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Abstract

Nonverbal facial behaviors convey essential cues for hu-
man communication, yet most approaches either tackle iso-
lated tasks or focus on unifying static face analysis tasks,
overlooking temporal behaviors such as head gestures or
gaze shifts. In this paper, we introduce OmniHead, a uni-
fied spatiotemporal framework that models dynamic non-
verbal face/head behaviors end-to-end. Within a single
encoder—decoder multi-task transformer, OmniHead jointly
learns gesture, gaze, and affective signals. To overcome the
scarcity of labeled data, we propose to leverage unlabeled
facial video datasets and perform semi-supervised pretrain-
ing via distillation from specialized single-task teachers,
which yields an explicit representation of dynamic head
behavior. For addressing robust deployment in the wild,
we release new annotations on two datasets with head-
gesture, blink, and saccade/fixation, enabling as well, for
the first time, the study of these behaviors under uncon-
strained conditions. Experimentally, OmniHead (i) shows
the importance of our pretraining approach for the uni-
fied model by delivering competitive results compared to
task-agnostic pretraining strategies; (ii) achieves state-of-
the-art performance on multiple tasks compared to single-
task baselines; (iii) exhibits strong cross-dataset general-
ization. Annotations, code, and models is available at
https://github.com/idiap/OmniHead.

1. Introduction

Nonverbal behavior is a fundamental channel of human
communication, conveying important information beyond
speech, with the face as its richest source of social sig-
nals [23]. From this perspective, human interaction is a
dynamic and adaptive process in which individuals con-
tinuously adjust head gestures, gaze direction, and facial
expressions to convey meaning and pursue interpersonal
goals. Head gestures reflect attention, agreement, or af-
fective reactions [2, 60, 82]. Gaze direction and behav-
iors such as blinks, saccades, and fixations are indica-
tive of attentiveness, emotion intensity [38, 48], or men-
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Figure 1 Previous unified methods focused on static facial anal-
ysis. In this work, we propose OmniHead, a unified multi-task
spatio-temporal model for dynamic nonverbal facial behaviors in-
cluding head gesture, blink, saccade/fixation, 3D gaze, facial ex-
pression, valence/arousal, and facial action unit (FAU).

tal state [83], while facial expressions reveal intent and
emotions [24, 55]. Hence, automatic analysis of facial
behavior has received growing interest, enabling diverse
applications in human-computer interaction (robotics and
driver monitoring) [3, 4, 34, 67, 73], education and enter-
tainment [10, 54, 68], and mental health, where it offers
valuable insights into conditions such as depression [26],
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stress [76], and schizophrenia [83]. Recent work has there-
fore made significant progress in specialized tasks such
as head gesture recognition [60, 86], 3D gaze estima-
tion [19, 35, 41, 84, 85, 90], and facial expression recog-
nition [45, 48, 70, 89, 92].

Studying and computing these behaviors in isolation is
inefficient for two main reasons: 1) Real-world applications
typically require multiple cues simultaneously, leading to
increased computational cost for each additional cue; and
2) All tasks are centered on the face, and their behaviors
are tightly coupled, shaping facial appearance and dynam-
ics both individually and in combination. It is therefore ef-
ficient and natural to model them jointly. To address this,
unified approaches have been proposed for facial analysis.
HyperFace [66], SwinFace [63], Faceptor [64], and FaceX-
Former [56] are single models trained jointly on multiple
facial tasks. While effective, these models mainly focus on
frame-based perception tasks such as age, race, attributes,
face parsing, and landmarks, often overlooking key behav-
ioral cues such as gaze, FAUs, or valence—arousal. Open-
Face [8, 9] is one of the few frameworks targeting behav-
ioral analysis, including head pose, gaze, and FAU. How-
ever, they are all static methods processing each frame in-
dependently, neglecting the natural dynamics and temporal
correlations of facial behaviors that often reflect complex
cognitive and emotional states. In addition, such methods
cannot capture purely temporal behavior, such as head ges-
tures or gaze saccades. Therefore, we introduce a unified
model for dynamic nonverbal behavior recognition, encom-
passing head gestures, 3D gaze, blinks, saccades, FAUs, fa-
cial expressions, and valence—arousal, as shown in Fig. 1.

Designing and training a unified model for facial behav-
ior analysis is challenging due to the limited availability and
heterogeneity of existing datasets. As collecting large-scale
labeled data is labor-intensive, especially for temporally
dense annotations and multi-task labels, available datasets
are often relatively small and lack diversity. To mitigate
this issue, large-scale dataset pre-training shows a speed-
up in convergence and helps improve generalization in the
small data scenario [64, 95, 97]. For instance, FRL [11] and
FaRL [95] adopt task-agnostic pretraining approaches on
face images, and MARLIN [13] uses self-supervised learn-
ing for facial video representation. However, these pre-
trained approaches are task-agnostic and do not necessar-
ily capture useful representations for behavior recognition.
Therefore, inspired by self-training methods [43, 88], we
explore semi-supervised pretraining via specialized model
distillation to learn an explicit dynamic head representation
on large-scale unlabeled facial video datasets.

Robustness in challenging conditions is essential for
real-world deployment of unified models. Yet up to our
knowledge, head gestures, blinks, saccades/fixations have
not been studied under such conditions. To address this, we

annotated two in-the-wild datasets (Video Attention Target
(VAT) [20] and ChildPlay [80]) with head-gesture, blink,
and saccade/fixation labels, enabling for the first time, end-
to-end unified dynamic facial behavior recognition in un-
constrained real-world settings.

Contributions. To address all these challenges, we in-
troduce OmniHead, the first unified spatiotemporal model
for dynamic nonverbal facial behaviors recognition. Omni-
Head models a wide range of cues, including head gestures,
blinks, fixations/saccades, 3D gaze, facial expressions, va-
lence/arousal, and action units, as illustrated in Fig. 1.

Our contributions are as follows:

¢ Unified Model. To the best of our knowledge, Om-
niHead is the first unified spatiotemporal model for a
wide range of dynamic nonverbal facial behaviors.

* Representation learning. We leverage unlabeled fa-
cial video datasets with semi-supervised learning via
distillation of specialized single-task models to learn a
strong spatiotemporal behavioral head and face repre-
sentation. We will release the extracted pseudo-label.

* New Tasks and Annotations. Our work addresses for
the first time the detection of head gestures, blinks, and
saccades/fixations in the wild, and accordingly pro-
vides dense annotations on two datasets, Video Atten-
tion Target [20] and ChildPlay [80].

¢ Competitive Performance. @~ OmniHead exhibits
strong performance in challenging within- and cross-
dataset benchmarks, outperforming state-of-the-art
single-task models on several tasks.

2. Related Works

Facial Behavior Analysis. Gaze has been extensively stud-
ied, particularly for 3D gaze estimation based on normal-
ized frontal face crops [18, 25, 49, 74, 91, 94]. However,
such models fail under extreme head poses. To overcome
this limitation, recent works have relied on head crops as
input to study “physically unconstrained gaze estimation”
[17, 29, 35, 41, 85]. These studies show that, in in-the-
wild settings, temporal models can effectively capture head
and eye dynamics [17, 29, 30, 35, 58, 85]. Accordingly,
we address unconstrained gaze estimation using head crop
sequences as input and a spatiotemporal encoder.

Head gesture analysis has remained underexplored, pri-
marily due to the limited availability of annotated datasets.
Most of the existing methods rely on sequences of extracted
facial cues (e.g., head pose, landmarks, gaze) [60, 61, 86],
and typically address the task only for frontal faces. In con-
trast, we are the first to perform head gesture recognition in
an end-to-end manner and under in-the-wild conditions.

Affective behaviors have been widely explored through
facial expressions [45, 70, 89, 92], valence—arousal estima-
tion [37], and action units [52]. While these works are fo-
cused on static images, other studies investigate dynamic af-



Dynamic Head Representation Learning

OmniHead

In The Wild Finetuning

Gaze OmniHead
Datasets )

Affective
Datasets

OmniHead

Figure 2 Approach Overview. (Left) The goal is to learn a dynamic head representation through explicit facial behavior supervision.
We propose a semi-supervised learning framework via specialized models distillation. Specifically, leveraging large-scale unlabeled facial
video datasets such as CelebV-HQ [96], we extract pseudo-labeled sequences using expert single-task models on frames. OmniHead
is then trained to predict these pseudo-label sequences via a multi-task loss. (Top-right) The pretrained model is further aligned to in-
the-wild scenarios using challenging labeled datasets, enhancing robustness in real-world conditions. OmniHead achieves state-of-the-
art performance across diverse facial behavior tasks and demonstrates strong generalization. (Bottom-right) Architectural overview of
OmniHead, which employs an encoder-decoder transformer with learnable task-tokens.

fective behavior. Notably, Kollias et al. [40] introduced the
Aff-Wild2 dataset with three affective behaviors densely an-
notated, and later proposed a multi-task challenge [39] for
their joint prediction. [47, 57] show that explicit task shar-
ing via a cascade decoder improved performance, and [72]
shows that late temporal smoothing is also effective. Simi-
larly, we used a task-token transformer decoder to explicitly
share information across tasks, but we employ a spatiotem-
poral encoder to model facial dynamics early.

Finally, while some works have addressed head [16] and
gaze gesture [75] detection from remote sensors in specific
human interactions, we are not aware of works that have ad-
dressed the recognition of head gestures, fixations, saccades
or blinks in in-the-wild settings.

Multi-task Approaches. Multi-task learning has been ex-
tensively studied, enabling unified architectures that are
both efficient and capable. Recent approaches in the face
domain (Faceptor [64], FaceXFormer [56]) introduced uni-
fied encoder—decoder transformers relying on task-token
transformer decoders inspired by DETR [14]. All existing
facial unified methods [63, 66] primarily address static ap-
pearance tasks (e.g., parsing, attribute), rather than behav-
ioral tasks besides facial expression recognition. OpenFace
framework [8, 9] is one of the few multi-task models that
includes gaze and action units. Yet, none of them investi-
gates temporal behaviors such as head gestures, blinks, or
saccades/fixation, focusing on static image analysis. Our
approach is the first to encompass a broad range of behav-
ioral tasks, including those that are purely temporal, and
investigate a spatiotemporal unified model.

Universal Facial Representation Learning. Follow-
ing a general trend, other approaches like FRL [11] and

FaRL [95] have explored task-agnostic unsupervised rep-
resentation learning such as SwAV [15], image—text con-
trastive loss [65], or masked image reconstruction [31] to
learn a unified static face representation, which is further
fine-tuned per task on small annotated datasets. Spatiotem-
poral face models have also been attempted. MARLIN [13]
and follow-up works [77, 78] have used various temporal
masking autoencoder (e.g. by densely masking salient fa-
cial parts like eyes or mouth), similar to VideoMAE [81].
However, temporal facial reconstruction alone struggles to
capture subtle inter-dependent nonverbal dynamic behav-
iors. Furthermore, all the above models (static, dynamic)
do not learn multi-task models, only fine-tuning the unsu-
pervised representation on single tasks. To learn generalist
face models, a more robust pretraining is crucial as docu-
mented in [64]. Therefore, in this work, we propose a semi-
supervised pretraining approach to explicitly and jointly
learn complex inter-related nonverbal dynamical behaviors.

3. Task definitions and Annotations

This work is the first to address dynamic facial nonverbal
behaviors using an end-to-end unified model. We present
these behaviors, grouped into three categories as in Fig. 1,
along with auxiliary geometric tasks.

3.1. Tasks

Gesture Behavior. Head gestures are important in com-
munication. Following the definition from CCDb-HG [86],
we categorize them into six coarse gestures: Nod, Shake,
Tilt, Turn, Up/Down, and None. Note that while Nod,
Shake, and Tilt are mainly communicative gestures, Turn
and Up/Down are gestures more related to attention shifts.



Head Track Head Gesture ‘ Blink ‘ Saccade
Train Test Train  Test ‘Train Test ‘ Train ~ Test
Datasets # ~ # =~ # =~ # z‘ # =~ # z‘ # ~ # =~

VAT [20] 949 92 298 82 |2583 12 512 10|833 4 202 52378 7 692 6
ChildPlay [80] 734 179.5 118 133 - 561 12|1644 5 93 43587 7 459 7

Table 1 New Annotations in-the-wild. Statistics of the temporal
annotation for head gesture, blink, and saccade. # is the number of
events and = is the median events duration in frame.

Each frame is annotated with one gesture.

Gaze Behavior. Gaze behaviors include direction, blink,
fixation, saccade, and smooth pursuit. We exclude smooth
pursuit as it is relatively rare and difficult to annotate. Fol-
lowing [85], gaze direction is represented as a 3D unit vec-
tor. We defined blink as a binary detection task. As illus-
trated in Fig. 1, the first frame contains a blink, whereas
in the second frame the person looks downward. Although
the frames appear visually similar, their temporal dynam-
ics disambiguate the underlying behaviors. Eye movements
can be categorized into fixations and saccades. A saccade
(or gaze shift) is a rapid eye movement separating one fix-
ation from another [44] (e.g., between frames 3 and 4 in
Fig. 1). We formulated this as a two-class problem: fixa-
tion vs. shift. Note that saccade dynamics and blink rate
correlate with cognitive attentional demand [7].

Affective Behavior. Facial expressions are powerful indi-
cators of emotion and have been widely studied through
three main tasks. Facial expressions, represented as eight
discrete emotions: Neutral, Anger, Disgust, Fear, Happi-
ness, Sadness, Surprise, and Other(or Comptempt in some
works [70]). Valence/arousal, which are 2D score in the
range [-1,1] allowing to provide a continous representation
of emotions, with valence measuring the positivity of the
emotion, and arousal its intensity [69]. Finally, facial ac-
tion units represent individual facial muscle activations de-
fined by the Facial Action Coding System (FACS) [22] and
form the building blocks of complex expressions. Follow-
ing [52], we restrict them to twelve multilabel classes.
Head Geometry. All human heads have similar geome-
try with slight variations. Geometry gives important knowl-
edge about the head orientation, eyes, and mouth location.
Therefore, we include it as an auxiliary task during the pre-
training stage. Following the Flame 3D model [46], we en-
code the head geometry using six parametrized sets of vec-
tor: shape € R3%, expression € R, pose € RS, jaw
€ R3, translation € R?, and scale € R.

3.2. Annotations

To address the lack of annotations in-the-wild for gesture,
blink, and saccade/fixation recognition, we annotated two
in-the-wild datasets, Video Attention Target (VAT) [20] and
ChildPlay [80], with frame-level labels for these behaviors.
Each head track is annotated and verified by trained anno-
tators. Frames where the behavior is not clearly visible are

annotated with —1 and excluded from gaze-related training
and evaluation. Annotation statistics are provided in Tab. 1.
These annotations enable, for the first time, the study of
dynamic facial behavior under realistic conditions. More
details about the annotation process are presented in Sec. C

4. Approach

In this section, we present the components of our proposed
framework, whose overview is illustrated in Fig. 2. We first
present the OmniHead architecture, an encoder—decoder
multi-task framework designed to predict temporally dense
facial behaviors. Next, we describe our semi-supervised
pretraining strategy, which exploits pseudo-labels from spe-
cialized single-task models to learn dynamic behavioral rep-
resentations from large-scale unlabeled videos. Finally, we
detail the in-the-wild alignment stage, where OmniHead is
fine-tuned on annotated, challenging datasets to ensure ro-
bust generalization across diverse real-world conditions.

4.1. OmniHead Architecture

OmniHead is an encoder-decoder multi-task model that
predicts temporally dense facial tasks. Formally, given a
head crop video clip X € REXHXWX3 OmniHead output
predictions T94" for each frame 7 € [I,..., L] and task
j € [1,.., N]in an end-to-end manner, defined as:

OmniHead(X) = {T¢%' iL:’I1V,j:1 M

4.1.1. Spatio-Temporal Encoder

Motivation. Our framework is encoder-agnostic, yet a uni-
fied model must satisfy three key requirements: 1) captur-
ing subtle temporal variations in the input, such as head
motion and gaze shifts; 2) extracting fine-grained local sig-
nals, like the eye region for gaze-related tasks; and 3) cap-
turing global information such as head orientation. Vision
Transformers (ViTs) have shown strong performance in fa-
cial analysis, as demonstrated by Faceptor [64], particularly
after large-scale pretraining [13, 95]. However, as noted by
Cheng et al. [19], ViTs are less effective for gaze estimation,
as they may overlook critical local eye details. In contrast,
hierarchical transformers such as Swin [50, 51] better cap-
ture fine-grained local information (e.g., with 4 x 4 patch
sizes), enabling state-of-the-art results in face analysis like
GaT for gaze estimation [85] or FaceXformer for multiple
facial tasks [56].

Tokenization. The input clip X is divided into a set of

4D sub-tensors (patches) {x,})L,, where x, € R*"x®x3,
Following [27, 28, 53, 81], we set t = 2, which preserves
optical flow and captures subtle short-term motion cues like
slight head movements (e.g., nods) or eye motions (e.g.,
saccades). A linear layer followed by LayerNorm is then
applied to project each patch into a token representation.

Spatio-temporal Encoder. The patch tokens are then pro-



cessed by a Video Swin hierarchical spatiotemporal en-
coder [51]. Due to its hierarchical structure, the number
of spatial tokens decreases as the network deepens, and the
temporal dimension is halved because the patch split uses
t = 2. To preserve the original temporal resolution (length
L), we apply an interpolation function to the frame-level
feature maps output by the Swin transformer along the tem-
poral axis, resulting in L feature maps F; € R">*wxd,

4.1.2. Multi-Task Decoder

Following a DETR-style decoding scheme, we employ a
transformer decoder with a set of learnable task tokens
Tinp — {Tmp ;V 1» where each T;np € R? represents a
specific task Each task token learns task-specific repre-
sentations by alternately interacting via self-attention with
other task tokens TP, and cross-attention with frame to-
kens F;, thereby enriching the shared representation space.
The decoder operates independently on each frame feature
map %, encouraging the encoder to model and learn the re-
quired temporal dynamics. Accordingly, the input task to-
kens are duplicated for each frame as T";p = T}". The
Multi-Task Decoder consists of K layers, each layer [ com-
prising a Task Self-Attention and a Task-to-Frame Cross-
Attention module, as illustrated in Fig. 2. Hence, formally,
for each frame ¢, the decoder computes:

{T }] 1| = MultiTaskDecoder(T*"? F;) 2)

Task Self-Attention. Facial tasks are often correlated. For
example, blinks often occur during saccades. To capture
such dependencies, we apply a self-attention mechanism to
enable interaction among task tokens T'. The self-attention

is not applied in the first block. The updated task tokens ’i‘l

are computed as: T = SelfAttention(T')

Task-To-Frame Cross-Attention. Each facial task de-
pends on features at specific spatial locations and reso-
lutions, e.g., 3D gaze estimation requires detailed eye-
region features, while head gesture recognition requires
global head orientation variations. To account for these dif-
ferences, we apply a cross-attention mechanism enabling
each task token to selectively attend to and aggregate rel-
evant information from the frame representation accord-
ing to T!*! = CrossAttention(Q, K, V), with Q = i
K = F; + Ey, V = F;. where E, is a fixed spatial
positional embedding.

Predictions. After the multitask decoder, each task token
TX. is used to predict its task vector output using a task-

iJ
specific multi-layer perceptron MLP; with 2 hidden layers.

T4 = MLP;(T})) 3)
4.2. Dynamic Head Representation

In contrast to FaRL [95] and MARLIN [13], which are task-
agnostic self-supervised approaches, our goal is to explic-
itly learn dynamic behavioral representations. To this end,

we adopt a semi-supervised pretraining strategy that lever-
ages pretrained single-task frame models through pseudo-
label supervision. By utilizing large-scale, high-quality un-
labeled video datasets, we aim to enhance the model’s dy-
namic head representation by supervising it with weak but
behaviorally informative facial signals.

4.2.1. Pipeline

As illustrated in Fig. 2, we sample a short head crop video
clip X from a large-scale unlabeled facial video dataset.
Pseudo-labeling. For each frame X;, we apply a pretrained
single-task model ¥; corresponding to task j to generate a
pseudo-label P; ; = ¥;(X;).

Multi-Task Learning Loss. We supervise each task and
frame prediction Tff}t with the corresponding pseudo-label
P; ; through a task-specific loss £;. The OmniHead repre-
sentation is optimized by minimizing the combined objec-
tive:

Ly = Z Z w; £; (T34, P; ;) )

j=11i=1

Where w; denotes the loss weight for task j. Determining
optimal weights is nontrivial and has been extensively stud-
ied. We experimented using adaptive weight based on the
homoscedastic uncertainty of each task [36], but found it
to perform slightly worse than empirically selected weight.
More details in appendix G.2.

4.2.2. Pseudo-labels and losses

Details on each pseudo-label and loss are in Appendix E.
Gesture Behaviors. Pseudo-label: ~ The method
1DCNN [86] relies on Mediapipe[12], but Mediapipe fails
to detect faces in challenging head poses. Therefore, we
retrained IDCNN [86] on facial landmarks and head poses
extracted using VGGHead [42], improving robustness un-
der non-frontal views. This retrained model is denoted as
1DCNN-Flame. Task token: A single task token is assigned
to represent head gestures. Loss: Supervision uses a stan-
dard cross-entropy loss Lges:.

Gaze Behaviors. Pseudo-labels. Robust 3D gaze direc-
tions are obtained using ST-WSGE GaT [85]. Since no re-
liable in-the-wild models exist for blink and saccade detec-
tion, these labels are derived using a threshold-based algo-
rithm applied to temporal 3D gaze trajectories. Task tokens.
One token per gaze task is used. Losses. Angular loss Ly
for 3D gaze regression; standard cross-entropy losses Ly
and L, for blink and saccade prediction, respectively.
Affective Behaviors. Pseudo-labels: They are derived
from specialized pretrained models. Facial expression: [70]
trained on AffectNet [57]. Valence/arousal: ELIM [37]
trained on AffectNet and Aff-Wild [40]. Action units:
GraphAU [52] trained on BP4D [93]. Task tokens: One
task token per task is used. Losses: Following [39], cross-
entropy loss Lezp,r is used for facial expression, binary



cross-entropy L4, for action units, and concordance cor-
relation coefficient loss £, for valence/arousal.

Head Geometry. Pseudo-labels: Frame-level 3D head
geometry is obtained using VGGHead [42], which esti-
mates FLAME parameters. Task tokens: One task token
per FLAME parameter. A Flame layer [46] is used after
the MLP to transform the FLAME parameters to 3D head
vertices, landmarks, and head pose matrix. Losses: Fol-
lowing [42], the supervision includes a 2D reprojection loss
Lana for landmarks, mean absolute error L, for 3D ver-
tices, and geodesic loss L,,,s. for head pose.

4.3. In-the-Wild Alignment

Our pretraining strategy relies on pseudo-labels generated
by pretrained single-task models. Consequently, OmniHead
must be aligned with ground-truth annotations from in-the-
wild datasets to achieve robustness under challenging real-
world conditions. We evaluate two fine-tuning setups to as-
sess both task-specific and unified performance. In both
cases, we further perform a comprehensive cross-dataset
evaluation to quantify the model’s generalization capability.
Single-Task Learning (OmniHeadgyy,). Here, OmniHead
is fine-tuned independently for each task j using its cor-
responding ground-truth dataset. This allows us to evalu-
ate the pretraining strategy effectiveness on individual tasks
and to establish a baseline for comparison with the unified
model. During training, only the task-specific loss £; is
applied.

Multi-Task Learning (OmniHeadyty,). Here, OmniHead
is fine-tuned jointly across all tasks. Because the datasets
vary in size and task annotations, a balanced training strat-
egy is required. Following prior unified models [27, 32],
we sample a fixed number of instances from each dataset
per epoch, undersampling larger datasets and oversampling
smaller ones. During training, each batch is randomly
drawn from a single dataset, and only the loss terms corre-
sponding to the tasks annotated in that dataset are exploited.

5. Experiments

In this work, we use one large-scale video dataset for pre-
training and 7 datasets to further train and evaluate Omni-
Head. We experiment on both STL and MTL settings and
compare with STL state-of-the-art (SOTA) methods.
Assessing the generalization capability of OmniHead is
crucial for real applications. Therefore, we evaluate our
model in two settings:
* within-dataset: training and evaluation are performed
on the same dataset(s);
* cross-dataset: models are evaluated on unseen datasets
to assess generalization.

5.1. Datasets and Metrics
More information on each dataset, including samples im-
ages, is in appendix B.

Pretraining dataset. We use CelebV-HQ [96], a large fa-
cial video dataset with 35k clips, wide diversity with 15k
identities, and a high resolution 512x512 crucial to extract
qualitative pseudo-label. Head poses are near frontal +80°.
Within-dataset O. In this evaluation setting (O symbol),
we use: Head Gesture: CCDb-HG [6, 86]; Blink Fixa-
tion/Saccade: Video Attention Target (VAT) [20]; 3D Gaze:
Gaze360 [35]; Expression, Valence/Arousal, Action Unit: s-
Aff-Wild2 [39, 40].

Cross-datasets <. In this setting, models are trained on the
within-datasets and tested on: Head Gesture: KTH [59],
VAT [20] ChildPlay [80]; Blink, Fixation/Saccade: Child-
Play; 3D Gaze: GFIE [33].

Datasets collected in-the-wild better reflect real-world ap-
plication conditions. Here, in-the-wild refers to natu-
ral video footage involving unconstrained head poses, fa-
cial appearance variability, and difficult imaging conditions
(e.g., illumination, resolution). CCDb and KTH contain
mostly near-frontal faces at fixed sizes and with a fixed
viewpoint, whereas VAT, ChildPlay, Gaze360, and GFIE
feature unconstrained head poses. s-Aff-Wild2 is also con-
sidered an in-the-wild dataset due to its challenging video
quality and variations in head pose.

Evaluation metrics. OmniHead predictions are computed
on every frame using a sliding window of size L, keeping
the central frame output as the prediction. Fj is selected
as the main metric for all classification tasks, following es-
tablished datasets evaluation protocols for fair comparison.
This is a valid choice given the large class imbalance on
most tasks. Note that the F} metric is computed at both
frame I and event ¥ levels (after detection-groundtruth
event association, see [86] repository). Furthermore, both
micro (e.g. FlF ™) and macro (F’ IF ma average over class re-
sults) are computed for multi-class tasks, as an increase in
macro better reflects the improvement of minority classes
compared to micro. The mean Concordance Correlation
Coefficient CC'C [39] is used for valence and arousal evalu-
ation. Angular error in degrees is used for 3D gaze estima-
tion [84]. In the result discussion, all reported percentage
comparisons are relative values. When grouped by tasks,
we report the average.

5.2. Implementation Details

Compared to gaze [1, 19, 84] and affective [47, 72, 87] stud-
ies that rely on face crops, we use head crops to improve
robustness under extreme head poses, at the cost of reduced
resolution in frontal views [85], which is known to impact
performance. To obtain unified inputs across datasets, we
first apply the same robust head detector' to each dataset.

Each sample consists of a clip of L = 16 frames, with the
temporal stride adjusted per dataset so that each clip spans
approximately one second. Heads are cropped based on the

Uhttps://github.com/zhangda1018/yolov5-crowdhuman
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IDCNN-Flame* 0.72 0.52 0.72 0.55 MCGaze [29] 12.96| VGGFace [39] - - - 032
GaT [85] 12.60 |CNN-Transformer [87] - - - 098
MSA+Seq [17] 12.50 | Dino-Graph [47] 035 047 043 1.25
OmniHeadst;,  0.74 0.63 0.74 0.67 0.54 0.67 0.66 0.70 11.78 034 046 045 1.25
OmniHeadyp 0.73 0.60 0.72 0.65 0.53 0.62 0.65 0.67 12.50 030 044 044 1.18

Table 2 Within-datasets comparison with State-of-the-art. Within-dataset comparison against state-of-the-art (SOTA) STL methods,
with OmniHead evaluated in both STL and MTL settings. Methods' marked with { use additional ground-truth labels for pretraining and
are thus less comparable. Methods marked with * are trained by ourselves. Best and second best results are highlighted.

Gesture Behavior Gaze Behavior
= 2
: ke =
5 5.
Z2 >} = =3
=3 2 <
P s sH] 1]
[ [ et e gt e e [ FF FE| FF FF Full
Paggio [61,86] 035 0.16 032 0.15 Base. 0.13 0.07|Base. 0.50 0.62|GaT [85] 20.89
Otsuka [60, 86] 0.47 031 047 035
IDCNN[86] 060 043 0.65 048 - -
IDCNN-Flame 0.63 045 0.64 049 | 053 035|032 024
OmniHeadsr. 050 039 0.54 044 | 0.61 043|040 0.32 0.41 044 0.51 0.61 2065
OmniHeadyr 052 046 052 0.50 | 0.60 034 | 040 031 0.41 048 0.51 0.59 2144

Table 3 Cross-datasets comparison with State-of-the-art. Com-
parison with SOTA methods in both STL and MTL training set-
tings. Cross-datasets are not used during training except for VAT
where OmniHeadwrr has been trained on it for blink and saccade.

Gesture Affective
Ik I g
=N =3 28 &
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STL
MARLIN[13]  0.69 052 0.60 041 056 032|037 0.19 0.63 0.55 12.63 24.23| 0.13 0.16 033
VideoMAE [81] 0.69 0.61 054 047 0.63 0.43 [0.59 0.38 0.69 0.64 12.39 22.99| 0.18 029 0.40
OmniHeadsy, 074 0.67 0.54 044 061 043 |0.67 0.44 0.70 0.61 1178 20.65| 0.34 0.46 0.45
MTL
MARLIN[13]  0.69 061 039 024 045 0.15 |0.550.30 0.63 0.54 1337 26.53| 0.21 0.27 0.38
VideoMAE [81] 073 0.64 032 0.17 054 0.20 |0.57 0.30 0.63 0.55 13.12 25.07| 0.19 0.24 0.37

OmniHeadyr. 072 0.65 0.52  0.50

0.60 0.34

0.62 0.48 0.67 0.59 12.50 21.44

0.30 0.44 0.44

Table 4 Pretraining. Comparison of our semi-supervised pre-
training strategy against SOTA self-supervised video models. O
within and & cross datasets evaluation.

central frame bounding box and resized to 224 x 224, a
crucial step to preserve subtle motion cues in the input.

All models used for training have comparable size (=28M
parameters): VideoSwin-T (OmniHead), ViT-S (MARLIN,
VideoMAE). Training details are provided in Appendix F.3.

5.3. Comparison with the State-of-the-art (SOTA)

Comparisons with SOTA are reported in Tab. 2 (within-
dataset), Tab. 3 (cross-dataset), and Tab. 4 (pretraining).
Note that the blink, saccade, and 1DCNN-Flame baselines
are identical to those used for pseudo-label extraction in
the pretraining pipeline (Sec. 4.2.2 and Appendix D). Over-
all, compared to SOTA, OmniHead achieves competitive
performance and yields notable gains for underrepresented

classes such as tilt and blink. It further demonstrates strong
generalization to in-the-wild datasets, particularly for head
gesture and blink recognition.

Within-datasets. Tab. 2 shows that single-task
OmniHeadgt;, models match or improve over SOTA.
More specifically, we have: (i) a gain in Gesture, especially
on minority classes, with an 18% boost in macro event
FlE’”“; (i) 46% improvement on blink compared to the
baseline, which is mainly suited for near-frontal faces and
struggles with VAT’s head poses; (iii) 6% improvement
in 3D gaze estimation; and (iv) marginal improvement on
saccade. In Affective, OmniHeadgt; perform on par with
SOTA.

Despite the challenges of having a single unified model
for facial behavior prediction, OmniHeady only ex-
hibits a marginal drop of performance compared to
all OmniHeadst;, models. With respect to SOTA,
OmniHeadyrr, remains the best on head gesture and blink
and is on par on saccade and 3D gaze. It is only worse
w.r.t. SOTA on Affective, with a 6% decrease.
Cross-dataset. VAT, ChildPlay, and GFIE are challenging
in-the-wild datasets (see Appendix B), making them well
suited for generalization evaluation. For instance, on VAT
and ChildPlay, we cannot report results for the IDCNN
models of [86], as MediaPipe [12] often fails under extreme
head poses. In Gesture, OmniHead performs slightly below
SOTA on KTH in STL, although it remains competitive
with MTL for both macro FlF’”“ and FlE’"“. This is
expected, as KTH’s meeting scenarios are most similar to
the CCDb training data. However, OmniHead generalizes
substantially better to in-the-wild conditions, achieving
improvements of 19% and 13% on VAT and ChildPlay in
STL and MTL, respectively. On Gaze, they clearly improve
performance on blink, while remaining on par with SOTA
for saccade and 3D gaze. Finally, OmniHeadyyy, is within
3% of OmniHeadgt;, indicating that the unified model
preserves robustness across datasets.
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STL
0.71 057 049 035 046 020 [0.58 0.34 0.56 0.50 11.69 20.27| 0.23 0.39 0.43

v 1073 065 061 052 0.61 0.44 0.620.46 0.68 0.61 12.03 21.37| 0.34 045 045
v 0.70 059 0.53 039 0.55 020 |0.60 0.35 0.57 0.46 11.52 18.96| 0.31 0.36 0.45
v v 074 067 054 044 0.61 0.43 |0.67 0.44 0.70 0.61 11.78 20.65| 0.34 0.46 0.45

072 0.63 030 020 048 0.19 [0.61 0.34 0.63 0.50 12.18 26.02| 0.27 0.23 0.40

v 1073 063 0.60 036 058 028 |0.650.46 0.68 0.60 12.08 21.85| 0.28 0.37 0.46
v 071 0.62 034 022 051 0.18 |0.60 0.35 0.61 0.49 12.19 22.17| 0.21 023 0.40
v v [072 065 052 050 0.60 0.34 |0.62 0.48 0.67 0.59 12.50 21.44| 0.30 0.44 0.44

Table 5 Ablations. Impact of the task token decoder and pre-
training in both STL and MTL settings. OmniHeadst. and
OmniHeadwmrr, correspond to the last rows. O within and < cross
dataset evaluation.
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Figure 3 Ablation visualizations of Tab. 5 pretraining impact
(rows 3, 4, 7, 8). Reported percentages indicate average relative
improvements across all tasks (including 3D gaze).

Pretraining. In Tab. 4, our explicit semi-supervised
representation learning approach substantially outperforms
task-agnostic pretraining methods. We finetune MAR-
LIN [13], VideoMAE [81], and OmniHead in both STL and
MTL settings. The results are clear: OmniHead achieves
an overall improvement of 23% over MARLIN and 9%
over VideoMAE in STL, and 23% and 19%, respectively,
in MTL. Interestingly, although MARLIN is pretrained
on facial videos, the larger scale and diversity of the
datasets used in VideoMAE appear to yield more effective
representations for dynamic facial behavior recognition.

5.4. Ablation Study

Additional ablations are discussed in the appendix, such
as temporal encoding (Sec. G.1), multi-task weight loss
(Sec. G.2) and tasks relationships (Sec. G.3). Qualitative
examples are presented in the supplement video.

What is the impact of our semi-supervised pretraining?
As shown in Tab. 5 and Fig. 3, in STL, pretrained mod-
els achieve an average improvement of 12% across all tasks
and datasets (3" vs 4" row), leading to more robust rep-
resentations less prone to overfitting: they better general-
ize (16% gain in cross-dataset vs 9% in within-dataset), and
also benefit the recognition of underrepresented classes, e.g.
in head gesture, the macro FlEm“ improves by 26%, com-
pared to 6% for FIE””', with similar trends observed for
blink and saccade detection. Only the gaze angular error

shows a slight degradation, likely because pretraining may
bias the model to +90° frontal faces compared to +180° in
Gaze360 and GFIE.

In MTL, jointly training diverse nonverbal behaviors across
multiple in-the-wild datasets is substantially more challeng-
ing than single-task learning, particularly without pretrain-
ing. As shown in Fig. 3, this results in an average relative
performance drop of 18% compared to STL models. Pre-
training mitigates this gap, reducing it to only 3%, and thus
proves essential for learning a robust unified representation
that aligns all tasks. During pretraining, each sample is su-
pervised across all tasks, whereas in the available datasets,
each sample is typically annotated for only a single task.
Moreover, in MTL, pretraining the unified model yields an
overall improvement of 20%, as shown in Fig. 3, with gains
of 14% in the within-dataset and 29% in the cross-dataset
settings. These results further demonstrate the model’s abil-
ity to enhance generalization across challenging datasets.
Does the task token decoder improve performance? As
a baseline, we remove the transformer decoder and use one
MLP per task, taking each frame feature map average pool-
ing as input. In Tab. 5, in STL without pretraining, the task
token decoder yields a slight improvement of 4% overall
(1*" vs 3t row). This improvement is reduced when the
model is pretrained. In MTL with pretraining, the task to-
ken decoder shows a slight improvement of 3%, suggesting
that a task token decoder brings benefit in multi-task setting
such as task token specialization and inter-task sharing.

5.5. Limitations and Future Work

Besides head gestures, most behaviors are observable only
when the face is visible. Although saccades and gaze direc-
tion can sometimes be inferred from head pose and motion,
modeling face visibility may be necessary to suppress face-
related predictions during face occlusion.

Some behaviors, such as affective and 3D gaze, can be in-
ferred from an image. Restricting the training of spatiotem-
poral models to video only reduces dataset availability and
diversity. Recent works address this by training spatiotem-
poral models with both video and image jointly [5, 27, 28].

6. Conclusion

This work introduced OmniHead, the first unified spa-
tiotemporal framework for dynamic nonverbal facial be-
havior analysis. OmniHead jointly detects head gestures,
blinks, saccades/fixations, 3D gaze, facial expressions, va-
lence/arousal, and action units. It further addresses, for the
first time, the detection of head gestures, blinks, and sac-
cades/fixations in the wild, providing dense annotations on
two challenging datasets. In addition, the proposed semi-
supervised pretraining strategy substantially enhances gen-
eralization, particularly on underrepresented classes, nar-
rowing the gap with single-task learning and surpassing
state-of-the-art single-task models across multiple tasks.
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Supplementary Material

A. What the Supplementary Material Provides

OmniHead produces predictions for seven tasks, making it
difficult to visualize in a figure. We therefore include a
video of qualitative results in the supplementary material
that shows results on a wide variety of samples. The sup-
plementary document also provides additional details on the
Datasets B, Annotations C, Baselines D, Pseudo-labels E,
Losses/training F and Experiments G.

B. Dataset Details

CelebV-HQ [96]. CelebV-HQ is a large-scale facial video
dataset containing 68 hours of in-the-wild footage. It in-
cludes 35,666 clips from 15,653 identities, offering high di-
versity in both facial appearance and dynamics. Each clip
consists of a fixed head crop at a high spatial resolution
of 512 x 512 pixels. Although the dataset captures var-
ious head poses, most are near-frontal (typically within a
+80° range). Compared to VoxCeleb2 [21], CelebV-HQ
is smaller in overall duration but provides a greater num-
ber of identities, wider head pose distribution, and higher
resolution, making it a strong candidate for dynamic head
representation learning.

-—

CCDb-HG [86]. CCDb-HG extends the original Cardiff
Conversation Database (CCDb) [6] with dense and com-
prehensive gesture annotations. CCDb consists of 49
non-scripted dyadic conversations recorded from a frontal
viewpoint, focusing on upper-body motion to study facial
backchannel behaviors and gestures. CCDb-HG includes
4,731 annotated head gestures: 2,469 nods, 848 shakes,
523 tilts, 643 turns, and 238 up/down gestures. Training
and testing are performed using a subject-independent split,
where four subjects (25 videos) are held out for testing out
of the total 115 videos.

SLTERT

KTH-Idiap [59]. The KTH-Idiap dataset is relatively small

and used only for evaluation. It features groups of four in-
dividuals engaged in discussions around a table, leading to
greater head motion and fewer frontal views compared to
CCDb-HG. In total, KTH-Idiap contains nine videos (one
per participant).

Gaze360 [35]. Gaze360 is a large-scale video dataset for
3D gaze estimation, recorded in both indoor and outdoor
environments under unconstrained conditions. It contains
3D gaze annotations for 238 subjects with wide variations
in head pose and gaze direction. The dataset is recorded
at 8 FPS. In all experiments, we follow the official training
and testing splits from [35], using 126,928 training samples
and 25,969 test samples (referred to as “All 360°” in [35]).

o) § |
GFIE [33]. GFIE is an indoor 3D gaze dataset containing
71,799 frames from 61 subjects (27 male, 34 female). It
captures natural gaze behavior across a wide range of head
poses. Using a calibrated laser setup, 3D gaze vectors from
the eye to the target are precisely measured. Recordings
were collected at 30 FPS while participants performed var-
ious indoor activities. We follow the data splits from [33],
comprising 59,217 training, 6,281 validation, and 6,281 test
samples.

constructed from high-resolution clips extracted from pop-
ular TV shows. It was originally designed for the gaze-
following task and exhibits a broader head orientation dis-
tribution compared to typical facial analysis datasets. VAT
contains 606 clips from 50 different shows, totaling 71,666
frames with 949 head tracks in the training set, 86 in val-
idation, and 298 in testing. Although diverse, the scenes
remain limited in scope due to their TV-based origin.

-'-‘,(.
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ChildPlay [80]. ChildPlay is a recent video dataset built
from YouTube videos and annotated for the gaze-following
task, focusing on children’s gaze behavior. Compared

to VAT, ChildPlay features more challenging viewpoints,
lower head resolution, and greater visual variability. It also
provides valuable data on children, who are underrepre-
sented in most existing datasets. From 95 source videos,
401 clips were extracted, totaling 120,549 frames, with 734
head tracks for training, 63 for validation, and 118 for test-
ing.

{ B
s-Aff-Wild2 [39]. s-Aff-Wild2 is a static subset of th
original Aff-Wild2 [40] dataset, designed for the multi-task
Affective Behavior Analysis in-the-Wild (ABAW) Chal-
lenge [39]. It provides 142,382 training images and 26,876
validation images; the test set is not publicly released.
To prevent hyperparameter selection on the official vali-
dation set, we created an internal validation subset from
the training data. Valence and arousal values range within
[—1, 1]. The dataset includes 8 expression categories (Neu-
tral, Anger, Disgust, Fear, Happiness, Sadness, Surprise,
and Other) and 12 action units (AU1, AU2, AU4, AU6,
AU7, AU10, AU12, AU1S5, AU23, AU24, AU25, AU26).
In this work, we use head crops rather than face crops to in-
crease robustness to extreme head poses. Since Aff-Wild2
provides only cropped face images without corresponding
bounding boxes in the raw videos, we first apply a head
detector on the original videos. For clips with multiple de-
tected heads, we extract face recognition embeddings for all
detected heads as well as the provided face crop, and we se-
lect the head that has the maximum cosine similarity with
the face crop.

C. Annotation Details

Annotations were performed by paid bachelor’s students
trained on progressively harder samples until consistent
performance. Videos were annotated in LabelBox at the
frame level, and all annotations were reviewed by the au-
thors. Quality was assessed via double annotation and inter-
annotator agreement (Table S1). The gap between frame-
and event-level metrics reflects slight temporal boundary
variability.

D. Baseline and Additional Methods

D.1. Saccade Baseline

Existing approaches for saccade detection typically rely on
threshold-based algorithms applied to gaze-direction tra-
jectories. Following [79], we implement a velocity-based

| Blink |
Dataset| CK F{" Ff|CK F{f' Ff|CcK Ff FF
VAT  |0.58 0.61 0.780.63 0.69 0.84]0.64 0.67 0.81

Table S1 Inter-annotator agreement on VAT test set. frame-
based: Cohen Kappa (CK) and Fi, event-based: F'Z

Saccade ‘ Head Gesture

method that detects saccades from changes in the 3D gaze
direction. The velocity threshold is selected by maximizing
the event-level F1 score on the VAT validation set.

We evaluate two variants of the same gaze estimator [85],
which can operate either on static images or on short video
clips. As shown in Tab. S2, we apply the threshold-based
baseline to both the image-based and video-based 3D gaze
predictions. The threshold determined on VAT is then used
unchanged for cross-dataset evaluation on ChildPlay. Re-
sults show that the video-based predictions are smoother
and lead to substantially better saccade detection perfor-
mance than the image-based predictions.

Gaze Behavior - Saccade
VAT O | ChildPlay <
Saccade Baseline Ff FE|\FF FF

w/ image gaze prediction 0.59 0.68]0.43  0.57
w/ video gaze prediction 0.64 0.69|0.50  0.62

Table S2 Saccade Baseline. Impact of image vs video-based gaze
prediction for the saccade threshold-based baseline method. ©
within and < cross datasets evaluation

D.2. Blink Baseline

Existing blink detection methods are also limited and often
depend on facial landmarks or eye crops, as in MediaPipe.
However, such approaches are not robust to extreme head
poses, making them unsuitable for our setting. For exam-
ple, in the Video Attention Target (VAT) dataset, MediaPipe
frequently fails to detect faces. We develop a simple algo-
rithm based on an observation. Gaze predictions differ be-
tween image-based and video-based models during blink-
ing events. Specifically, video models produce smoother
gaze trajectories, while image-based models tend to predict
a downward jitter, as closed eyelids are visually similar to
looking down (e.g. in Fig. | frame 1 and 2 are visually sim-
ilar, but the person blinks in the first frame). Based on this
discrepancy during blinking, we design a threshold-based
algorithm that detects blinks from the angular difference
between 3D gaze predictions obtained from video and im-
age models. The threshold is optimized by maximizing the
event-level F1 score on the validation set. This baseline per-
forms reliably under near-frontal views but degrades as head
orientation becomes more extreme.



D.3. Head Gesture 1D-CNN Flame

The original method proposed in [86] relies on features ex-
tracted using MediaPipe [12]. As discussed above, Medi-
aPipe often fails under challenging in-the-wild conditions.
To address this limitation, we extract equivalent features us-
ing VGGHead [42], a model that predicts FLAME param-
eters and is robust to extreme head poses. From these pa-
rameters, we derive 3D landmarks and head pose features,
which we use to retrain the gesture model following the
procedure in [86]. We extract these new features on the
CCDb-HG [86] dataset and retrain the model accordingly.
As shown in Tab. 2 and Tab. 3, the updated model achieves
slightly higher accuracy than the MediaPipe-based baseline
(1D-CNN [86]), although feature reliability still decreases
for extreme head poses due to temporal jitter.

E. Pseudo-label Extraction Details

As described in the main paper, we pretrain OmniHead on
CelebV-HQ using expert-model distillation and therefore
require high-quality pseudo-labels.

Gesture Behavior. CelebV-HQ contains challenging head-
pose variations and diverse illumination, requiring a robust
gesture estimator. We use the 1D-CNN FLAME model in-
troduced in Sec. D.3, which provides reliable head gesture
predictions in in-the-wild conditions. We further filter low-
confidence predictions using probability thresholding and
temporal smoothing.

Gaze Behavior. Given the variability in CelebV-HQ, robust
3D gaze estimation is essential. We employ the ST-WSGE
Gaze Transformer [85], trained on Gaze360 and GazeFol-
low, which shows strong in-the-wild performance. The
model operates on single images or 8-frame clips. We found
the video model with a stride of one yields the smoothest re-
sults and we use it to extract 3D gaze pseudo-labels. Using
these gaze estimates, we then apply our saccade and blink
baselines described in Secs. D.1 and D.2 to extract saccade
and blink pseudo-labels. We apply temporal smoothing and
enforce a minimum event duration of three frames for both
behaviors.

Affective Behavior. For facial expression, valence/arousal,
and action units, we use the expert models referenced in
the main paper. For expression and action units, we do not
apply hard thresholding and instead treat the model outputs
as soft labels during supervision.

F. Objective Functions and Training

F.1. Classification

Head Gesture, Facial Expression, Blink, and Saccade.
Head-gesture labels include none (background), nod, shake,
tilt, turn, and down/up. Facial-expression labels follow Aff-
Wild2 and include Neutral, Anger, Disgust, Fear, Hap-

piness, Sadness, Surprise, and Other. Blink labels are
no_blink and blink, and saccade labels are fixation and sac-
cade. All four tasks are trained with a cross-entropy loss:

Netass
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where p; = 1 if the sample belongs to class ¢ and 0 other-
wise, p; denotes the predicted probability after the softmax,
and ¢; is the class weight.

For head gestures, we apply a label-smoothing factor
of 0.15. For expression recognition on Aff-Wild2, we use
class weights [0.47,2.34,3.34,3.74,0.62, 1.41, 2.08, 0.46]
derived from the inverse class distribution to address class
imbalance. For blink and saccade on VAT, we use class
weights [1, 10] and apply a label-smoothing factor of 0.1.
Action Unit. For facial action unit, it includes AU1, AU2,
AU4, AU6, AU7, AU10, AU12, AULS, AU23, AU24,
AU25, AU26. We used the binary cross-entropy loss func-
tion:

12
Low=—Y [(1—pi)log(1—p:) +pilogpe  (S2)
i=1
where p; = 1 for the i-th action unit if it exists and O oth-
erwise. p; = 1 is the predicted i-th action unit output after
the sigmoid function.

F.2. Regression

Geometric losses. During pretraining, the model predicts
the FLAME parameters. Using a FLAME layer [46], these
parameters are converted into 3D landmarks, 3D vertices,
and a head-pose rotation matrix. Following VGG-Head
[42], we regress these outputs using three losses. (1) Re-
projection loss: measures the discrepancy between the pro-
jected 3D vertices and the pseudo 2D keypoint coordinates.

1 Neoora

> v — b3l (S3)
i=1

where N o0r-q 15 the number of keypoints. We only use the
facial keypoints and not all the head keypoints. 2) the ver-
tices loss: we calculate the L2 Loss over the normalized
and unrotated 3D Head Vertices. The global rotation pre-
dictions are set to zero to evaluate the discrepancy between
our predictions and the pseudo-vertices in 3D.

Liand =
o Ncoord

Ncoord
1 .
Loert = 5 > vilr=o — il (S4)
coord i—1

3) Rotation loss: the geodesic distance loss is used which is
specific to measure matrix discrepancies:

tr(R,RL) — 1
Lpose = cos™! <r( L Q‘qt) ) (85)



Valence/Arousal. Following [72], we use the consistency
correlation coefficient that measures the agreement between
two variables and ranges from -1 to 1, with higher values
indicating better agreement, defined as:

COO(X,X) = - QSOWX’X) (S6)
0% +0% + (bx — pg)?

where §x is the variances and px is the mean and COV
the covariance. Therefore, we defined the loss as

Lyo=1-CCC(va,va)+1—-CCC(ar,ar) (S7)

3D Gaze. For gaze estimation we follow [85] minimizing
the angular error defined as:

180 Tg
Lgaze = — arccos (ggA) (S8)
™ llgll2[19]l2

F.3. Training details

Models are optimized using AdamW with a learning rate
of le—4 with cosine decay, and weight decay of le—3.
Pretraining is performed for 20 epochs on four RTX 3090
GPUs using distributed data parallelism. OmniHead is then
trained for up to 25 epochs on a single RTX 3090 GPU
with early stopping based on validation performance. Dur-
ing finetuning, the encoder learning rate is reduced to 5e—5.
Since each sample has 16 frames, the batch size per GPU is
set to 12.

We apply standard data augmentations during pretrain-
ing and finetuning, including horizontal flips, color jitter,
and Gaussian blur. We also introduce temporal jitter by
shifting the input window by a few frames and adjusting
the corresponding labels. During pretraining, multitask loss
weights are set to 1 for regression tasks and 10 for clas-
sification tasks. For training OmniHead, task-specific loss
weights are set to 5 for gaze and blink, 2 for head gestures,
1 for saccades, and 0.1 for affective tasks.

G. Additional Experiments
G.1. Spatio-Temporal Encoder

We previously argued in Sec. 4.1.1 that the encoder must
capture subtle temporal variations, including head motion
and rapid gaze shifts. Temporal information can be incor-
porated at different stages of the architecture. Late tempo-
ral fusion applies a temporal model on top of a spatial en-
coder (e.g., DINO+GRU). Early temporal encoding, in con-
trast, integrates temporal cues directly from the input, as
in video Transformers such as VideoSwin, which perform
spatiotemporal self-attention on input patches. Other ap-
proaches adapt image Transformers by inserting temporal-
processing layers throughout the network. ST-Adapter [62],
for example, adds a temporal convolution before the spatial
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} L5
L = 8 U
as = Sy Ey 8 o=
SH =3 S =S Yy =Y
Ot g 5585 &8 &8
Encoder FPmi pPma pBrmi pBee) pBpE Rl Full
STL
DinOjreere+GRU 0.41 032 020 0.11 [0.50 0.37 19.89 24.62
Dino+GRU 037 032 0.18 0.5 [0.56 0.48 11.66 18.88
Dinogecre+ST-adapter [62] 0.64 049 042 0.15 [0.51 0.36 13.17 20.44
Dino+ST-adapter [62] 0.61 051 039 025 ]0.620.52 12.33 19.13
VideoSwin 0.71 057 049 0.35 |0.56 0.50 11.69 20.27

Table S3 Temporal Encoder Comparison. Using OmniHead
with a simple MLP decoder, we investigate the impact of differ-
ent temporal encoders from late (DINO+GRU) to early (Dino+ST-
adapter, VideoSwin) temporal encoding. ¢ within and < cross
datasets evaluation

self-attention in each block, enabling DINO+ST-Adapter to
encode temporal information earlier than DINO+GRU.

We evaluate these design choices on tasks that rely on
temporal dynamics, head gestures and saccades, and in-
clude 3D gaze estimation as an image-level task. Our hy-
pothesis is that subtle motion patterns require early tempo-
ral encoding (DINO+ST-Adapter or VideoSwin), while late
temporal fusion (DINO+GRU) may suffice when temporal
cues are weaker.

Head gestures. Results in Tab. S3 show that head-gesture
recognition strongly benefits from early temporal encoding.
DINO+ST-Adapter and VideoSwin substantially outper-
form DINO+GRU across datasets. Fine-tuned DINO+ST-
Adapter achieves a 24% absolute improvement in event
micro-F; on CCDDb compared with DINO+GRU, with
similar gains on KTH and under other metrics. These re-
sults indicate that preserving short-term motion cues—akin
to optical flow—is essential, and early temporal encoders
capture these cues more effectively.

Saccades. For saccade detection, the trend is weaker but
consistent. DINO+ST-Adapter outperforms DINO+GRU
by 6% on VAT, whereas VideoSwin yields no measurable
gain. This suggests that early temporal encoding can help
with fine-grained saccade dynamics, but late temporal fu-
sion already captures most of the saccadic events.

3D gaze. As expected, temporal encoding plays a lim-
ited role in 3D gaze estimation. Performance differences
between early (VideoSwin) and late (DINO+GRU) fusion
strategies are negligible on Gaze360. The benefit of using
temporal information in this task stems primarily from tem-
poral smoothing rather than from modeling subtle motion
patterns, and both types of encoders support this equally
well.
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STL
Pretrained w/ adaptive weight [36]
Pretrained w/ selected weight

No pretraing MTL (HG,BIi.,Sac.,Gaze)
w/ adaptive weights [36] 0.71 0.60 0.34 0.16 |0.59 0.36 0.60 0.52 12.63 24.84
w/ selected weights 0.72 059 0.38 0.19 |0.62 0.40 0.62 0.53 12.10 23.68

0.70 059 0.53 0.34 |0.61 0.47 0.68 0.59 11.70 20.59
0.74 0.67 0.54 0.44 |0.67 0.44 0.70 0.61 11.78 20.65

Table S4 Multi-task adaptive weight loss In STL, during pre-
training, we tried w/ and w/o automatic adaptive weighted method
[36]. In MTL, without pretraining, we tried w/ and w/o automatic
adaptive weighted method to learn head gesture, blink, saccade,
and gacze tasks jointly. © within and < cross datasets evaluation

G.2. Multi-task Weighted Loss

Multi-task learning seeks to improve efficiency and accu-
racy by optimizing several objectives within a shared rep-
resentation. Joint optimization, however, is challenging be-
cause tasks may converge at different rates or require dis-
tinct feature abstractions. The standard formulation uses a
weighted sum of task-specific losses, but selecting appropri-
ate weights is difficult in practice. Several studies address
this issue through adaptive optimization strategies. Kendall
et al. [36] derive a weighting scheme based on homoscedas-
tic task uncertainty, enabling the model to learn suitable loss
weights for both regression and classification objectives.
We apply this adaptive weighting strategy in two set-
tings: (i) during pretraining, and (ii) during multi-task learn-
ing (MTL) of OmniHeadyy .
Pretraining. We evaluate downstream single-task finetun-
ing (OmniHeadgr ) after pretraining with and without adap-
tive weighting. In the non-adaptive setting, weights are
manually tuned. As shown in Tab. S4, rows 1-2, adap-
tive weighting yields lower downstream performance. The
degradation is particularly pronounced for head gestures:
adaptive weighting increases the emphasis on auxiliary ge-
ometric objectives during pretraining, which appears to hin-
der the learning of motion-sensitive behaviors in subsequent
finetuning.
MTL. We further examine adaptive weighting when train-
ing OmniHeadyrp jointly on head gestures, blinks, sac-
cades, and gaze. Results in Tab. S4, rows 3—4, show that
adaptive weighting again produces slightly lower perfor-
mance overall. This suggests that the proposed framework
is relatively robust to the choice of task-loss weights and
does not benefit from uncertainty-based weighting in this
context.

G.3. Tasks Relationships

One hypothesis is that multi-task learning (MTL) can be
beneficial since they are naturally interconnected. The re-
sults do not support this hypothesis yet. Nevertheless, task
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Figure S1 Averaged Attention Weight after pretraining. Visu-
alization of the attention weight from the task-token self-attention
layer in the decoder’s last block for the middle frame, averaged
over the attention heads and over 5k randomly selected samples
from CelebV-HQ test set.

relationships can be explored from our learned MTL rep-
resentation in the task self-attention, the main mechanism
for inter-task communication. Fig. S1 visualizes the aver-
aged attention matrix and reveals interesting patterns that
give insight into task relationships:(i) AUs inform blink,
saccade, and expression, consistent with their role as fa-
cial movement primitives (FACS [22]); (ii) head pose is
the strongest support for gaze prediction, (iii) head ges-
tures modulate multiple tasks; (iv) affective tasks (expres-
sion, AU, valence/arousal) are closely linked.
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