MARLIN \Y% 57.4 58.3
Ex2Eg-MAE \% 59.6 60.5
ResNet-18 Bi-LSTM® [23] A+V 543 539
EgoTask [61] A+V  55.9 575
QuaVF [39] A+V 571 65.8
VideoMAE w/ Whisper A+V  58.7 67.2
MARLIN w/ Whisper A+V 594 67.7
Ex2Eg-MAE w/ Whisper|| A+V 61.0 68.1

similar size compared to the Ego/D-social interaction subset (~ 100hrs) to show
that the benefit is mainly due tp the diversity within the data and not just the
volume of the data.

Relevant state-of-the-art methods. For each task, we also include the per-
formance of other recent supervised methods for reference. For the Ego4D chal-
lenges, we also include the best performance on the leaderboards. It is important
to note that some of the SOTA methods use external annotated datasets for per-
formance boost while our method do not use any. For example, SOTA in the
LAM task uses AFLW2000 [65] for head-pose estimation.

4.3 Implementation Details

We follow most pre-training setup of MARLIN [10], including initializing our
model with VideoMAE’s weights [57]. However, we train our model for 800
epochs with tube masking. Our empirical analysis suggests that Ex2Eg-MAE
achieves the best performance with a masking rate of 75%. We empirically
set Ay = 1.0,A2 = 0.1, A3 = 0.01. During fine-tuning and inference, the de-
coder and PSEMs are discarded. For experiments with the EasyCom dataset,
we use AdamW optimizer [41] with a learning rate of le=* for 10 epochs. For
experiments with the Ego4D dataset, we follow the experimental setups of the
challenges’ baselines [23]. We provide more implementation details in the sup-
plementary materials. Unless otherwise noted, we report results for the tiny
architecture for the self-supervised learning methods (around 300 parameters).
Following the Ego4D Challenges, we use the mean Average Precision (mAP: pri-
mary metric) and Accuracy (Acc-1: secondary metric) as the evaluation metrics.

5 Results and Discussion

Talk-to-me Results. In Tables 2 and 3, we compare the fine-tuning perfor-
mance of Ex2Eg-MAE with popular transfer learning (i.e., VideoMAE [57],
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Table 3: EasyCom Talk-to-me results.

Method Pre-train [[Acc-1 mAP
Majority Guess - 80.4 524
VideoMAE [57] K400 [31] || 83.9 78.3
MARLIN [10] YTF [60] 87.0 82.8

Eg4D-VideoMAE [57] Ego4D [23]|| 86.3 80.1
EgdD-MARLIN [10] Ego4D [23]|| 87.6 84.2
Ex2Eg-MAE EgoVox 88.1 85.4

MARLIN [10]) and other competitive supervised methods on the EgodD TTM
challenge and EasyCom dataset, respectively. From Tables 2 and 3, it is ob-
served that Ex2Eg-MAE outperforms MARLIN by 1.6%/2.6% and VideoMAE
by 2.7%/7.1% on the mAP metric, respectively. When combining with the Whis-
per model [48] for the audio modality via late fusion, we achieve state-of-the-art
result on the Ego4D TTM challenge with an improvement of 0.7%. Notably,
because the visual aspect of Ego4dD TTM is prone to swift egomotions, pre-
vious work has shown diminishing performance when combining it with audio
predictions [39]. Our model, however, demonstrates the capability of extracting
meaningful information even in these challenging settings, leading to improved
A-V performance (Ego4D: 67.4% — 68.1%).

Look-at-me Results. In Table 4, we report the performance of Ex2Eg-MAE for
the Look-at-me task on the Ego4D dataset. In terms of the mAP metric, the re-
sults indicate that Ex2Eg-MAE outperforms VideoMAE (68.2% — 69.4%) and
MARLIN (66.9% — 69.4). We further compare Ex2Eg-MAE with supervised
methods on the dataset, namely ResNet18 Bi-LSTM, which uses a ResNet18
[26] model first supervised training on the large-scale gaze prediction Gaze360
dataset [33] then fine-tuning on Ego4D LAM, and PKU-WICT-MIPL, which
is the state-of-the-art solution on the challenge’s leaderboard. The results sug-
gest that Ex2Eg-MAE performs competitively with other methods without any
supervised pre-training, achieving nearly SOTA performance (mAP: 78.3% vs.
79.0%) while outperforming on the Acc-1 metric (Accl: 93.5% vs. 92.0%). More
importantly, we demonstrate the scalability of Ex2Eg-MAE with different en-
coder architectures. We observe that the larger model size results in better per-
formance.

Active Speaker Detection Results. In Table 5, we compare Ex2Eg-MAE
with the baselines for the ASD task on the EasyCom dataset. We also in-
clude performance for TalkNet [56] and SPELL [42], two supervised methods
for ASD. The results show that Ex2Eg-MAE achieves substantial improvements
over MARLIN (91.7% — 92.9%) and VideoMAE (90.0% — 92.9%). This further
strengthens our claim that Ex2Eg-MAE is able to learn robust and transferable
egocentric social signals.

Ablation Study. We progressively add different modules to Ex2Eg-MAE on
the Ego4D-TTM and EasyCom-TTM task to investigate the contribution of in-
dividual modules (Table 6). We provide the ablation on the masking ratio in the
supplementary materials, which indicates an optimal masking ratio of around
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Table 4: Ego4D Look-at-me results. © : supervised pre-training. * : state-of-the-art
performance on the leaderboard.

Method Pre-train HACC—l mAP
Majority Guess - 92.0 50.8
VideoMAE [57] K400 [31] || 91.8 68.2
MARLIN [10] YTF [60] 90.8 66.9

Eg4D-VideoMAE Ego4D [23] 88.6 61.2
EgdD-MARLIN  EgodD [23] | 89.8 64.5
Resnet-18 Bi-LSTM® Gaze360 [33]|| 86.0 71.9

PKU-WICT-MIPL*® [33], [65] 92.0 79.0
Ex2Eg-MAE (tiny) EgoVox 92.0 69.4
Ex2Eg-MAE (base) EgoVox 92.7 73.9
Ex2Eg-MAE (large) EgoVox 93.5 78.3

Table 5: EasyCom Active Speaker Detection results. {: supervised methods with su-
pervised pre-trained encoders.

Method HModality Acc-1 mAP
Majority Guess - 68.5 51.8
Whisper [48] A 66.0 66.6
VideoMAE [57] A% 83.9 90.0
MARLIN [10] V863 917
Eg4D-VideoMAE [57] Vv 86.7 914
Eg4D-MARLIN [10] A% 87.2 92.1
Ex2Eg-MAE A\ 88.2 92.9
TalkNeti [56] A+V 826 86.9
SPELLT [42] A+V 845 89.5
Ex2Eg-MAE w/ Whisper|| A+V 88.7 93.2

75%. A high masking ratio is necessary for the model to learn meaningful fea-
tures and reduce the impact of artifacts introduced by the face synthesis process.
However, a too-high masking ratio makes the reconstruction task and distillation
process more difficult to learn, resulting in a degraded performance. It is worth
noting that the masking ratio of 75% is lower than most masking ratios for video
learners (e.g., VideoMAE with 95%, MARLIN with 90%). We attribute this to
the more challenging nature of the reconstruction task and distillation process.

Qualitative Analysis. To better understand the effectiveness of the learned
representations for egocentric inputs, we visualize the important regions that
Ex2Eg-MAE focused on via SmoothGrad [54]. We provide the qualitative re-
sults on two tasks, namely EasyCom ASD and Ego4D LAM, and compared
the saliency maps produced by Ex2Eg-MAE with the second best performing
method for the corresponding task (additional qualitative results are also avail-
able in the supplementary materials). To better illustrate the effectiveness of the
method in egocentric settings, we intentionally choose inputs with egomotions,
as shown in Figure 4. Ex2Eg-MAE tends to provide more accurate and focused
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Table 6: Contribution of different modules to Ex2Eg-MAE .

Ego4D-TTM|EasyCom-TTM
Modules Acc-1 mAP |[Acc-1 mAP
Ex2Eg-MAE
+Lrec 57.1 584 | 86.4 82.4
+Laist 58.8 59.5 | 86.8 84.0
+Lego 59.2 60.1 | 87.6 84.9
w/ Wiace 59.6 60.5 |88.1 85.4

Temporal

EasyCom ASD go4D LAM
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!! . e ..nﬂnﬂ
. e ’“H'H'
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MARLIN VideoMAE

EgoMAE EgoMAE

Fig.4: Saliency map generated by SmoothGrad [54] of Ex2Eg-MAE and MAR-
LIN/VideoMAE on EasyCom ASD and Ego4D LAM. We expect the saliency maps
to focus on the mouth regions (for ASD) and eyes/head-pose regions. (for LAM).

attention to relevant regions (mouth for ASD and eyes/headposes for LAM) com-
pared to MARLIN/VideoMAE, especially in the presence of egomotions (e.g.,
[ASD, sample 2, frame 6] and [LAM, sample 1, frame 2]). The examples further
demonstrate our method’s ability to reduce the impact of egomotions.

6 Conclusion

In this paper, we present our novel Exo2Ego framework, adeptly adapting ez-
ocentric video encoders for egocentric contexts by leveraging novel-view face
synthesis techniques for data augmentation, and enhance VideoMAE [57]’s rep-
resentations for egocentric inputs with the task of reconstructing single-view
videos from augmented ones with guidance from a teacher video encoder. Our
experimental results on egocentric social role understanding tasks demonstrate
the superior performance of our encoder compared to existing exocentric video
encoders and supervised benchmarks. Limitations. First, our method is re-
stricted to a facial encoder, primarily due to its dependency on the novel-view
synthesis module. In broader contexts, it is much more challenging to generate
realistic images, impacting the overall effectiveness of our approach. Second, our
study assumes reliable face bounding boxes, which are provided with the evalu-
ation datasets. However, extracting precise face bounding boxes from egocentric
videos can be challenging in real-world scenarios.
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