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Abstract

Facial feature analysis, particularly dynamic facial expression recognition, is essen-
tial in computer vision for understanding human emotions, behaviors, and physiological
states. However, existing approaches often exhibit limited performance, stemming from
inadequate modelling of facial dynamics, noise sensitivity, ambiguous expression seman-
tics, and are generally specific to single-task scenarios. To address these issues, we pro-
pose a compact 3D spatio-temporal network capable of handling both expression recog-
nition and physiological state analysis. Our network includes two custom modules: (1)
Contrastive Adversarial Efficient Local Channel Attention (ConAdv-ELCA), which ex-
tracts and disentangles fine-grained local facial features, and (2) Efficient Global Channel
Attention (EGCA), to capture local-global interactions. Unlike prior work, which pre-
dominantly evaluates models on similar datasets within single-task domains, our work
has demonstrated the ability to generalize across different tasks that are based on facial
analysis. Experimental results demonstrate that our model consistently achieves state-of-
the-art or near-state-of-the-art performance on blood alcohol concentration estimation,
dynamic facial expression recognition, and driver fatigue detection.

1 Introduction
Human face encodes a wealth of information, providing critical cues related to identity, emo-
tion, and cognitive states. Facial feature analysis has wide-ranging applications, including
driver safety monitoring [54, 62, 65], mental health assessment [3, 24, 44], and human-
computer interaction [18, 25, 35]. Although facial feature analysis has been extensively
explored by different researchers in recent years, most existing approaches are designed for
single tasks and/or rely on task specific architectures. Researchers often develop separate
models for physiological state analysis [2, 21, 50, 63] and emotion detection [20], each
tailored to a specific dataset, which limits their scalability and reusability across domains.
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Figure 1: Pipeline of our unified 3D spatio-temporal network for facial analysis, integrating
custom attention modules for expression, drowsiness, and intoxication recognition.

Developing a single facial representation model that can generalize across diverse facial
analysis tasks remains an open and underexplored challenge.

Recent advancements in physiological state analysis and emotion recognition [5, 12,
43, 47] predominantly rely on multimodal fusion techniques, combining modalities such as
audio, textual data, or wearable sensors to achieve improved performance. However, these
methods introduce significant architectural complexity and domain specific dependencies,
limiting their flexibility across diverse tasks. For instance, audio-based emotion recognition
often suffers performance degradation in noisy or uncontrolled environments, and sensor-
driven intoxication detection methods are frequently constrained by domain-specific sensor
configurations, hindering generalizability. This highlights the need for a unified, adaptable
model that can generalize across diverse physiological and emotional state recognition tasks
without major architectural changes or auxiliary inputs.

In this work, we propose a unified spatio temporal framework as shown in Figure 1 de-
signed for multiple facial understanding tasks with minimal task-specific modifications. Our
key insight is that both local and global spatio temporal facial patterns are shared across a
wide spectrum of affective and cognitive states. By learning from these shared cues, our
model develops a task agnostic facial representation that transfers effectively across dis-
parate tasks, including emotion recognition, driver fatigue detection, and alcohol induced
impairment. To achieve this, we design a novel dual-attention mechanism, (1) Contrastive
Adversarial Efficient Local Channel Attention (ConAdv-ELCA) to extract discriminative lo-
cal patterns and (2) an Efficient Global Channel Attention (EGCA) module to model long
range dependencies efficiently. Unlike conventional task specific methods, our proposed spa-
tiotemporal framework exclusively leverages visual face data to generate a shared facial rep-
resentation applicable across emotional, cognitive, and physiological tasks. We rigorously
validate our framework through extensive experiments on five benchmark datasets covering
emotion recognition [10, 19, 58], driver drowsiness detection [45], and alcohol-induced im-
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pairment estimation [21]. Furthermore, for cross task and cross dataset generalization, we
finetune only on the DFEW [19] dataset and use t-SNE visualization to demonstrate that our
model effectively clusters samples from unseen tasks, such as drowsiness and intoxication
detection, into meaningful semantic groups. Our contributions are as follows:

• We design a single facial feature analysis framework that generalizes across multiple
tasks (we demonstrate three, see Sec. 5) in physiological state analysis and dynamic
facial expression recognition. To the best of our knowledge, no one has demonstrated
such SOTA-competitive versatility across these areas with a single network.

• We introduce. novel ConAdv-ELCA module (Sec. 3.2), designed to capture crucial
local features, enhance feature disentanglement, and improve generalizability. This
approach also presents an innovative technique for feature alignment and fusion in
complex, dynamic scenarios.

• We propose an EGCA module (Sec. 3.3) that extends non-local networks with dy-
namic channel wise interactions, enabling efficient modeling of inter channel context
to enhance global feature representation in facial video analysis.

2 Related Work
2.1 Dynamic Facial Expression Recognition

Recent studies [5, 27, 29, 30, 36, 59, 68] have significantly advanced dynamic facial expres-
sion recognition (DFER). Specifically, methods such as [5, 27] exploit hierarchical grouping
and external transformer guidance to enhance robustness against noisy frames and semantic
ambiguity among emotions. Nevertheless, these models remain specialized, often overlook-
ing integrated local-global feature relationships, limiting their generalization across broader
facial analysis tasks. Moreover, some previous works [5, 12, 31] utilize multimodal inputs
to increase performance. For example, Chen et al.[5] use human intervention to generate
descriptions and relevant prompts related to different emotion classes to perform DFER. We
have compared our results with these multimodal methods; however, we believe that a direct
comparison may not be entirely fair, as we use only the visual modality. Nonetheless, our
framework outperforms most of them, as shown in Supplementary Material Table9.

2.2 Physiological State Analysis via Facial Features

Recent research [11, 21, 23, 26, 34, 41] has transitioned from recognizing overt facial ex-
pressions to detecting subtle physiological states like fatigue, drowsiness, and intoxication
from facial cues. Although these approaches target critical real-life scenarios such as drunk
driving and workplace safety, most studies remain highly task-specific, with limited efforts
on cross-task generalization. Notably, methods addressing intoxication detection typically
rely on traditional manual feature selection and demonstrate modest performance [21]. Our
proposed approach significantly surpasses these existing methods, achieving state-of-the-art
performance in both intoxication and drowsiness detection tasks.

3 Methodology
Our proposed network, illustrated in Figure 2, is a compact 3D spatiotemporal network de-
signed for dynamic emotion recognition and physiological state analysis using only visual
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Figure 2: Our 3D spatio-temporal model (a) integrates custom designed ConAdv-ELCA module (b)
after the entry-flow for early disentanglement of facial features. ConAdv-ELCA includes the Efficient
Local Channel Attention (ELCA) module (c), while customly designed Efficient Global Channel At-
tention (EGCA) module (d) is applied after the exit-flow to capture global context.

data. As a backbone of our framework, we choose Xception model [6], known for its com-
pact structure and computational efficiency in static image-based tasks. To enable saptiotem-
poral learning, we extend it to a 3D by replacing all 2D convolutions with 3D convolutions.
Converting a 2D model into a 3D architecture typically results in an increase in the model
parameters. To maintain computational efficiency (see Table 1) while preserving the model’s
structure, we reduced the number of blocks in the middle-flow1 of the Xception network [6]
from 8 to 5 (see supplementary material, Table 7 for the rationale behind this choice).

Table 1: Comparison of the efficiency matrix of the proposed network with SOTA.
Model Params (M) Inference Time (ms)
Xception (Original) 22.91 10–20
MAE-DFER [47] 85.00 –
CLIPER [31] 88.00 –
Fine-CLIPER [5] 20.00 –
Ours 23.87 12–20

Each middle-flow block in Xception consists of three convolutional layers. This choice
ensures that the network remains computationally efficient even after being converted into
3D and integrating our two custom-designed modules, ConAdv-ELCA and EGCA. Table
1 presents a comparison of the parameters and inference time between our developed 3D
spatio-temporal network, the baseline 2D Xception network, and several SOTA networks
in DFER. To motivate the need for our proposed two different attention mechanisms, we
first revisit the prevalent attention mechanisms and argue that they predominantly focus on
local features [46] while ignoring global information, which limits the generalization of the
model.

1The terms entryflow, middleflow, and exitflow were originally introduced in the Xception network paper [6] as
shown in Figure 2. We use these terms as they are, to stay in line with the existing literature.
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3.1 Revisiting Channel Attention Mechanisms
Channel attention mechanisms enhance CNN feature representations by weighting channel
importance. Given a feature tensor T ∈ Rc×h×w, channel attention weights Chatt ∈ Rc are
computed as:

Chatt = σ( fc(compress(T ))), (1)

where σ is a sigmoid function, fc denotes fully connected or convolutional mapping, and
‘compress’ typically involves Global Average Pooling (GAP). The tensor channels are then
scaled accordingly:

T̃ :, i, :, : =Chatti ·T:,i,:,:, i ∈ 0, . . . ,c−1. (2)

However, GAP tends to emphasize low-frequency (local) features [42], limiting the abil-
ity to capture global contextual relationships [46] critical for comprehensive facial under-
standing. Consequently, local attention alone becomes inadequate for higher-level semantic
tasks that require long-range dependencies.

To address this limitation, we propose a dual-attention strategy: ConAdv-ELCA focuses
on refining early layer local feature representations, while EGCA captures global channel
dependencies in deeper layers. This synergetic approach effectively balances detailed and
contextual facial information, significantly improving cross task generalization (validated by
ablations in Table 5).

3.2 ConAdv-ELCA
We introduce ConAdv-ELCA (see Figure 2 block (b, c)), a novel dual-path attention mecha-
nism with contrastive adversarial supervision, designed to disentangle semantically relevant
facial features from early feature maps. Feature maps extracted after the entry-flow of our
network are simultaneously processed to enhance relevant important channel similar to [56],
which improves local feature discrimination Fe, and projected gradient descent (PGD), which
introduces controlled perturbations to generate adversarial feature maps Fp. Given that ad-
versarial training is most effective in early layers [61], where low-level features such as edges
and textures are more susceptible to perturbations, we apply PGD at this stage to improve
robustness. However, combining adversarially perturbed features Fp with their clean coun-
terparts Fe increases the size of the feature map and introduces redundancy. To address this,
Barlow-Twins loss is utilized to reduce redundancy between two feature maps by aligning
the adversarially perturbed features with their clean counterpart.

A key challenge in adversarial training is balancing robustness and accuracy. While
larger epsilon values (e.g., ε = 8

255 ) improve robustness, they often degrade model perfor-
mance [22, 39]. However, in our approach, we mitigate this trade-off by using Barlow Twins
to align clean and perturbed features not only to reduce redundancy but also to enhance
generalization in the early layers by utilizing the benefits of adversarial perturbations. See
(supplementary material, Table 8) which demonstrates that, while direct adversarial training
can harm model performance, combining it with self-supervised alignment loss [64] allows
our model to become generalized across various downstream tasks without hurting accuracy.

To generate adversarial perturbations, we employ PGD as:

δ = ε · sign
(
∇FentryL( fθ ,Fentry)

)
(3)

where Fentry is the feature map after the entry-flow, fθ is the model trained in the entry-flow
and L is its classification loss. This perturbation δ is applied to create a perturbed feature
map Fp, which is subsequently aligned with Fe, using Barlow Twins.
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The Barlow Twins loss works by comparing these two feature maps, encouraging align-
ment between the clean and adversarial feature maps by computing their cross-correlation
matrix and minimizing discrepancies between the diagonal entries while decorrelating the
off-diagonal entries to promote discriminative representations. The cross-correlation matrix
C is computed between the clean feature map Fe and perturbed feature map Fp as follows:

Ci j =
1
N

N

∑
n=1

F(n)
e (i) ·F(n)

p ( j) (4)

where N is the batch size. The objective here is to ensure that the two feature maps are
highly correlated along corresponding dimensions (diagonal elements) while remaining di-
verse across other dimensions (non-diagonal elements), thus enhancing discriminability.

Following adversarial alignment, we fuse Fe and Fp to obtain a hybrid feature map Fh
with broadcast multiplication. This representation preserves both robust local features and
generalized adversarially invariant features. This hybrid feature Fh is then passed to modified
middle-flow of our network.

3.3 EGCA
Figure 2 (block d) provides an overview of our EGCA module. The idea of EGCA is to
enhance non-local neural network [57] by incorporating 1D convolution similar to [56]. Let
Fexit ∈ Rc×h×w represent the input feature map from the exit-flow, where c is the number
of channels, and h and w are the height and width of the tensor, respectively. The feature
map from the exit-flow undergoes global average pooling, followed by a 1D convolution to
obtain the query and key tensors, each sized 1× c. A softmax operation is then applied to
produce a global channel attention map of size c×c. Meanwhile, the value tensor is obtained
by reshaping Fexit into hw× c without undergoing GAP, as depicted in Figure 3, where an
arrow directly connects Fexit to the multiplication step after the softmax operation. Finally,
attention map c× c is then applied to hw× c, and the resulting product is reshaped back to
c×h×w, yielding the globally attended feature map, denoted as Fglobal.

4 Experiments
To evaluate our proposed approach, we apply it to a set of tasks using five distinct facial
video datasets. The tasks include facial expression recognition on three datasets; the Dy-
namic Facial Expression in-the-Wild (DFEW) [19] dataset (with 16,372 video clips across
seven expression classes), the Large-Scale Multi-Scene Dataset for Facial Expression Recog-
nition in Videos (FERV39K) [58] (with 38,935 clips spanning 22 scenes and seven expres-
sion classes), and the Acted Facial Expressions in the Wild (AFEW) [10] dataset (with 1,832
clips). For physiological state analysis, we use the National Tsinghua University Driver
Drowsiness Detection (NTHU-DDD) dataset [45], which includes 360 video sequences clas-
sified into drowsy and nondrowsy states, and the MiX Telematics alcohol intoxication dataset
[21], comprising 180 ten-minute clips segmented into three levels of intoxication based on
blood alcohol concentration (BAC). Whereas other approaches tend to present results from a
single task domain, we include this more comprehensive evaluation to assess the suitability
of the proposed approach for different facial analysis tasks.

We also noted that the FERV39K and DFEW datasets contain captions embedded in
some frames of certain videos. To prevent potential data leakage, we ensured that only
cropped face regions were passed to the model. Interestingly, no previous study has high-
lighted this issue. To ensure a fair comparison, we followed previous studies and utilized the
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Table 2: Comparison with previous work on estimating BAC through facial features.
Ref. Data Class type AUROC Accuracy F1
[23] IR Videos/Eye tracking system Binary 0.05 0.88 0.76 0.75

Binary 0.08 - - -
Multi-class - - -

[28] IR Videos/Eye tracking system Binary 0.05 - - -
Binary 0.08 0.80 0.82 -
Multi-class - - -

[21] RGB Videos/Conventional camera Binary 0.05 - - -
Binary 0.08 - - -
Multi-class - 0.75 0.75

Ours RGB Videos/Conventional camera Binary 0.05 0.91 0.87 0.88
Binary 0.08 0.93 0.90 0.89
Multi-class 0.90 0.87 0.86

Binary 0.05: Sober [BAC < 0.05] or Drunk [BAC ≥ 0.05] g/dL

Binary 0.08: Sober [BAC < 0.08] or Drunk [BAC ≥ 0.08] g/dL

Multi-class: Sober [BAC = 0.00], Moderate [0.05 ≤ BAC ≤ 0.07], or Severe [BAC ≥ 0.08] g/dL

predefined training and testing splits provided within the datasets for FERV39K, DFEW,
AFEW, and NTHU-DDD. For MiX Telematics, results are reported using 5-fold cross-
validation following [21]. For details on dataset statistics, please refer to the supplementary
material section 4.

4.1 Implementation Details

Preprocessing. All input frames were resized to 299×299 pixels. For the DFEW dataset,
which provides face cropped clips, only resizing was applied. For NTHU-DDD, MiX-
Telematics, FERV39K, and AFEW, face detection and alignment were performed using
MTCNN [66], followed by cropping and resizing. We adopted evaluation metrics consistent
with prior work for fair comparison. Accuracy and AUC were used for the MiX-Telematics
dataset; Unweighted Average Recall (UAR) and Weighted Average Recall (WAR) for DFEW,
FERV39K, and AFEW; and Accuracy for NTHU-DDD. UAR reflects the average per-class
recall, while WAR accounts for class imbalance via instance-weighted recall.

Training and Inference. The model was trained using SGD with a learning rate of 0.001
(adapted from Xception’s JFT-based setup [6]), momentum of 0.9, and weight decay of 1×
10−5. We applied StepLR scheduling with a step size of 35 and gamma of 0.1. Categorical
Cross-Entropy was used for multi-class datasets; Binary Cross-Entropy for NTHU-DDD.
All training was conducted in PyTorch on an NVIDIA RTX A6000 GPU.

Table 3: Accuracy Comparison of various methods on NTHU-DDD dataset for driver drowsiness
detection. Highest results are in bold while the 2nd highest are underlined.

Methods Accuracy (%)
CNN + ConvCGRNN [53] 84.81
Hierarchical Temporal DBN-HMM [60] 84.82
CNN + TSC-LSTM-Refinement [15] 84.85
ResNeXt3D-101 + LSTM [67] 88.60
2s-STGCN [1] 92.70
IsoSSL-MoCo [40] 93.71
VBFLFLA [63] 93.10
Ours 95.04
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5 Results and Discussion

5.1 Comparison on Physiological State Analysis Tasks
We evaluated our proposed 3D spatiotemporal framework on driver drowsiness detection
using the NTHU-DDD dataset [60] and alcohol-induced impairment classification using the
MiX-Telematics dataset [21]. As summarized in Table 3, our method significantly outper-
forms current state-of-the-art approaches for driver fatigue detection, achieving an accuracy
of 95.04%, surpassing the closest competitor IsoSSL-MoCo [40] by approximately 1.3%.
Similarly, on the challenging intoxication estimation task (as shown in Table 2), our ap-
proach demonstrates superior performance compared to existing models, highlighting its
effectiveness in capturing subtle physiological facial cues. It is important to highlight that,
while numerous studies analysed drunk driving through driving behavior [33, 48], this work
instead analysed video of drivers; such studies are relatively scarce, making these results
particularly noteworthy.

Table 4: Performance comparison of methods on the FERV39K dataset in terms of UAR and WAR.
Highest results are in bold and 2nd highest are underlined.

Methodology DFEW FERV39k AFEW
UAR (%) WAR (%) UAR (%) WAR (%) UAR (%) WAR (%)

Uni-modal
I3D-RGB [4] - - - - 41.86 45.41
Resnet18+GRU [8, 17] 51.68 64.02 - - 43.75 46.72
EmotiW-2019 Baseline [9] - - - - - 38.81
Resnet18+LSTM [14, 17] 51.32 63.85 - - 43.96 48.82
3D ResNet18 [16] - - - - 42.14 45.67
AEN [27] 56.66 69.37 38.18 47.88 50.88 54.60
NR-DFERNet [29] 55.77 68.01 33.99 45.97 48.37 53.54
GCA+IAL [30] 55.71 69.24 - - - -
IAL [30] - - 35.82 48.54 - -
STT [36] 54.58 66.65 37.76 48.11 49.11 54.23
C3D [51] - - - - 43.75 46.72
R(2+1)D [52] - - - - 42.89 46.19
M3DFEL [55] - - 35.94 47.67 - -
DPCNet [59] 55.13 66.32 - - 47.86 51.67
Freq-HD [59] - - 33.07 45.26 - -
Former-DFER [68] 53.69 65.70 37.20 46.85 47.42 50.92
Ours 60.89 71.98 44.08 53.78 54.02 56.77

Table 5: Ablation study results across five datasets. UAR: Unweighted Average Recall,
WAR: Weighted Average Recall, AUC: Area Under the Curve.

ELCA, EGCA, ConAdv DFEW FERV39K AFEW NTHU-DDD MiX-Telematics
UAR WAR UAR WAR UAR WAR Accuracy Accuracy AUC

(none) 50.12 58.77 35.01 38.97 48.60 50.95 85.98 79.29 81.34
ELCA (after exit) 55.21 63.98 36.73 41.11 49.59 53.61 86.95 80.45 82.26

ELCA (after entry) 56.69 65.31 38.33 44.89 50.94 54.88 87.71 83.25 84.51
ELCA (after entry), EGCA (at/after exit) 61.17 68.37 42.39 50.09 53.21 55.62 93.59 85.67 88.21

ELCA (entry), EGCA (exit), ConAdv 60.89 71.98 44.08 52.35 54.02 56.77 95.04 87.71 90.87

5.2 Evaluation on Dynamic Facial Expression Recognition
To validate the generalizability of our model, we conducted experiments on three standard
DFER datasets: DFEW, FERV39k, and AFEW. Table 4 presents a comprehensive compar-
ison of our method against several competitive baselines and recent SOTA techniques. Our
method consistently achieves the highest performance across all three datasets. Specifically,
on DFEW, our model attains 60.89% UAR and 71.98% WAR, significantly exceeding previ-
ous approaches such as AEN [27] and NR-DFERNet [29]. On FERV39k and AFEW, similar
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trends were observed, with our model achieving clear margins over prior methods, underlin-
ing the efficacy of our dual-attention mechanisms in capturing both local and global facial
dynamics.

5.3 Cross-task/Dataset Generalization Analysis
To assess whether the proposed model learns transferable facial representations that gener-
alize across tasks with disjoint label spaces (e.g., 7-class emotion recognition in DFEW vs.
3-class intoxication detection in MiX Telematics), we evaluated representation level gener-
alization of our framework. Specifically, we finetuned the model on DFEW and extracted
the features from unseen tasks (NTHU-DDD and MiX Telematics), and visualize the learned
embeddings using t-SNE. As shown in Figure 3, the embeddings form semantically meaning-
ful clusters aligned with target labels, indicating robust cross task encoding. To complement
this, we conduct cross dataset evaluations: training on one dataset (e.g., DFEW) and testing
on others (FERV39K, AFEW) and vice versa without modifying the architecture. Despite
different datasets, the model retains good performance (as shown in Table 6), confirming the
efficacy of proposed framework.

5.4 Ablation Study

Figure 3: t-SNE visualization of features from a model
trained on DFEW only. Emotion classes form clear clusters,
indicating strong within task learning, while unseen NTHU-
DDD and MiX-Telematics samples also cluster distinctly,
demonstrating transferable facial representations across tasks.

To assess the impact of our
custom designed ConAdv-ELCA
and EGCA modules, we con-
ducted ablation studies on MiX-
Telematics, DFEW, FERV39K,
AFEW, and NTHU-DDD, test-
ing configurations with and with-
out local/global channel attention
and contrastive adversarial train-
ing (Tables 5). The results re-
vealed that: (a) applying local
channel attention after entry-flow
is more beneficial than after exit-
flow, (b) adding global channel
attention after exit-flow further
enhanced the performance, and
(c) integrating adversarial training
with contrastive learning consis-
tently improved the results, except
for DFEW, where WAR increases but UAR decreases.

Table 6: Generalizability of the proposed model across datasets. UAR: Unweighted Average
Recall, WAR: Weighted Average Recall.

Finetuning Dataset FERV39k DFEW AFEW NTHU-DDD Mix Telematics
UAR/WAR UAR/WAR UAR/WAR Accuracy Accuracy

FERV39k 44.08 / 53.78 55.09 / 62.75 52.87 / 54.13 - -
DFEW 41.63 / 48.91 60.89 / 71.98 53.79 / 55.02 - -

Mix Telematics - - - 90.48 90.01

As discussed in Section 3.2, we further examined the impact of each module in ConAdv-
ELCA configurations. The results (in supplementary material Table 8) confirmed that direct



10 ABDULLAH ET AL.: JACK OF MANY FACES

adversarial training leads to performance degradation, likely due to overfitting on adversarial
samples. In contrast, our contrastive adversarial training with ECA effectively enhanced
generalization across all datasets.

Table 5 highlights that incorporating ELCA, EGCA, and ConAdv improves accuracy on
MiX-Telematics by 8.42%. Beyond MiX-Telematics, Tables 5 demonstrate similar gains
across other datasets: WAR increases by 13.21% on DFEW, while UAR and WAR improve
on FERV39K (9.07% and 5.82%), AFEW (5.42% and 5.67%), and NTHU-DDD (9.06%).
These consistent improvements validate the effectiveness of our approach. Interestingly,
while adversarial training improves WAR on DFEW, it leads to a decrease in UAR. This
suggests that adversarial augmentation may disproportionately impact class-wise balance,
particularly affecting underrepresented emotion classes. Further investigation is needed to
understand and mitigate this effect.

5.5 Conclusion
We proposed a compact, unified 3D spatiotemporal neural network tailored for facial video
analysis across multiple domains: specifically, dynamic facial expression recognition (DFER),
driver drowsiness detection, and intoxication level estimation. The model integrates two
novel modules: ConAdv-ELCA, which disentangles local facial features using contrastive
adversarial learning, and EGCA, which enhances global contextual understanding via effi-
cient channel-wise attention. Through extensive experiments on five benchmark datasets,
our method consistently outperformed state-of-the-art uni-modal models all while relying
solely on visual facial data. Our results demonstrate that the proposed architecture learns
compact and transferable facial representations that generalize across tasks without architec-
tural changes or modality fusion. This positions our model as a promising unified backbone
for real world affective and physiological state understanding.
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Supplementary Material

1 Rationale behind reducing 3 blocks from middle-flow
Table 7 shows our rationale behind reducing 3 blocks from the middle-flow of the Xception
network. We made this choice in order to maintain a balance between the network’s com-
putational cost and accuracy. Our empirical studies indicate that using 5 middle-flow blocks
provides the best balance, as further increasing the blocks beyond 5 leads to only marginal
performance improvements, while the number of parameters increases by 3.12 million for
increasing 1 block, leading to a higher computational cost without significant gains.

Table 7: The results indicate that using 5 middle flow blocks in the Xception network pro-
vides the best balance between performance and the number of parameters.

Blocks Params (M) NTHU-DDD (Acc) Mix Telematics (Acc) DFEW (UAR/WAR) FERV39k (UAR/WAR)
3 17.63 82.31% 78.63% 47.21/55.02% 33.85/36.98%
4 20.75 84.36% 80.19% 49.21/57.35% 34.41/37.92%
5 23.87 85.98% 81.34% 50.12/58.77% 35.01/38.97%
6 26.99 86.74% 81.89% 50.61/58.93% 35.08/39.31%
8 33.23 86.79% 81.94% 50.70/58.98% 35.58/39.60%

2 Ablation Study on ConADV-ELCA
To validate the effectiveness of our contrastive alignment strategy for local facial features,
we conduct experiments under various configurations of the ConAdv-ELCA module. As
shown in Table 8, although adversarial perturbation and alignment losses such as Barlow
Twins [64] operate on different principles, their combination as a regularization mechanism
improves performance compared to using adversarial training or efficient channel attention
alone.

Table 8: Comparison of proposed ConAdv-ELCA configurations on various datasets. AT
denotes Adversarial Training, ECA represents Efficient Channel Attention, and CL refers
to Contrastive Learning. The table highlights that integrating these modules directly into
network does not significantly improve performance. It is worth noting that applying Adver-
sarial Training (AT) alone leads to a decline in the model’s performance.

AT ECA CL DFEW FERV39K NTHU-DDD Mix-Telematics
UAR (%) WAR (%) UAR WAR Accuracy (%) Accuracy (%)

- - - 50.12 58.77 35.01 38.97 85.98 81.34
✓ - - 48.61 55.29 30.74 35.90 78.87 80.04
- ✓ - 56.69 65.31 38.33 44.89 87.71 83.25
✓ ✓ ✓ 57.40 67.55 39.21 47.41 89.93 84.29

3 Comparison with multimodal approaches
Multi-modal approaches include [5, 7, 12, 28, 31, 47, 69], and are probably increasing in
popularity, due in large part to the obvious fact that if one uses more information, one can
potentially perform better. Curiously, just as with uni-modal (and particularly visual face
only) systems, we cannot find a system that has been demonstrated to perform well across
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more than one application. As mentioned in the introduction, the utility (not to mention the
likely availability) of different modes of information may vary considerably across different
application areas: for instance, textual cues aid expression recognition [5, 12, 31], while
physiological signals enhance fatigue [11] and intoxication detection. For those reasons, a
multi-modal approach may have to adjust the proportion of contribution from the various
modalities, in response to changes in application area. In the extreme case, an extra modality
that is very useful for one application area may be useless or even hinder in another area.
We also, in the introduction, alluded to some of the drawbacks of multi-modal approaches
(such as compute costs). More complete discussion can of course be found in the literature:
e.g., [13, 32]. See [38] for a particular illustration of performance degradation in the absence
of a modality. Thus, direct comparison of these mutlimodal approaches are not fair with
unimodal approaches. Nevertheless, Table 9 shows that our framework surpasses most of
them.

However, our purpose is not to argue against multi-modal approaches: as we have stated,
we only argue that a well designed uni-modal system can achieve SOTA or near SOTA
performance without relying on multi-modality. Further, it is useful to know how well one
can do this and to know the size of the margin gained by multi-modal approaches, in cases
where they lead.

We make passing note of the fact that the use of VLMs are, in some sense, blurring or
changing the traditional definition of multi-modality. A multi-modal system would be com-
monly assumed to be evidenced by different explicit input streams, of differing modality, on
the inputs to the system. A system incorporating a VLM, inside the system, can conceivably
still only draw one explicit input (mode) and yet within the system the VLM is implicitly
providing input information of a cross-modal nature (as well as other real world information
captured by the model and not explicitly provided by the explicit single mode input stream).

Table 9: Performance comparison of methods on the FERV39K dataset in terms of UAR and WAR.
Highest results are in bold and 2nd highest are underlined.

Methodology DFEW FERV39k AFEW
UAR (%) WAR (%) UAR (%) WAR (%) UAR (%) WAR (%)

FineCliper [5] 64.89 75.05 45.22 53.98 - -
EmoCLIP [12] 58.04 62.12 39.35 41.60 44.62 46.19
MAE-DFER [47] 63.41 74.43 43.12 52.07 - -
CLIPER [31] 57.56 70.84 41.23 51.34 52.00 56.43
MMA-DFER [7] 67.01 77.51 44.11 58.52 - -
LOGO-Former [37] 54.21 66.98 38.22 48.13 - -
Align-DFER [49] - - 41.87 51.77 - -
DFER-CLIP [69] 59.61 71.25 41.27 51.65 - -
Ours (Unimodal) 60.89 71.98 44.08 52.35 54.02 56.77

4 Datasets
In this section, we will provide a description of the datasets employed in our study.

4.1 FERV39K
FERV39K [58] is the largest publicly available in-the-wild dataset for Dynamic Facial Ex-
pression Recognition (DFER), comprising 38,935 video clips captured across 22 diverse
scenes within four distinct scenarios. Similar to DFEW, FERV39K also categorised into
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seven classes. It is the first large-scale DFER dataset to introduce scenario-scene categoriza-
tion, support cross-domain adaptability, and offer an extensive collection nearing 39K video
clips. To ensure a fair comparison, we utilized the predefined training and testing splits
provided within the dataset.

4.2 AFEW
It comprises 1,832 video clips sourced from TV programs and movies. The dataset is pro-
vided as separate training, validation, and testing sets. Following the methodology of pre-
vious approaches [27], we train our model on the training set and assess its performance on
the validation set.

4.3 DFEW
This dataset comprises of 16,372 video clips, each annotated for expression recognition. The
source of the clips are various movies and include variations in illumination, occlusions and
pose. Expressions are categorised into seven classes (“happy", “sad", “neutral", “angry",
“surprise", “disgust" and “fear"). The dataset provides emotion distribution labels as soft
annotations. The dataset comes divided into five equal non-overlapping sets, which we have
used as folds in five fold cross validation, following [27].

4.4 MiX Telematics
It comprises of 180 clips of 10 minutes (60 for each class); it captures simulated driving
behavior under controlled blood alcohol concentration (BAC) levels in 60 participants aged
19 to 76. Driving sessions are segmented by BAC levels of 0.00 g/100ml (sober), 0.05–0.07
g/100ml (low intoxication), and above 0.08 g/100ml (high intoxication). These levels repre-
sent real-world thresholds of alcohol impairment based on WHO recommendations and are
used to evaluate model performance in identifying driver impairment. Results are reported
on 5-fold cross validation as in [21].

4.5 NTHU
This dataset comprises of video sequences from the simulated driving of 36 subjects. The
recordings were made in both day and night conditions with active infrared (IR) illumination.
The dataset consists of 360 video clips from 36 subjects with 18 subjects are in training, 4
subjects in validation and 14 subjects in testing set. The dataset comprises two categories,
drowsy and non-drowsy. We utilized the training, validation, and testing data exactly as
provided in the publicly available dataset.
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