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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 → 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.

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]).

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.

Video Attention Target (VAT) [20]. VAT is a video dataset
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.



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.

s-Aff-Wild2 [39]. s-Aff-Wild2 is a static subset of the
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, AU15, 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 Saccade Head Gesture

Dataset CK FF
1 FE

1 CK FF
1 FE

1 CK FF
1 FE

1

VAT 0.58 0.61 0.78 0.63 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 FF

1 , event-based: FE
1

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 ↭ ChildPlay ↫
Saccade Baseline F

F

1 F
E

1 F
F

1 F
E

1

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. 1 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:

Ltask = ↑
Nclass∑

i=1

ci pi log p̂i, (S1)

where pi = 1 if the sample belongs to class i and 0 other-
wise, p̂i denotes the predicted probability after the softmax,
and ci 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, AU15, AU23, AU24,
AU25, AU26. We used the binary cross-entropy loss func-
tion:

Lau = ↑
12∑

i=1

[(1↑ pi) log(1↑ p̂i) + pi log p̂k (S2)

where pi = 1 for the i-th action unit if it exists and 0 oth-
erwise. pi = 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.

Lland =
1

Ncoord

Ncoord∑

i=1

||vi ↑ v̂i||1 (S3)

where Ncoord is 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.

Lvert =
1

Ncoord

Ncoord∑

i=1

||vi|R=0 ↑ v̂i||2 (S4)

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

Lpose = cos↑1

(
tr(RpR

T

gt
)↑ 1

2

)
(S5)



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:

CCC(X, X̂) =
2COV (X, X̂)

ω2
X
+ ω2

X̂
+ (µX ↑ µ

X̂
)2

(S6)

where ωX is the variances and µX is the mean and COV

the covariance. Therefore, we defined the loss as

Lva = 1↑ CCC(va, v̂a) + 1↑ CCC(ar, âr) (S7)

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

Lgaze =
180

ε
arccos

(
g
T
ĝ

||g||2||ĝ||2

)
(S8)

F.3. Training details
Models are optimized using AdamW with a learning rate
of 1e↑4 with cosine decay, and weight decay of 1e↑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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1 Full Full

STL
Dinofreeze+GRU 0.41 0.32 0.20 0.11 0.50 0.37 19.89 24.62
Dino+GRU 0.37 0.32 0.18 0.05 0.56 0.48 11.66 18.88
Dinofreeze+ST-adapter [62] 0.64 0.49 0.42 0.15 0.51 0.36 13.17 20.44
Dino+ST-adapter [62] 0.61 0.51 0.39 0.25 0.62 0.52 12.33 19.13
VideoSwin 0.71 0.57 0.49 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-F1 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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1 Full Full

STL
Pretrained w/ adaptive weight [36] 0.70 0.59 0.53 0.34 0.61 0.47 0.68 0.59 11.70 20.59
Pretrained w/ selected weight 0.74 0.67 0.54 0.44 0.67 0.44 0.70 0.61 11.78 20.65

No pretraing MTL (HG,Bli.,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 0.59 0.38 0.19 0.62 0.40 0.62 0.53 12.10 23.68

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 gaze 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 OmniHeadMTL.
Pretraining. We evaluate downstream single-task finetun-
ing (OmniHeadSTL) 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 OmniHeadMTL 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

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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ter Robinson. Decoupling facial expressions and head mo-
tions in complex emotions. In 2015 International conference
on affective computing and intelligent interaction (ACII),
pages 274–280. IEEE, 2015. 1

[3] Henny Admoni and Brian Scassellati. Social eye gaze in
human-robot interaction: a review. Journal of Human-Robot
Interaction, 6(1):25–63, 2017. 1

[4] Sean Andrist, Xiang Zhi Tan, Michael Gleicher, and Bilge
Mutlu. Conversational gaze aversion for humanlike robots.
In Proceedings of the 2014 ACM/IEEE international confer-
ence on Human-robot interaction, pages 25–32, 2014. 1

[5] Mido Assran, Adrien Bardes, David Fan, Quentin Garrido,
Russell Howes, Matthew Muckley, Ammar Rizvi, Claire
Roberts, Koustuv Sinha, Artem Zholus, et al. V-jepa 2: Self-
supervised video models enable understanding, prediction
and planning. arXiv preprint arXiv:2506.09985, 2025. 1

[6] Andrew J Aubrey, David Marshall, Paul L Rosin, Jason
Vendeventer, Douglas W Cunningham, and Christian Wall-
raven. Cardiff conversation database (ccdb): A database of
natural dyadic conversations. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition
Workshops, pages 277–282, 2013. 6, 1

[7] Valentina Bachurina and Marie Arsalidou. Multiple levels of
mental attentional demand modulate peak saccade velocity
and blink rate. Heliyon, 8(1), 2022. 4
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