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Abstract. Dynamic Facial Expression Recognition (DFER) aims to rec-
ognize human emotions from unconstrained facial expression videos cap-
tured in real-world environments, where variations in pose, illumination,
occlusion, and subtle temporal dynamics make the task highly challeng-
ing. Although recent Transformer-based approaches have improved tem-
poral modeling, most supervised DFER methods still rely on generic face-
recognition backbones, such as MS-Celeb-1M-pretrained ResNet mod-
els, which are not specifically designed to capture the fine-grained fa-
cial cues required for expression discrimination. To address these limi-
tations, we propose DynaEFace, a lightweight and effective framework
for DFER that combines expression-aware spatial representations with
refined temporal modeling. Specifically, video frames are first processed
using EfficientFace, a backbone tailored for facial expression recogni-
tion, and subsequently encoded using a temporal Transformer to model
contextual dependencies across frames. To further enhance discrimina-
tive feature learning, we introduce a Post-Transformer Channel Gating
(PTCG) module that adaptively recalibrates channel-wise responses on
contextualized frame tokens. The refined temporal representations are
then aggregated to obtain a complementary video-level representation
for emotion recognition. Our experiments conducted on the challeng-
ing DFEW and FERV39k benchmark datasets show that the proposed
method achieves competitive and robust performance while maintaining
a lightweight architecture with only 5.87M parameters, demonstrating
its potential for real-world DFER and HCI applications.

Keywords: Dynamic Facial Expression Recognition · EfficientFace ·
Channel Gating · Lightweight Deep Learning.

1 Introduction

Facial expressions are among the most immediate forms of human communi-
cation. They often reveal emotions before they are articulated in words [11].
Over the past decade, the automatic recognition of facial expressions, known
as Facial Expression Recognition (FER), has become a prominent research area
due to its diverse real-world applications, including Human-Computer Interac-
tion (HCI) [8,14], clinical assessment [4,27,71], and driver monitoring systems
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[65,72], among others [1,49]. Initially, research in this field focused on Static Fa-
cial Expression Recognition (SFER), which classifies individual images into basic
emotional categories such as happiness, sadness, surprise, fear, disgust, anger,
or neutral [75,33,59,67]. Although SFER methods have achieved strong perfor-
mance on both controlled laboratory datasets (e.g. BU-3DFE [70]) and large-
scale “in-the-wild” datasets (e.g. AffectNet [46]), their analysis is restricted to
isolated frames. Prior studies [39,68] have shown that natural facial expressions
are dynamic, evolving over time through continuous facial muscle movements. In
order to capture these temporal dynamics, recent research has shifted toward Dy-
namic Facial Expression Recognition (DFER), which analyzes video sequences
to track the full evolution of an emotion [48,64].

Early DFER studies were conducted under controlled laboratory conditions
with frontal faces, uniform lighting, and limited occlusion [42,56,73]. While these
settings simplified the task, they limited generalization to real-world scenar-
ios. To address this gap, recent work introduced large-scale in-the-wild bench-
marks such as DFEW [26] and FERV39K [62], which capture unconstrained
variations in pose, illumination, occlusion, and head motion. Deep learning ap-
proaches initially explored CNN–RNN combinations and 3D CNNs to jointly
model spatial and temporal cues, but their ability to capture long-range tem-
poral dependencies remained limited. More recently, hybrid CNN–Transformer
architectures [74,43,34,61] have emerged as a promising paradigm, where convo-
lutional backbones extract frame-level features that are integrated by temporal
Transformers to effectively model long-range dynamics. Beyond architectural
advances, intensity-aware supervision schemes [32] have also been proposed to
improve sensitivity to subtle expression variations in unconstrained settings.
However, despite their strong recognition performance, many CNN–Transformer
architectures achieve these gains through increasingly sophisticated temporal
modules and additional attention mechanisms, resulting in higher computational
complexity and larger parameter counts. In contrast, less attention has been
given to the choice of the spatial backbone, with most supervised methods rely-
ing on generic CNN architectures, such as ResNet-18 [20] (11.18M parameters),
pretrained on large-scale face recognition datasets such as MS-Celeb-1M [16].
Although such pretraining provides robust facial representations, these back-
bones are primarily designed for identity recognition rather than facial expres-
sion analysis. As a result, they may be less effective at capturing the subtle facial
movements that distinguish visually similar expressions, such as fear and sur-
prise. Beyond spatial representation learning, a further challenge lies in efficiently
aggregating temporal information for video-level prediction. Most existing archi-
tectures obtain video-level representations from a single summary feature, such
as a class token [43,44], global average pooling [61], or dynamically re-weighted
aggregation strategies [34,58]. Although these approaches achieve strong per-
formance, they often overlook fine temporal cues and do not explicitly refine
feature channels after temporal encoding. As a result, the representations used
for classification may still contain redundant or irrelevant information. Thus,
there remains room to enhance the discriminative quality of temporal repre-
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sentations while preserving computational efficiency. Therefore, there is a need
for lightweight DFER architectures that achieve a balance between recognition
accuracy and computational efficiency for deployment.

Motivated by this objective, we propose DynaEFace, a lightweight CNN–
Transformer framework for in-the-wild DFER. To the best of our knowledge,
this is the first framework that integrates a facial expression-oriented lightweight
backbone into a CNN–Transformer pipeline for dynamic facial expression recog-
nition. DynaEFace incorporates EfficientFace [75], originally designed for SFER,
to learn discriminative facial expression representations while maintaining low
computational complexity. To further improve temporal representation learning,
we introduce a Post-Transformer Channel Gating (PTCG) module for channel-
wise feature refinement after temporal encoding, together with a temporal atten-
tion pooling module that adaptively aggregates informative temporal features for
video-level prediction. We evaluate DynaEFace on two large-scale benchmarks,
DFEW [26] and FERV39K [62], under fully supervised settings. Experimental
results demonstrate that the proposed framework achieves a favorable trade-off
between recognition performance and computational efficiency, making it suit-
able for real-world deployment.

The remainder of this paper is organized as follows. Section 2 reviews related
work. Section 3 presents the proposed method. Section 4 reports experimental
results and ablation studies. Finally, Section 5 concludes the paper.

2 Related work

2.1 From Static to Dynamic FER

Static Facial Expression Recognition (SFER) focuses on classifying emotions
from individual images and has been widely studied in affective computing.
Early deep SFER approaches primarily relied on convolutional neural networks
(CNNs), where methods such as RAN [60] and SCN [59] introduced attention
mechanisms to improve robustness to occlusions and noisy labels. These mod-
els achieved strong performance on benchmarks like RAF-DB [36] and Affect-
Net [47]. However, many of these architectures are relatively computationally
demanding, which can limit their deployment in real-world scenarios. This has
motivated the development of more efficient models, including MobileNetV2 [52]
and ShuffleNetV2 [45]. While these models are lightweight, they are not specif-
ically designed for facial expression recognition and may be less effective on
challenging in-the-wild data. To address this limitation, EfficientFace [75] intro-
duces a lightweight architecture, with 1.28M parameters, specifically designed for
facial expression recognition by combining local facial feature extraction with
channel-spatial attention mechanisms. Its AffectNet-7 pretrained weights are
specifically optimized for facial expression recognition. Despite these advances,
all SFER approaches operate on individual frames and do not capture how facial
expressions evolve over time. Dynamic Facial Expression Recognition (DFER)
addresses this limitation by modeling facial expressions as temporal sequences
in videos. Early approaches relied on handcrafted spatiotemporal descriptors,
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such as LBP-TOP [12], STLMBP [24], and HOG-TOP [9], which capture local
texture and motion patterns over time. However, these methods have limited
capacity when applied to unconstrained, in-the-wild scenarios.

Subsequent works introduced deep learning models based on a CNN-RNN
paradigm [6,29,30]. In these approaches, a 2D CNN (e.g., VGGNet [53] or ResNet [21])
extracts frame-level features, which are then passed to recurrent modules such as
LSTMs [22] or GRUs [10] to model temporal dynamics. Li et al. [38] incorporate
GCNs to model facial landmark relationships, while Baddar et al. [2] propose
variational LSTMs robust to unseen variation modes. Despite these improve-
ments, such methods typically separate spatial and temporal modeling, which
limits their ability to capture joint spatiotemporal patterns. To overcome this, 3D
convolutional networks have been explored to jointly learn spatial and temporal
representations directly from video clips, as in C3D [15] and I3D [7]. For DFER
tasks, Hasani et al. [19] proposed Enhanced Deep 3D Convolutional Neural Net-
works with Inception-ResNet layers, while Liong et al. [5] introduced 3D-CNNs
augmented with PCA and TMPCA dimensionality reduction for video-based
FER. Nevertheless, 3D CNNs remain computationally demanding and struggle
with long-range dependencies, motivating subsequent research on Transformer-
based architectures for modeling temporal dynamics more efficiently.

2.2 Transformer-Based Architectures in DFER

The success of Transformers in natural language processing [57] and their ex-
tension to computer vision [13] has motivated their adoption in DFER, where
self-attention enables modeling of long-range temporal dependencies across video
frames. Former-DFER [74] was among the first to introduce a Transformer-
based framework for this task, employing a dual-branch design in which a Con-
volutional Spatial Transformer (CS-Former) extracts frame-level spatial fea-
tures, while a Temporal Transformer (T-Former) captures temporal relationships
across the sequence. Ma et al. [43] proposed STT, which consolidates spatial and
temporal attention into a unified Transformer encoder. Li et al.[34] introduced
NR-DFERNet, which incorporates a Dynamic Class Token to suppress noisy
and emotionally irrelevant frame contributions while preserving discriminative
expression cues. GCA+IAL [32] further addressed expression intensity variation
by combining global convolution attention with an intensity-aware loss function.
Wang et al. [58] proposed M3DFEL, which leverages Multi-Instance Learning to
handle inexact labels and introduces a dynamic long-term aggregation module
to balance short- and long-term temporal relationships. LOGO-Former [44] later
improved efficiency by combining local and global attention strategies within a
unified Transformer framework.

Despite their architectural diversity, most supervised CNN-Transformer DFER
methods follow a similar design paradigm, where a generic CNN backbone ex-
tracts spatial features and a Transformer models temporal dependencies. While
these architectures have significantly improved recognition performance, they
often rely on increasingly sophisticated temporal modules and attention mech-
anisms, leading to higher computational complexity and increased model size.
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In addition, most methods employ generic face-recognition backbones, such as
ResNet-18 or ResNet-50, pretrained on MS-Celeb-1M, which are not specifically
optimized for facial expression analysis. Consequently, the design of lightweight
and expression-oriented spatial representations remains comparatively underex-
plored in supervised DFER.

Video-level prediction is another important component of Transformer-based
DFER frameworks. Existing methods commonly rely on global aggregation strate-
gies, such as CLS-token classification [43,44], mean pooling [61], or attention-
based dynamic aggregation [34,58]. More generally, temporal attention mecha-
nisms have been widely explored to emphasize informative frames within video
sequences. In particular, additive attention [3] computes learnable importance
weights over temporal representations, enabling the model to focus on the most
informative temporal cues

2.3 Channel Recalibration and Gating Mechanisms

Channel recalibration mechanisms aim to enhance informative feature channels
while maintaining low computational cost. Hu et al. [23] introduced Squeeze-and-
Excitation (SE) networks, which capture global context through average pooling
and generate channel-wise weights using a bottleneck MLP. Woo et al. [66] later
extended this idea with the Convolutional Block Attention Module (CBAM),
combining channel and spatial attention. Yang et al. [69] further improved chan-
nel modulation through Gated Channel Transformation (GCT), which employs
a residual gating formulation to stabilize feature refinement.

Although these approaches were originally developed for convolutional fea-
ture maps, Vision Transformers [13] generally lack explicit channel-wise recali-
bration after self-attention encoding. As a result, the adaptation of channel re-
calibration mechanisms to Transformer representations remains comparatively
underexplored in DFER.

3 Proposed Method

Overview

As illustrated in Figure 1, a facial expression clip is dynamically sampled from the
input video and processed by EfficientFace [75] to extract frame-level features.
The extracted features are projected into a shared embedding space of dimen-
sion Demb to form frame tokens, which are combined with temporal positional
embeddings and prepended with a learnable classification token before being fed
into a Transformer encoder to capture temporal dependencies across frames and
produce contextualized tokens. The resulting frame tokens are subsequently re-
fined by the proposed Post-Transformer Channel Gating (PTCG) module, which
performs residual channel-wise recalibration by adaptively re-weighting feature
channels according to the global temporal context, allowing expression-relevant
channels to be emphasized while reducing the influence of redundant or weakly
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informative feature responses. The refined frame tokens are then aggregated us-
ing temporal attention pooling to obtain a compact video-level representation.
Finally, the pooled representation is fused with the classification token through
element-wise addition and fed into a two-layer multilayer perceptron (MLP) for
emotion classification.

Input Clips

Our method takes as input a video clip X ∈ RT×H×W×3 consisting of T RGB
frames with spatial resolution H × W . Following prior work, the input clip is
dynamically sampled from the original video. During training, each video is
divided into U uniform temporal segments, from which V frames are randomly
sampled. During testing, the video is similarly partitioned, while frames are
sampled from the mid of each segment. This yields a total of T = U × V frames
for both training and inference.

Each sampled frame xt is independently processed by EfficientFace [75]. To
the best of our knowledge, this is the first work to leverage a facial-expression-
specialized backbone for DFER. EfficientFace partitions the input face into four
spatial regions processed by depthwise convolutions to capture localized expres-
sion cues, while its Modulator employs dual channel and spatial pathways to
enhance globally informative features. For each frame xt, the backbone produces
a compact feature vector ft ∈ RDb , which is projected into a shared embedding
space to obtain the frame embedding et ∈ RDemb . The resulting frame embed-
dings are combined with temporal positional embeddings and prepended with a
classification token before being fed into the temporal Transformer encoder:

H = Transformer ([ecls, e1, . . . , eT ]) = [zcls, h1, . . . , hT ] ∈ R(T+1)×Demb . (1)

where zcls ∈ RDemb denotes the final classification token representation and
ht ∈ RDemb denotes the contextualized representation of frame t.

Post-Transformer Channel Gating (PTCG)

The contextualized frame representations ht ∈ RDemb are subsequently refined
using a Post-Transformer Channel Gating (PTCG) module that performs adap-
tive channel-wise recalibration on each frame token. While the Transformer en-
coder captures temporal dependencies across frames, PTCG further enhances
discriminative channel responses by computing a channel gating vector:

gt = σ (W2 ϕ (W1 LN(ht))) , (2)

where ϕ(·) and σ(·) denote the GELU and sigmoid activation functions, respec-
tively. The resulting gating vector is then applied through residual channel-wise
modulation:

ĥt = LN(ht + γ(ht ⊙ gt)) , (3)

where γ is a fixed scaling factor set to 0.5 to control the strength of residual
channel modulation and keep the update near-identity.
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Fig. 1. An overview of the proposed DynaEface framework.

Temporal Attention Pooling

After channel-wise refinement, the sequence of refined frame tokens Ĥ is aggre-
gated into a compact video representation using a temporal attention pooling
mechanism inspired by Bahdanau additive attention [3].

For each frame token, a scalar relevance score is computed:

et = v⊤ tanh(Waĥt), (4)

where Wa and v are learnable parameters. These scores are then normalized
across the temporal dimension using a softmax function, producing attention
weights:

wt =
exp(et)∑T
j=1 exp(ej)

. (5)

The final video representation is obtained by aggregating the refined frame to-
kens using the computed weights:

p =

T∑
t=1

wt ĥt, p ∈ RDemb . (6)

This pooled representation p is then fused with the global representation zcls ∈
RDemb , which encodes global information from the Transformer via element-wise
addition followed by layer normalization:

z = LN(zcls + p), z ∈ RDemb . (7)

The final prediction ŷ ∈ RC is obtained using a two-layer MLP classifier.
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4 Experiments and Analysis

We conduct experiments on two widely used in-the-wild DFER datasets, DFEW [26]
and FERV39K [62]. We first introduce the datasets and provide implementation
details. We then perform ablation studies to evaluate the contribution of each
component. Finally, we compare our proposed DynaEFace with several state-of-
the-art methods and analyze the results to validate its effectiveness.

4.1 Datasets

DFEW [26] consists of 16, 372 in-the-wild video clips collected from over 1, 500
movies worldwide. These clips feature various challenging conditions, such as ex-
treme illumination, occlusions, and pose changes. Each clip is annotated multiple
times by professional annotators and assigned to one of seven basic expressions:
happiness, sadness, neutral, anger, surprise, disgust, and fear. From these, 12,059
clips are single-labeled and split into five non-overlapping subsets. We adopt 5-
fold cross-validation as the evaluation protocol, sequentially using one subset
for testing and the remaining four for training. Similar to other FER datasets,
DFEW is characterized by an imbalanced class distribution.

FERV39K [62] is currently the largest publicly available in-the-wild DFER
dataset, containing 38, 935 video clips from four main scenarios, further sub-
divided into 22 fine-grained scenes (e.g., daily life, talk shows, business, and
crime). Each clip is independently annotated by 30 professional annotators to
ensure high-quality labels and assigned to one of the seven primary expressions,
consistent with DFEW. The official benchmark provides fixed, non-overlapping
splits: 80% training (31, 088 clips) and 20% testing (7, 847 clips), which we adopt
for all experiments.

4.2 Implementation details

Training Settings. For both DFEW and FERV39K, we use the pre-cropped
face regions provided by the dataset authors. All faces are resized to 224× 224
pixels to match the input resolution of EfficientFace. During training, standard
data augmentation strategies, including random cropping, horizontal flipping,
and dataset-specific appearance transformations, are applied to improve general-
ization. In addition, the EfficientFace backbone is progressively unfrozen during
training to better adapt the spatial representations to the temporal modeling
stage, with Stage 4 unfrozen at epoch 5, followed by Stage 3 and the Modulator
block at epoch 10. For temporal sampling, the dynamically sampled sequence
length is set to T = 16. Specifically, we use U = 16 and V = 1 for FERV39K, and
U = 8 and V = 2 for DFEW. The EfficientFace backbone produces frame-level
features of dimension Db = 1024, which are projected into an embedding space
of dimension Demb = 256. The temporal Transformer consists of 4 layers with
8 attention heads. All models are trained for 50 epochs with a batch size of 8
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using the AdamW [41] optimizer with a weight decay of 1×10−2. Two parameter
groups are employed: the temporal head, including the always-trainable conv5
layer, uses a learning rate of 1× 10−4, while the unfrozen backbone parameters
are updated with a lower learning rate of 1× 10−5. The learning rate is decayed
by a factor of 0.1 at epochs 20 and 35 using a MultiStepLR scheduler. Gradient
clipping is applied with a maximum ℓ2 norm of 1.0. We fix the PTCG residual
gate scale to γ = 0.5 to preserve stable residual modulation during channel re-
calibration. All experiments are implemented in PyTorch [50] and trained on a
single NVIDIA GeForce RTX 4070 GPU.

Evaluation Metrics. Following standard DFER evaluation protocols, we re-
port Unweighted Average Recall (UAR), defined as the average recall across
all classes, and Weighted Average Recall (WAR), corresponding to the overall
classification accuracy [74,34,43,44,32].

4.3 Ablation Studies

To better understand the contribution of each design choice, we conduct three
complementary ablation studies on the FERV39K and DFEW benchmarks. We
first evaluate the contribution of the proposed architectural components. We
then analyze the impact of the spatial backbone on both recognition perfor-
mance and computational efficiency. Finally, we compare the proposed Post-
Transformer Channel Gating (PTCG) module with representative channel re-
calibration mechanisms.

Contribution of the proposed components. As shown in Table 1, the base-
line in Setting (a) consists of the EfficientFace backbone, the temporal Trans-
former encoder, and the CLS-token classifier. When ATP is introduced alone
in Setting (b), the performance remains nearly unchanged: on DFEW, UAR in-
creases only marginally from 58.67% to 58.71%, while on FERV39k it slightly
decreases from 38.83% to 38.39%. This suggests that applying adaptive tem-
poral aggregation directly to Transformer features provides limited benefit. In
contrast, introducing PTCG with average pooling in Setting (c) improves perfor-
mance on FERV39k to 38.70% UAR and 48.72% WAR, indicating that channel-
wise recalibration enhances the discriminative quality of temporal representa-
tions. However, the use of average pooling leads to slightly lower performance
on DFEW, which suggests that fixed aggregation is less effective than adaptive
temporal weighting. Finally, combining PTCG with ATP in Setting (d) yields
the best overall results on both datasets, achieving 39.72% UAR and 48.86%
WAR on FERV39k, as well as 59.10% UAR on DFEW. Although Setting (b)
obtains a marginally higher WAR on DFEW (70.62% vs. 70.53%), the full model
consistently improves UAR, which is more reliable under class imbalance. Over-
all, these results show that PTCG and ATP are complementary: PTCG refines
channel-level feature responses, while ATP selectively aggregates the most in-
formative temporal cues, leading to more discriminative and robust video-level
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Table 1. Assessing the contribution of each component of the proposed model on
FERV39k and DFEW. ATP denotes Temporal Attention Pooling. Bold indicates
the best results.

Setting PTCG ATP
FERV39k DFEW

UAR WAR UAR WAR

a (Baseline) 38.83 48.68 58.67 70.53
b ✓ 38.39 48.69 58.71 70.62
c ✓ Avg 38.70 48.72 58.53 70.51
d (Ours) ✓ ✓ 39.72 48.86 59.10 70.53

Table 2. Comparison of different backbones integrated into the proposed framework
on FERV39k and DFEW. Bold indicates the best results.

Backbone
FERV39k DFEW

GFLOPs Params (M)

UAR WAR UAR WAR

ResNet-18 (MS-Celeb-1M) 38.77 49.01 56.44 69.06 58.503 15.648
EfficientFace (AffectNet-7) 39.72 48.86 59.10 70.53 5.229 5.871

Backbone analysis. To assess the impact of the spatial backbone, we replace
EfficientFace with the widely used ResNet-18 pretrained on MS-Celeb-1M while
keeping all other components of the proposed framework unchanged. As reported
in Table 2, EfficientFace achieves higher UAR on both FERV39K (39.72% vs.
38.77%) and DFEW (59.10% vs. 56.44%), while also improving WAR on DFEW
(70.53% vs. 69.06%). Although ResNet-18 achieves a marginally higher WAR
on FERV39K (49.01% vs. 48.86%), EfficientFace consistently yields better class-
balanced performance across both benchmarks. Furthermore, it requires only
5.229 GFLOPs and 5.871M parameters, compared with 58.503 GFLOPs and
15.648M parameters for ResNet-18, corresponding to more than an 11-fold re-
duction in computational cost and approximately a 2.7-fold reduction in param-
eter count. These results demonstrate that an expression-oriented lightweight
backbone offers a more favorable trade-off between recognition performance and
computational efficiency, making it well suited for practical DFER deployment.

Channel recalibration analysis. To evaluate the effectiveness of the pro-
posed PTCG module, we compare it with two representative channel recalibra-
tion mechanisms, namely SE [23] and GCT [69]. For a fair comparison, each
module is inserted at the same post-Transformer position while keeping the re-
mainder of the framework unchanged. As shown in Table 3, SE consistently
yields the lowest performance across both datasets, suggesting that a conven-
tional channel attention mechanism is less effective in this setting. Compared
with GCT, PTCG achieves the highest UAR on both FERV39K (39.72% vs.
39.66%) and DFEW (59.10% vs. 58.87%). Although GCT obtains slightly higher
WAR on both datasets (48.94% vs. 48.86% on FERV39K and 70.85% vs. 70.53%
on DFEW), PTCG consistently provides better class-balanced recognition per-
formance, as reflected by UAR. These results suggest that residual channel-
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Table 3. Ablation study of channel recalibration modules on FERV39K and DFEW
datasets.

Module
FERV39K DFEW

UAR (%) WAR (%) UAR (%) WAR (%)

SE [23] 38.42 48.80 58.04 70.47

GCT [69] 39.66 48.94 58.87 70.85

PTCG (ours) 39.72 48.86 59.10 70.53

wise recalibration applied after temporal encoding is more effective for refining
Transformer representations than directly applying existing channel recalibra-
tion mechanisms originally developed for convolutional feature maps.

4.4 Comparison with State-of-the-Art

Results on DFEW. The comparison results on the DFEW benchmark un-
der the standard 5-fold cross-validation protocol are reported in Table 4. The
proposed DynaEFace achieves the best overall performance among all compared
methods, obtaining 59.10% UAR and 70.53% WAR with only 5.23 GFLOPs and
5.87M parameters. In terms of UAR, it surpasses M3DFEL [58], AEN [31], and
Dual-STI [35] by 3.00%, 2.44%, and 2.21%, respectively. It also achieves the high-
est WAR, outperforming MSSTNetT=8 [61], Dual-STI [35], and NSNPNet [17].
Although M3DFEL [58] requires only 1.65 GFLOPs, its performance remains
substantially lower in both UAR and WAR. Regarding per-class accuracy, the
proposed method achieves the best results on the Happy and Sad categories,
reaching 90.59% and 71.44%, respectively. It also achieves competitive results
on the Fear and Disgust categories, with accuracies of 35.92% and 12.41%, re-
spectively. These categories are particularly challenging because they contain
fewer training samples in DFEW. Overall, the results indicate that the pro-
posed method generalizes effectively across both frequent and underrepresented
expressions.

Results on FERV39K. Table 5 reports the results on the challenging FERV39k
benchmark, which is generally more difficult than DFEW due to higher intra-
class variability and stronger class imbalance. Our method achieves a UAR of
39.72% and a WAR of 48.86%, outperforming several recent approaches, in-
cluding Former-DFER [74], NR-DFERNet [34], GCA+IAL [32], Dual-STI [35],
NSNPNet [17], and M3DFEL [58]. In particular, it improves over Former-DFER
by 1.69% in WAR, and over M3DFEL by 3.78% in UAR and 1.19% in WAR.
FERV39k exhibits a highly imbalanced class distribution, where Disgust and
Fear account for only 5.89% and 5.4% of the sequences, respectively, which may
explain the reduced performance on these categories. In addition, DynaEFace
runs at an average of 4.73 ms per clip (0.30 ms per frame) across both bench-
marks, confirming its efficiency and suitability for real-time deployment.
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Table 4. Comparison with state-of-the-art methods on the DFEW benchmark. ⋆ Tem-
poral interpolation-based sampling. ⋆⋆ Dynamic sampling-based methods. Bold indi-
cates the best result in each column.

Method
Per-Emotion Accuracy (%) Metrics (%)

GFLOPs Params
Hap. Sad Neu. Ang. Sur. Dis. Fear UAR WAR

C3D⋆ [15] 75.17 39.49 55.11 62.49 45.00 1.38 20.51 42.74 53.54 38.57 -

P3D⋆ [51] 74.85 43.40 54.18 60.42 50.99 0.69 23.28 43.97 54.47 - -

R(2+1)D18⋆ 79.67 39.07 57.66 50.39 48.26 3.45 21.06 42.79 53.22 42.36 -

3D-ResNet18⋆ [18] 73.13 48.26 50.51 64.75 50.10 0.00 26.39 44.73 54.98 8.32 -

I3D-RGB⋆ [7] 78.61 44.19 56.69 55.87 45.88 2.07 20.51 43.40 54.27 6.99 -

VGG11+LSTM⋆ 76.89 37.65 58.04 60.70 43.70 0.00 19.73 42.39 53.70 31.65 -

ResNet18+LSTM⋆ 78.00 40.65 53.77 56.83 45.00 4.14 21.62 42.86 53.08 7.78 31

3D-ResNet18⋆⋆ [18] 76.32 50.21 64.18 62.85 47.52 0.00 24.56 46.52 58.27 8.32 -

ResNet18+GRU⋆⋆ 82.87 63.83 65.06 68.51 52.00 0.86 30.14 51.68 64.02 7.78 -

Former-DFER⋆⋆ [74] 84.05 62.57 67.52 70.03 56.43 3.45 31.78 53.69 65.70 9.11 146

STT⋆⋆ [43] 87.36 67.90 64.97 71.24 53.10 3.49 34.04 54.58 66.65 - -

DPCNet⋆⋆ [63] - - - - - - - 57.11 66.32 9.52 51

NR-DFERNet⋆⋆ [34] 88.47 64.84 70.03 75.09 61.60 0.00 19.43 54.21 68.19 6.33 -

GCA+IAL⋆⋆ [32] 87.95 67.21 70.10 76.06 62.22 0.00 26.44 55.71 69.24 - -

M3DFEL⋆⋆ [58] 89.59 68.38 67.88 74.24 59.69 0.00 31.63 56.10 69.25 1.65 -

MIDAS⋆⋆ [28] 87.40 67.34 58.64 68.06 59.65 28.69 44.50 57.45 69.16 - -

AEN⋆⋆ [31] 89.24 69.38 70.67 72.08 59.07 4.17 32.00 56.66 69.37 - -

MSSTNet⋆⋆T=4 [61] 89.57 71.28 69.01 70.92 55.89 11.03 43.68 58.77 69.71 5.05 -

MSSTNet⋆⋆T=8 [61] 89.20 70.12 72.35 70.23 59.22 13.10 39.02 59.04 70.16 10.10 -

EST⋆⋆ [40] - - - - - - - 53.94 65.85 - -

MSCM⋆⋆ [37] 89.29 71.33 69.61 73.45 57.59 8.28 39.91 58.49 70.16 8.10 -

FreqHD [54] - - - - - - - 44.24 54.98 - -

DynaEFace (Ours)⋆⋆ 90.59 71.44 70.48 72.02 60.86 12.41 35.92 59.10 70.53 5.23 5.87

4.5 Confusion Matrices

Figure 2 shows the confusion matrix of DynaEFace on FERV39k. The model
achieves the highest recognition rates for Happy (68.91%), Neutral (54.29%),
and Sad (52.55%), which are among the most frequent and visually distinguish-
able categories in the dataset. Angry is correctly classified in 49.70% of cases,
although confusion with Neutral (22.53%) and Sad (13.92%) remains notice-
able, likely due to the subtle and ambiguous nature of spontaneous anger ex-
pressions in unconstrained settings. Surprise remains difficult to recognize, with
only 26.02% correct predictions and frequent misclassification as Angry (23.82%)
and Neutral (20.22%). The most challenging categories are Disgust (12.63%) and
Fear (13.92%), which are often confused with other negative expressions, partic-
ularly Angry and Neutral. These results indicate that the proposed framework
effectively captures dominant expression patterns, while subtle and low-intensity
negative emotions remain challenging under real-world conditions.

5 Conclusion

In this paper, we presented DynaEFace, a lightweight CNN–Transformer frame-
work for dynamic facial expression recognition in the wild. By combining an
expression-oriented lightweight backbone with the proposed Post-Transformer
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Table 5. Comparison (%) with state-of-the-art methods on FERV39k. Bold denotes
the best result.

Method UAR WAR Method UAR WAR

C3D [15] 22.68 31.69 Former-DFER [74] 37.20 46.85
P3D [51] 23.20 33.39 LOGO-Former [44] 38.22 48.13
I3D-RGB [7] 30.17 38.78 NR-DFERNet [34] 33.99 45.97
R(2+1)D [55] 31.55 41.28 MIDAS [28] 39.20 47.37
3D-ResNet18 [18] 26.67 37.57 AEN [31] 38.18 47.88
VGG13+LSTM [62] 32.41 43.37 M3DFEL [58] 35.94 47.67
VGG16+LSTM [62] 30.43 41.47 GCA+IAL [32] 35.82 48.54
ResNet18+LSTM [62] 30.92 42.95 Dual-STI [35] 38.27 48.46
Two VGG13+LSTM [62] 32.79 44.54 NSNPNet [17] 37.80 46.40
Two ResNet18+LSTM [62] 31.28 43.20 SFT [25] 35.16 47.80

FreqHD [54] 32.24 43.93

DynaEFace (Ours) 39.72 48.86

Fig. 2. Experimental results of confusion matrix on FERV39K.

Channel Gating module and temporal attention pooling, the proposed frame-
work achieves an effective balance between recognition performance and com-
putational efficiency. Experimental results on the DFEW and FERV39K bench-
marks demonstrate competitive performance while requiring only 5.87M param-
eters and 5.23 GFLOPs. The ablation studies further validate the contribution of
each proposed component. Overall, these results show that accurate in-the-wild
DFER can be achieved without relying on computationally expensive architec-
tures, making DynaEFace well suited for deployment in resource-constrained
real-world applications. Future work will explore more efficient temporal mod-
eling and lightweight multimodal extensions for robust affective computing.
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