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Abstract—Various uncertainties stem from unpredictable ex-
pression evolution, data uncertainty, and unrobust models, signifi-
cantly downgrading the performance of dynamic facial expression
recognition (DFER). While deep learning-based methods have
made remarkable progress, they often struggle to effectively
handle these uncertainties, inevitably limiting their performance
in complex real-world scenarios. To deal with these uncer-
tainties, we propose an efficient and robust DFER framework
called Uncertainty Suppression Flow (UnSFlow), which integrates
three uncertainty suppression modules, namely: Uncertainty-
Constrained Augmentation (UCA), Dynamic Uncertainty-Guided
Network (DUGN), and Uncertainty Sharpness-Aware Minimiza-
tion (USAM). Firstly, to mitigate expression evolution uncer-
tainty, by introducing appropriate randomness, UCA is intro-
duced to enhance data diversity while maintaining augmenta-
tion consistency. Subsequently, by integrating the uncertainty
estimation branch for quantitative uncertainty modeling and
uncertainty-aware routing attention for adaptive feature refine-
ment, DUGN is designed to suppress data uncertainty through
hybrid spatiotemporal modeling. Finally, to tackle model un-
certainty, USAM regulates gradient perturbations via predic-
tive uncertainty to stabilize parameter updates and enhance
robustness for minority-class and ambiguous samples, thereby
achieving uncertainty-adaptive optimization. Extensive experi-
ments on two widely used in-the-wild datasets, DFEW and
FERV39k, demonstrate that UnSFlow achieves competitive or
superior performance compared with representative DFER meth-
ods in terms of recognition accuracy, computational efficiency,
and robustness, providing a practical and effective solution for
real-world dynamic facial expression recognition. Our code is
available at: https://github.com/QIcita/Uncertainty2Certainty.

Index Terms—Dynamic facial expression recognition, uncer-
tainty learning, emotion ambiguity.

I. INTRODUCTION

S INCE facial expressions play a key role in various do-
mains, e.g., social interactions [1], [2], psychological as-
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Fig. 1: Causes of Temporal Evolution Uncertainty in Dynamic
Facial Expressions. Variations in expression trajectories, where
an initially Neutral state transitions into distinct emotional
states such as Happy, Neutral, and Angry, highlight the
uncertainty challenges in accurately modeling spatiotemporal
dynamics in dynamic facial expression recognition.

sessment [3], and human-computer interaction (HCI) [4], [5],
it becomes a research focus in both academia and industry. In
general, facial expression recognition can be categorized into
two main types: Static Facial Expression Recognition (SFER)
[6] and Dynamic Facial Expression Recognition (DFER) [7].
SFER performs emotion recognition based solely on single-
frame images [8], making it difficult to capture the temporal
evolution of facial expressions and contextual relationships
between frames [9], thus limiting its applicability in real-world
scenarios. In contrast, by capturing the temporal evolution
of expressions, DFER can more accurately reflect emotional
changes, demonstrating greater adaptability and robustness in
dynamic and complex real-world environments [7].

However, despite the many advantages of current DFER
methods, the lack of in-depth analysis of uncertainties limits
their application. Specifically, 1) The insufficient analysis
of expression evolution uncertainty limits the modeling
of temporal dynamics. As shown in Fig. 1, dynamic facial
expressions exhibit complex evolution characteristics due to
the diversity of expression transition paths and uncertainties in
temporal scales. Existing methods typically rely on fixed time-
step feature extraction strategies, making it difficult to effec-
tively capture long-term temporal dependencies with high un-
certainty, thereby restricting their ability to extract fine-grained
dynamic features efficiently. 2) Ignoring data uncertainty
exacerbates feature confusion during learning. Variations
in collection devices, environmental conditions, and labeling
biases cause data uncertainty, inevitably leading to noise, am-
biguity, or feature confusion. These factors further increase the

https://github.com/QIcita/Uncertainty2Certainty
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Fig. 2: Uncertainty reduction workflow of the proposed
UnSFlow framework for dynamic facial expression recogni-
tion. UCA, DUGN, and USAM progressively suppress ex-
pression evolution uncertainty, data uncertainty, and model
uncertainty from data augmentation, feature modeling, and
optimization perspectives, respectively.

uncertainty in data distribution, making it difficult for models
to stably learn discriminative features. Such uncertainty not
only affects feature extraction but also results in unstable
decision boundaries, finally reducing classification accuracy.
3) The lack of constraints on model uncertainty weakens
expression discrimination capability. DFER datasets often
face the challenge of model uncertainty, where high feature
similarity between different expressions increases optimization
difficulty. This model’s uncertainty results in a downgrade
of recognition performance for minority expressions and the
ambiguity of categories. Additionally, gradient fluctuations
during training are inevitably amplified, making it difficult
for optimization to converge to a smoother loss landscape,
severely impacting classification reliability.

To address the aforementioned challenges, we propose
an efficient and robust dynamic facial expression recogni-
tion framework, Uncertainty Suppression Flow (UnSFlow),
which consists of three key modules to deal with three dif-
ferent uncertainties, i.e., Uncertainty-Constrained Augmenta-
tion (UCA), Dynamic Uncertainty-Guided Network (DUGN),
and Uncertainty Sharpness-Aware Minimization (USAM). As
illustrated in Fig. 2, these modules effectively suppress ex-
pression evolution uncertainty, data uncertainty, and model
uncertainty, respectively, thereby enhancing the model’s abil-
ity to learn complex dynamic expressions while improving
both robustness and generalization. Firstly, to ensure that
augmentation introduces sufficient diversity while avoiding
excessive randomness that may disrupt feature distributions,
UCA incorporates temporal consistency, mixing ratio, and
mixing granularity constraints to perform spatial-level block
mixing between samples of the same emotional category
but with different representations. This approach effectively
mitigates expression evolution uncertainty while preventing
feature distortion caused by overly random augmentations,
thus enabling the model to stably learn spatiotemporal features.
Next, DUGN combines short-term and long-term dynamic

modeling and integrates an Uncertainty Estimation Branch
along with an Uncertainty-Aware Routed Attention to cope
with data uncertainty. In particular, the Uncertainty Estimation
Branch quantifies feature uncertainty to guide the model in
dynamically adjusting feature weights, highlighting discrimi-
native regions while suppressing ambiguous features, thereby
enhancing the model’s capability to model complex expression
dynamics. The Uncertainty-Aware Routed Attention further
employs an uncertainty-guided multi-expert routing strategy
to adaptively adjust attention allocation, allowing the model to
accurately capture dynamic facial expression features and re-
ducing the interference of data uncertainty in feature learning.
Finally, by using the predictive entropy to adaptively adjust
the gradient perturbation magnitude, USAM incorporates an
uncertainty-driven gradient perturbation optimization strategy
to deal with model uncertainty, which enables the optimization
process to adapt to varying levels of uncertainty in the data dis-
tribution. During training, USAM focuses more effectively on
high-uncertainty samples while reducing gradient oscillations
in the optimization trajectory, which ensures a smoother loss
landscape, further alleviates model uncertainty, and improves
model generalization. Overall, UnSFlow models and mitigates
uncertainty at three levels, namely expression evolution, data
distribution, and model optimization, thereby improving the
robustness, generalization, and stability of DFER in complex
real-world scenarios.

In summary, our main contributions are as follows:
• We present a unified uncertainty suppression framework

for DFER that explicitly considers expression evolution
uncertainty, data uncertainty, and model uncertainty. Cor-
respondingly, UnSFlow integrates three uncertainty-aware
modules and constructs a robust learning pipeline from
augmentation, representation modeling, to optimization
for DFER tasks.

• Following a progressive uncertainty suppression strategy,
we design three modules to address different sources
of uncertainty. UCA balances randomness and consis-
tency through constrained augmentation to enhance gen-
eralization under diverse expression evolutions. Then,
DUGN dynamically models feature-level uncertainty and
adaptively refines attention to boost discriminability un-
der ambiguity. Finally, USAM adjusts sharpness-aware
perturbations based on predictive uncertainty, smoothing
optimization trajectories, and improving robustness for
minority and hard-to-learn expressions.

• Extensive experiments conducted on two widely used in-
the-wild DFER datasets, DFEW and FERV39k, validate
the effectiveness of our approach. The results demonstrate
that UnSFlow achieves competitive or superior perfor-
mance compared with representative DFER methods in
recognition accuracy, spatiotemporal feature modeling,
and adaptability to complex data distributions, showing
its practical value for real-world DFER applications.

II. RELATED WORK

A. Dynamic Facial Expression Recognition
DFER aims to model the temporal evolution of facial ex-

pressions and capture finer-grained emotional variations than
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Fig. 3: Overview of the proposed UnSFlow framework. (a) UCA introduces constrained intra-class video mixing to increase
expression diversity while preserving temporal consistency. (b) DUGN estimates feature reliability and performs uncertainty-
aware temporal modeling to suppress ambiguous spatiotemporal responses. (c) USAM adaptively scales sharpness-aware
perturbations according to predictive uncertainty to stabilize optimization.

SFER. Early methods mainly relied on handcrafted spatiotem-
poral descriptors, such as LBP-TOP [10] and HOG-TOP [11],
but their dependence on domain priors limits their adaptability
to complex in-the-wild scenarios. With the development of
deep learning, supervised visual DFER methods have become
a widely used paradigm. CNN-RNN based methods extract
spatial features with CNNs and model temporal dependencies
using RNNs, LSTMs, or GRUs [12]–[16], while 3D CNN-
based methods jointly learn spatiotemporal representations
[17]. For example, M3DFEL [18] adopts a multi-instance 3D
CNN framework to reduce the influence of noisy frames,
and IAL [19] improves class separation with intensity-aware
supervision. However, these supervised methods usually focus
on specific issues such as temporal modeling, noisy frames,
or class separation, while the joint modeling of multiple
uncertainty sources remains insufficiently explored.

Recently, Transformer- and graph-based methods have been
introduced to capture long-range dependencies and structured
facial dynamics [20] . These methods improve spatiotemporal
representation learning, but they may not explicitly model
data uncertainty and often introduce additional computational
cost. Beyond supervised visual DFER, recent studies also
explore self-supervised pre-training, vision-language learning,
and multimodal representation learning. For instance, MAE-
DFER [21] learns transferable representations through masked
autoencoding, DK-CLIP [22] incorporates domain knowledge
into vision-language pre-training, and AVF-MAE++ [23] ex-
ploits audio-visual masked pre-training. Although these meth-

ods have advanced DFER from the perspectives of repre-
sentation pre-training and cross-modal knowledge transfer,
their construction and deployment usually require additional
resources, such as large-scale pre-training data, external textual
knowledge, or synchronized audio-visual inputs. In practical
in-the-wild scenarios, such requirements may increase data
collection cost, training complexity, and dependence on modal-
ity availability. Therefore, it remains necessary to improve the
robustness of visual DFER models under standard supervised
settings, especially when only facial video inputs are available.

Overall, existing DFER studies have improved dynamic
expression recognition from different perspectives. How-
ever, many of them mainly enhance representation capacity
through stronger architectures, external knowledge, or addi-
tional modalities, while the uncertainties inherent in visual
DFER data are still not systematically addressed. In contrast,
UnSFlow focuses on the uncertainty sources within the visual
DFER pipeline itself and progressively suppresses expres-
sion evolution uncertainty, data uncertainty, and model un-
certainty through constrained augmentation, uncertainty-aware
spatiotemporal modeling, and uncertainty-guided optimization.

B. Uncertainty Learning

Uncertainty learning aims to improve model reliability
under unreliable predictions, ambiguous supervision, and dis-
tributional variation [24], [25]. Representative studies include
Bayesian deep learning [26] and Monte Carlo Dropout [27],
which estimate predictive uncertainty through probabilistic
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Fig. 4: Comparison of different temporal constraints in UCA.

modeling or stochastic inference. Recent FER studies also
address uncertainty caused by ambiguous expressions and
noisy labels through label distribution learning or landmark-
aware reliability modeling [28], [29]. However, most of these
methods mainly focus on static images, prediction confi-
dence, or label-level ambiguity. For DFER, uncertainty also
arises from temporal expression evolution, low-intensity or
noisy visual observations, and unstable learning from hard
or mislabeled samples [19], [30]. Our recent work HDF [31]
explored distributional heterogeneity in DFER through robust
optimization, but it does not explicitly coordinate uncertainty
suppression across augmentation, spatiotemporal modeling,
and optimization.

From the data perspective, augmentation can be regarded as
a practical way to regulate training distribution uncertainty by
enlarging the observed sample space [32]–[35]. Mixup [36]
and CutMix [37] are widely used in static recognition tasks,
while AutoAugment [38] and UDA [39] show that augmenta-
tion strength should be carefully controlled to avoid excessive
distribution shift or insufficient regularization. For video-based
expression recognition, independent frame-wise perturbations
may break temporal continuity, and unconstrained region mix-
ing may introduce semantic drift. Therefore, DFER augmenta-
tion should increase data diversity while preserving temporal
coherence and expression semantics.

Overall, existing studies improve robustness by estimating
prediction uncertainty, handling ambiguous labels, enlarging
training distributions, or stabilizing optimization. However,
they usually address individual uncertainty factors, while the
coupled uncertainty sources in DFER remain insufficiently co-
ordinated. In contrast, UnSFlow treats uncertainty suppression
as a progressive pipeline and mitigates expression evolution
uncertainty, data uncertainty, and model uncertainty through
constrained augmentation, uncertainty-aware spatiotemporal
modeling, and uncertainty-guided optimization, respectively.

III. PROPOSED METHOD

Fig. 3 depicts the proposed UnSFlow framework, which
consists of three key modules: UCA, DUGN, and USAM.
Specifically, UCA introduces constrained intra-class video
mixing to enrich expression variations while controlling
augmentation-induced distributional deviation within a learn-
able range. Then, DUGN combines short-term and long-
term spatiotemporal modeling, where the Uncertainty Estima-
tion Branch estimates feature reliability and the Uncertainty-

Algorithm 1 The workflow of UCA
Require: Original Video Iu ∼ Q, Perturbation Video Is ∼ Q,
dimensions (T,H,W )
Require: Mixing Ratio Constraint λ, Mixing Granularity
Constraint B
Output: Augmented Video Imix ∼ PA, dimensions
(T,H,W )

1: np =
(
H
B

)
×
(
W
B

)
{Compute the number of spatial blocks

per frame}
2: nm = int(λ×np) {Compute the number of masked spatial

blocks per frame}
3: µ = [0]×(np−nm)+[1]×nm {Initialize a binary spatial

block mask}
4: µ = shuffle(µ) {Shuffle the spatial mask array}
5: µ = µ.reshape

(
H
B , W

B

)
{Reshape to spatial block layout}

6: µ = np.repeat(np.repeat(µ,B, axis = 0), B, axis = 1)
{Expand to frame size}

7: µ̂ = np.tile(µ, (T, 1, 1)) {Share the same spatial mask
across frames to enforce temporal consistency}

8: µ̂ = µ̂.unsqueeze(1) {Add the channel dimension}
9: Imix = Iu ∗ (1 − µ̂) + Is ∗ µ̂ {Perform uncertainty-

constrained intra-class augmentation}
10: return Imix

Aware Routed Attention adaptively selects reliable tokens
for attention refinement. This approach suppresses noise and
emphasizes key spatiotemporal features, thereby improving
the model’s ability to perceive dynamic expressions. Finally,
USAM introduces uncertainty-driven perturbation adjustments
during optimization to smooth gradient updates, improving
the model’s adaptability to class imbalance and noise. By
integrating these three modules, UnSFlow forms a progressive
uncertainty suppression pipeline that controls augmentation-
induced uncertainty, suppresses feature-level uncertainty, and
stabilizes optimization uncertainty from data, representation,
and parameter perspectives, respectively.

A. Uncertainty-Constrained Augmentation (UCA)

To alleviate classification confusion caused by diverse ex-
pression evolution, UCA introduces controlled intra-class per-
turbations during training. Specifically, UCA constructs mixed
videos between samples from the same emotion category,
increasing expression variation while reducing the risk of
semantic drift. Since dynamic facial expressions contain con-
tinuous temporal evolution, the augmentation process should
enlarge the training distribution while preserving temporal
coherence and semantic stability.

Generally, following the KL-divergence-based view for
measuring the discrepancy between two distributions [40],
[41], the augmentation-induced distributional deviation can be
intuitively described as:

DKL(PA∥Q) =
∑
x∈X

PA(x) · log
PA(x)

Q(x)
, (1)
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Fig. 5: Structures of (a) the Uncertainty Estimation Branch and (b) the Uncertainty-Aware Routed Attention. UEB estimates
uncertainty-aware weights for short-term and long-term features through dropout-based uncertainty modeling, while UARA
uses uncertainty-adjusted routing to allocate attention to stable and discriminative tokens.

where PA(x) and Q(x) represent the distributions of the
augmented and original data, respectively.

In this formulation, PA(x) reflects the augmented sam-
ple distribution generated by the mixing operation, while
log PA(x)

Q(x) characterizes its discrepancy from the original dis-
tribution. Accordingly, UCA introduces practical constraints to
regulate both the deviation magnitude and the structural form
of PA. The mixing ratio λ controls the proportion of replaced
regions, thereby adjusting the perturbation strength and the
discrepancy term log PA(x)

Q(x) . The block size B determines
the spatial granularity of the selected regions, affecting the
local structural composition of PA(x) while limiting facial
structure distortion. To further constrain the temporal structure
of PA(x), UCA shares the selected spatial mixing regions
across frames. Compared with independently sampling masks
for different frames, this tube-wise mask-sharing strategy
preserves the temporal continuity of expression evolution and
avoids abrupt frame-wise perturbations. In this way, λ controls
the perturbation magnitude, B regulates the spatial structure of
the mixed regions, and temporal mask sharing constrains the
temporal coherence of the augmented distribution. Together,
these constraints balance augmentation diversity, facial struc-
ture preservation, and temporal consistency.

Alg. 1 illustrates the implementation of UCA. Specifically,
UCA first generates a binary spatial block mask according
to the mixing ratio λ and the block size B, and then tiles
the same mask along the temporal dimension to construct
tube-wise coherent mixing regions, as shown in Fig. 4(b).
This design differs from frame-wise independent masking,
where different masks are sampled for different frames and
may disrupt the continuity of expression evolution. Thus, the
mixing ratio controls the replaced region proportion, the block
size determines the spatial granularity, and temporal mask
sharing maintains coherent perturbation patterns across frames.
These constraints jointly reduce excessive perturbations and
help preserve the semantic stability of augmented videos.

B. Dynamic Uncertainty-Guided Network (DUGN)

1) Overview: DUGN aims to effectively capture the spa-
tiotemporal dependencies of dynamic facial expressions by
integrating short-term and long-term spatiotemporal model-
ing with uncertainty-guided mechanisms. The input video

Algorithm 2 The operation flow of USAM
Requirements: Optimizer O, model parameters Wt, base
perturbation radius ρ, uncertainty weight α
Input: Loss function L, mini-batch D
Output: Updated model parameters WUSAM

t+1

1: Compute gradient ∇L(Wt) on D
2: Estimate entropy-based uncertainty: u = −

∑
pi log pi

3: Compute dynamic perturbation: ρdyn = ρ+ α · u
4: Calculate perturbation: ϵ = ρdyn

|∇L(Wt)|2∇L(Wt)
5: Compute adversarial weight: Wadv = Wt + ϵ
6: Compute adversarial gradient: ∇L(Wadv)
7: Update parameters: WUSAM

t+1 = Wt − η∇L(Wadv)

sequence is first divided into overlapping sliding windows to
ensure temporal coherence and smooth contextual transitions
between windows. Each window undergoes spatiotemporal
feature extraction using R3D [42]. Then, through the Uncer-
tainty Estimation Branch, these window-level features are used
to generate short-term and long-term temporal representations,
and the estimated uncertainty is further used to adjust their
contribution weights. Next, bidirectional temporal modeling
is applied to further aggregate frame-wise information through
self-attention mechanisms.

Finally, the Uncertainty-Aware Routed Attention refines
token-wise attention allocation by suppressing unreliable re-
sponses and emphasizing more discriminative features, thereby
improving the spatiotemporal representation for downstream
classification.

2) The Uncertainty Estimation Branch: As shown in Fig. 5
(a), the Uncertainty Estimation Branch is designed to tackle
the high-entropy phenomenon in feature distributions caused
by data uncertainty, which inevitably downgrades feature
quality.

To address this issue, it estimates the uncertainty of short-
term and long-term temporal features and converts uncer-
tainty cues into reliability-aware weights for adaptive feature
fusion. Specifically, we estimate feature uncertainty using a
Monte Carlo approach, where multiple forward passes under
Monte Carlo Dropout generate different sampled representa-
tions {x(m)

i }Mm=1 for each feature xi. The empirical variance
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of each feature is computed as:

Var(xi) =
1

M − 1

M∑
m=1

(
x
(m)
i − xi

)2
, (2)

xi =
1

M

M∑
m=1

x
(m)
i , (3)

where Var(xi) represents the model’s predictive uncertainty
for that feature. The variance values are then converted into a
normalized stability distribution:

p(xi) =
exp

(
−Var(xi)

)∑
k exp

(
−Var(xk)

) . (4)

Due to the negative exponential mapping, lower-variance
features obtain larger stability responses. Based on this dis-
tribution, the entropy of short-term and long-term features is
computed as:

Hshort = −
∑
i

p(xi) log p(xi), (5)

Hlong = −
∑
j

p(xj) log p(xj). (6)

To dynamically adjust the contributions of different tem-
poral features, we use entropy-based reliability weighting.
The weight assigned to each temporal branch is inversely
proportional to its entropy, which ensures high-quality low-
entropy features are emphasized while noisy high-entropy
features are relatively suppressed:

wshort =
1

Hshort + γ
, (7)

wlong =
1

Hlong + γ
, (8)

where γ is a smoothing constant that prevents numerical
instability when entropy values are close to zero.

After obtaining channel-wise stability responses, we apply
a pooling strategy to obtain branch-level reliability-aware
modulation scores, denoted as rshort and rlong. These scores
represent the relative reliability of short-term and long-term
features, rather than their raw uncertainty.

When fusing the short-term and long-term representations,
we combine entropy-based weights with reliability-aware
modulation scores:

x̃short = xshort ·
(
1 + β · wshort · rshort

)
, (9)

x̃long = xlong ·
(
1 + β · wlong · rlong

)
, (10)

and then combine them as follows:

xfused = x̃short + x̃long. (11)

Through this entropy-guided reliability modulation, more
stable temporal responses are assigned larger effective con-
tributions, while high-entropy responses are prevented from
dominating the fusion process.

Moreover, by leveraging uncertainty estimation and
reliability-aware feature modulation, the Uncertainty Estima-
tion Branch improves short-term and long-term spatiotemporal
fusion for DFER.

3) Uncertainty-Aware Routed Attention: Fig. 5 (b) illus-
trates the structure of the proposed Uncertainty-Aware Routed
Attention (UARA) module, which integrates uncertainty mod-
eling with a routing strategy inspired by the Mixture-of-
Experts mechanism [43]. Specifically, UARA employs Monte
Carlo sampling to estimate token-wise predictive uncertainty
and derives dynamic routing scores to guide attention alloca-
tion. By assigning lower weights to high-uncertainty features
and amplifying attention on more reliable regions, UARA
effectively suppresses noisy signals and enhances the model’s
robustness and discriminative capacity in DFER tasks.

First, given the input features X ∈ RB×N×C , a Monte Carlo
Dropout branch estimates the predictive variance Var(xi)
for each token xi. This variance is then converted via a
sigmoid activation into an uncertainty score ui, with higher ui

indicating a more unreliable feature. Next, these uncertainty
scores dynamically adjust the routing weights of shared and
routed heads. For the shared heads, we define them as follows:

gshared
i = α1 · Softmax

(
Ws xi

)
, (12)

For the routed heads, we focus on tokens whose uncertainty
is relatively lower, following a top-k strategy:

grouted
i =

{
α2 · Softmax

(
Wr xi

)
(1− ui), if i ∈ top-k,

0, otherwise.
(13)

Specifically, the top-k selection is performed according to
the uncertainty-adjusted routing response Softmax(Wrxi)(1−
ui), so routing candidates with stronger activation and lower
uncertainty are preferred.

We then combine them into a total routing weight: gi =
gshared
i + grouted

i , with α1, α2 being adaptively learned via
[α1, α2] = Softmax

(
Wh xi

)
. During the attention stage,

Uncertainty-Aware Routed Attention further modifies each
query vector qi based on ui to emphasize low-uncertainty (i.e.,
more reliable) features: qadjusted

i = qi ·
(
1− ui

)
. The adjusted

query vectors qadjusted
i are then aggregated into a full query

matrix Qadjusted across all tokens, where Qadjusted = Q·(1−U),
which ensures a consistent uncertainty-aware modulation be-
fore applying scaled dot-product attention:

Attn(Q,K,V) = Softmax
(Qadjusted K⊤

√
d

)
V. (14)

Hence, high-uncertainty or noisy tokens are downweighted,
which allows more attention to be devoted to regions of greater
value.

Overall, by integrating Monte Carlo-based uncertainty es-
timation with uncertainty-adjusted routing and query mod-
ulation, UARA prioritizes reliable tokens without changing
the original attention computation pipeline. This mechanism
effectively strengthens the model’s capacity for discrimination
and generalization in dynamic facial expression recognition.

C. Uncertainty Sharpness-Aware Minimization (USAM)

USAM extends sharpness-aware minimization [51] by intro-
ducing uncertainty-guided dynamic perturbation scaling. This
enhances the trade-off between local flatness and loss mini-
mization, mitigating gradient oscillations and local overfitting
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TABLE I: Comparison (%) of our UnSFlow with state-of-the-art methods on DFEW. (Hap.: happiness, Sad.: sadness, Neu.:
neutral, Ang.: anger, Sur.: surprise, Dis.: disgust and Fea.: fear.) (Bold: Best, Underline: Second best.)

Method Venue Accuracy of Each Emotion(%) Metrics (%) FLOPs
(G)

Hap. Sad. Neu. Ang. Sur. Dis. Fea. WAR UAR
ResNet18+LSTM [44] ACM MM’20 78.00 40.65 53.77 56.83 45.00 4.14 21.62 53.08 42.86 7.78

EC-STFL [44] ACM MM’20 79.18 49.05 57.85 60.98 46.15 2.76 21.51 56.51 45.35 8.32
Former-DFER [20] ACM MM’21 84.05 62.57 67.52 70.03 56.43 3.45 31.78 65.70 53.69 9.11
Logo-Former [45] ICASSP’23 85.39 66.52 68.94 71.33 54.59 0.00 32.71 66.98 54.21 N/A

T-MEP [46] T-CSVT’24 N/A N/A N/A N/A N/A N/A N/A 68.85 57.16 24.70
GCA+IAL [19] AAAI’23 87.95 67.21 70.10 76.06 62.22 0.00 26.44 69.24 55.71 9.63
M3DFEL [18] CVPR’23 89.59 68.38 67.88 74.24 59.69 0.00 31.63 69.25 56.10 1.65
LG-DSTF [7] T-MM’24 N/A N/A N/A N/A N/A N/A N/A 69.82 58.89 N/A
RDFER [47] T-BIOM’25 89.69 69.22 70.18 71.47 62.08 0.69 28.71 69.73 56.93 N/A
CLIPER [48] ICME’24 N/A N/A N/A N/A N/A N/A N/A 70.84 57.56 N/A
KFE-SC [49] Inf. Sci.’25 89.12 68.11 71.33 78.27 63.25 4.02 33.86 70.30 57.35 N/A

ST-RDGCN [50] T-AFFC’25 89.57 69.92 62.17 79.31 62.24 20.69 30.39 69.37 59.18 30.38
HDF [31] ACM MM’25 89.67 71.20 67.42 73.03 64.44 12.41 41.63 71.60 60.40 N/A

UnSFlow (Ours) - 90.27 70.58 69.04 77.31 60.88 26.89 37.63 72.29 62.64 2.90

Fig. 6: Over- and under-augmentation constraints in UCA and
their effects on DFEW (fd5). The top and bottom plots show
the effects of the mixing granularity constraint and the mixing
ratio constraint, respectively.

caused by model uncertainty. Sharpness-aware minimization
applies a perturbation ϵ to the parameters Wt, jointly mini-
mizing both the sharpness and the value of the loss function:

LSAM(Wt) = max
|ϵ|2≤ρ

L(Wt + ϵ), (15)

where ρ is a fixed perturbation radius controlling local flatness.
However, for imbalanced or ambiguous training samples, a
fixed perturbation radius may not adapt to different uncer-
tainty levels. To address this, USAM dynamically adjusts
ρdyn according to entropy-based predictive uncertainty: ρdyn =
ρ+α · u, where u = −

∑
pi log pi. High-uncertainty samples

usually lie near ambiguous or noisy decision regions, and
a larger local perturbation radius encourages the optimizer
to search for flatter neighborhoods around these unstable
samples. In the first optimization step, USAM computes an
adaptive perturbation ϵ:

ϵ =
ρdyn

|∇L(Wt)|2
∇L(Wt), (16)

which is further employed to generate an adversarial weight
perturbation:

Wadv = Wt + ϵ. (17)

Instead of directly updating Wt, USAM first computes
the gradient at the perturbed weights Wadv , i.e., ∇L(Wadv).
Finally, the parameters are updated using the adversarial
gradient:

WUSAM
t+1 = Wt − η∇L(Wadv). (18)

As depicted in Alg. 2, by incorporating uncertainty-
driven perturbation scaling and adversarial gradient evalua-
tion, USAM applies stronger smoothing to high-uncertainty
samples, achieving robust optimization for dynamic facial
expression recognition.

IV. EXPERIMENTS

A. Experimental Setup

1) Datasets: We conduct experiments on two widely used
in-the-wild DFER datasets, namely DFEW [44] and FERV39k
[52]. DFEW contains over 16,000 video clips collected from
more than 1,500 films worldwide, covering challenging factors
such as illumination changes, pose variations, and complex
backgrounds. Each clip is annotated by ten trained annotators
and assigned to one of seven basic expression categories:
happiness, sadness, neutral, anger, surprise, disgust, and fear.
FERV39k contains 38,935 video clips from 4 coarse scenes
and 22 fine-grained scenes, providing a challenging benchmark
for evaluating DFER models under diverse real-world and
cross-scene conditions. Each clip is annotated by 30 profes-
sional annotators using the same seven expression categories
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TABLE II: Comparison (%) of UnSFlow with the state-of-the-art methods on FERV39k. (Bold: Best, Underline: Second best.)

Method Accuracy of Each Emotion(%) Metrics (%)

Hap. Sad. Neu. Ang. Sur. Dis. Fea. WAR UAR
ResNet18+LSTM [52] 61.91 31.95 61.70 45.93 14.26 0.00 0.70 42.59 30.92
VGG13+LSTM [52] 66.26 51.26 53.22 37.93 13.64 0.43 4.18 43.37 32.42

2C3D [52] 54.85 52.91 60.67 31.34 5.96 2.36 6.96 41.77 30.72
2ResNet18+LSTM [52] 59.00 45.87 61.90 40.15 9.87 1.71 0.46 43.20 31.28
2VGG13+LSTM [52] 69.65 47.31 52.55 47.88 7.68 1.93 2.55 44.54 32.79

Former-DFER [20] 65.65 51.33 56.74 43.64 21.94 8.57 12.53 46.85 37.20
M3DFEL [18] N/A N/A N/A N/A N/A N/A N/A 47.67 35.94
GCA+IAL [19] N/A N/A N/A N/A N/A N/A N/A 48.54 35.82

Logo-Former [45] N/A N/A N/A N/A N/A N/A N/A 48.13 38.22
LG-DSTF [7] N/A N/A N/A N/A N/A N/A N/A 48.19 39.84
MICACL [53] N/A N/A N/A N/A N/A N/A N/A 48.57 40.25
RDFER [47] N/A N/A N/A N/A N/A N/A N/A 48.60 36.47

CFAN-SDA [54] 69.65 49.46 62.21 46.20 22.26 11.56 15.55 49.48 39.56

UnSFlow (Ours) 73.18 55.30 47.86 41.75 34.64 19.27 18.79 49.69 41.54

TABLE III: The importance of UCA, DUGN, and USAM in
the proposed UnSFlow framework on DFEW (fd5).

Setting Method Metric

UCA DUGN USAM WAR UAR
a ✗ ✗ ✗ 68.58 58.14

b " ✗ ✗ 71.62 62.92
c ✗ " ✗ 69.61 58.95
d ✗ ✗ " 71.23 59.46

e " " ✗ 71.79 61.16
f " ✗ " 72.90 62.83
g ✗ " " 70.38 59.44

h " " " 73.54 65.14

TABLE IV: Ablation study of UEB and UARA in DUGN on
DFEW (fd5).

Setting DUGN Metric

UEB UARA WAR UAR
a ✗ ✗ 72.90 62.83
b " ✗ 73.29 62.76
c ✗ " 73.24 64.22
d " " 73.54 65.14

as DFEW. We use the official training and test splits of
FERV39k for fair comparison.

2) Metrics: Following previous DFER methods, we adopt
weighted average recall (WAR) and unweighted average recall
(UAR) as the main evaluation metrics. WAR reflects overall
recognition performance under the original class distribution,
while UAR measures the average recall across all categories
and better evaluates class-balanced recognition under imbal-
anced data distributions.

3) Implementation Details: In our experiments, all images
are resized to 112 × 112, and 16 frames are evenly sam-
pled from each video as input. We adopt random cropping,
horizontal flipping, and color jitter with a factor of 0.4 for
data augmentation. The backbone is the standard R3D model
initialized with Torchvision pre-trained weights. The model is
trained for 300 epochs with a cosine learning rate scheduler

TABLE V: Ablation study of the temporal consistency con-
straint in UCA on DFEW (fd5).

Setting Method WAR UAR

a w/o UCA 70.38 59.44

b UCA w/o tcc 71.15 61.38

c UCA w/ tcc 73.54 65.14

and a 20-epoch warm-up period, and the batch size is set to
64. The initial learning rate is set to 7× 10−4, the minimum
learning rate is 5×10−6, and the weight decay is 0.05. AdamW
is used as the base optimizer, and USAM is applied on top of
it with the base perturbation radius ρ = 0.05 and uncertainty
weight α = 0.1. For DUGN, the sliding window size and stride
are set to 4 and 2, respectively, producing 7 temporal windows
for each video. The dropout probability in the uncertainty
branches is set to 0.1, and the number of MC Dropout samples
is set to M = 5 during training.

B. Experimental Results

In this section, we compare the proposed UnSFlow with
representative DFER methods on the DFEW and FERV39k
benchmarks. Following the common evaluation setting in
DFER, we mainly focus on visual video-based methods that
use facial expression clips as input, so as to provide a fair
comparison under the same recognition paradigm.

1) Comparison on the DFEW Dataset: Consistent with pre-
vious works, we employ the 5-fold cross-validation protocol
on DFEW, and the results are reported in Tab. I.

As shown in Tab. I, UnSFlow achieves competitive over-
all performance under the visual video-based DFER setting,
obtaining the best results in both WAR and UAR among the
compared methods. Compared with CNN-RNN based meth-
ods, Transformer-based methods, and recent uncertainty- or
graph-enhanced DFER models, UnSFlow shows a consistent
advantage in balanced recognition performance. This indicates
that jointly modeling expression evolution uncertainty, data
uncertainty, and model uncertainty can improve the robustness
of dynamic expression representation learning.
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Fig. 7: The visualization of separate loss landscape on DFEW (fd5), optimized
by AdamW, SAM and our USAM respectively.

TABLE VI: Comparison of results
when using AdamW, SAM and
USAM respectively on DFEW (fd5).

Setting Method WAR UAR

a AdamW 71.79 61.16
b SAM 72.17 64.22
c USAM 73.54 65.14

TABLE VII: Computational cost analysis of DUGN compo-
nents. Since UCA and USAM are training-stage components,
the inference-time cost mainly comes from DUGN. All results
are measured under the same input setting.

DUGN FLOPs
(G / ∆)

Mem.
(MB)

Time
(ms/iter) FPS

UEB UARA

✗ ✗ 2.81 / – 273 6.37 157
" ✗ 2.89 / +2.9% 333 7.08 141
" " 2.90 / +3.3% 340 7.25 138

At the category level, UnSFlow also performs favorably on
several small-sample or visually ambiguous expressions, such
as disgust, surprise, and fear. These categories are usually
more sensitive to class imbalance, weak expression intensity,
and inter-class feature confusion. The improved recognition
on these challenging categories suggests that the proposed
uncertainty suppression pipeline helps reduce ambiguous fea-
ture responses and enhances the model’s ability to distinguish
difficult expressions in the wild. Overall, the results on DFEW
validate the effectiveness of UnSFlow for robust visual DFER.

2) Comparison on the FERV39k Database: As shown in
Tab. II, UnSFlow achieves competitive WAR and UAR on the
large-scale FERV39k dataset, which contains diverse scenes
and complex in-the-wild variations. This result further indi-
cates the robustness and scalability of the proposed uncertainty
suppression framework.

We also observe a class-wise trade-off. While several dif-
ficult categories, such as disgust and fear, are improved,
the accuracy of Neutral slightly decreases. This phenomenon
can be interpreted as a class-wise trade-off under ambiguous
video-level annotations. In imbalanced and ambiguous in-the-
wild DFER datasets, Neutral often acts as a broad and low-
risk category, since low-intensity, transitional, or uncertain
emotional states may be annotated as Neutral. By introduc-
ing uncertainty-aware augmentation, feature refinement, and
optimization, UnSFlow becomes more sensitive to difficult
categories and reduces over-reliance on broad ambiguous-
category patterns. Meanwhile, the relatively lower accuracy
on Anger may be related to its visual overlap with high-
arousal expressions such as Fear, Surprise, and Disgust,
which may share upper-face tension, eye-region activation,
and mouth-region changes under complex scene variations.
Overall, although some class-wise trade-offs remain, UnSFlow
achieves better balanced recognition performance, as reflected

by the improvement in UAR, and improves robust DFER
performance under large-scale in-the-wild conditions.

C. Ablation Studies

We conduct ablation studies to validate the effectiveness of
the main components in UnSFlow, including UCA, DUGN,
and USAM. In the baseline setting, we use R3D, BiLSTM, and
conventional self-attention for spatiotemporal feature learning,
and adopt cross-entropy loss for optimization. We then pro-
gressively introduce UCA, DUGN, and USAM to analyze their
individual and combined contributions.

1) The Importance of Our Designed Modules: As shown
in Tab. III, each module contributes positively to the overall
performance of UnSFlow.

Adding UCA improves the baseline by introducing con-
strained intra-class variations while preserving temporal con-
sistency, indicating the benefit of controlling expression evo-
lution uncertainty at the data level. Introducing DUGN further
enhances spatiotemporal representation learning by estimating
feature reliability and refining uncertain temporal responses.
When USAM is incorporated, the model obtains additional
gains, suggesting that uncertainty-aware perturbation scaling
helps stabilize optimization for ambiguous and hard-to-learn
samples.

The results with different module combinations further show
that UCA, DUGN, and USAM are complementary rather
than isolated improvements. UCA acts on the augmentation
process, DUGN refines feature representation, and USAM
regularizes the optimization trajectory. Their joint integration
achieves the strongest overall performance, validating the
effectiveness of progressively suppressing uncertainty from
data, representation, and optimization perspectives.

We further analyze the two key components in DUGN,
namely the UEB and UARA, as shown in Tab. IV. Using
either UEB or UARA improves the baseline, indicating that
temporal reliability estimation and uncertainty-aware routed
attention are both useful for reducing feature-level uncertainty.
Their combination achieves the best performance among the
compared DUGN variants, showing that reliability modeling
and routed attention refinement provide complementary bene-
fits for robust spatiotemporal feature learning.

2) Hyperparameter Analysis of UCA: We analyze two key
hyperparameters in UCA: the mixing ratio λ, and the block
size B. Here, λ controls the proportion of replaced regions,
B determines the spatial granularity of block-wise mixing.
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Ours: Happiness (0.90) ✓ Baseline: Neutral (0.82) ✗GT: Happiness

AU Prior: AU6 Cheek Raiser + AU12 Lip Corner Puller

Ours: Anger (0.86) ✓ Baseline: Surprise (0.61) ✗GT: Anger

AU Prior: AU4 Brow Lowerer + AU5 Upper Lid Raiser + AU7 Lid Tightener + AU23 Lip Tightener

Ours: Surprise (0.66) ✓ Baseline: Sadness (0.92) ✗GT: Surprise

AU Prior: AU1 Inner Brow Raiser + AU2 Outer Brow Raiser + AU5 Upper Lid Raise + AU26 Jaw Drop

Fig. 8: Grad-CAM visualization with AU-based interpretation on representative DFEW samples. The listed common AU cues
are used only for post-hoc interpretation and are not used during training.

As shown in Fig. 6, λ and B jointly affect the trade-off
between augmentation diversity and semantic consistency. A
moderate λ introduces useful intra-class variations, whereas
an overly large or small value may cause semantic drift or
insufficient regularization. Similarly, B controls the granularity
of spatial perturbations: a smaller B produces fine-grained
local mixing, while a larger B leads to coarser regions
and stronger structural continuity within each block. Thus,
appropriate settings of λ and B are important for balancing
local variation and facial structure preservation.

Tab. V further shows the effect of the temporal consistency
constraint. Compared with the ablated variant without tempo-
ral consistency, where masks are independently sampled for
different frames, the default UCA with temporal mask sharing
achieves better performance. This indicates that coherent tube-

wise mixing across frames helps preserve expression evolution
and reduce augmentation-induced temporal disruption.

3) The Effectiveness of USAM Compared to AdamW and
Sharpness-Aware Minimization: We compare USAM with
AdamW and Sharpness-Aware Minimization (SAM) to eval-
uate the effect of uncertainty-aware optimization. As shown
in Fig. 7 and Tab. VI, USAM achieves better WAR and
UAR than AdamW and SAM under the same training setting.
AdamW provides a standard optimization baseline but does not
explicitly consider local sharpness or predictive uncertainty.
SAM improves optimization robustness by searching for flatter
local regions with a fixed perturbation radius. However, a
fixed perturbation strategy may be less adaptive when training
samples exhibit different uncertainty levels.

USAM extends SAM by dynamically adjusting the pertur-
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Fig. 9: Visualization of the feature distribution learned by the
baseline (left) and our method (right) on DFEW (fd5) and
FERV39k.

bation radius according to predictive uncertainty. This design
allows the optimizer to apply uncertainty-aware smoothing
during training, which is especially useful for ambiguous or
hard-to-learn samples. As a result, USAM obtains more stable
optimization behavior and better recognition performance in
the later training stages. These results suggest that uncertainty-
aware perturbation scaling can better adapt the optimization
process to the uncertain and imbalanced nature of in-the-wild
DFER data.

D. Computational Cost Analysis

To evaluate the efficiency of the proposed uncertainty-aware
modeling, we report the inference cost under different DUGN
configurations in Tab. VII, including FLOPs, GPU memory,
time per iteration, and FPS. Since UCA and USAM are only
used during training for data augmentation and optimization,
respectively, they do not introduce additional inference FLOPs.
Therefore, the inference-time overhead of UnSFlow mainly
comes from DUGN. The results show that introducing UEB
and UARA of DUGN only brings limited extra computational
and runtime cost, while the model still maintains efficient
inference speed. Moreover, the additional overhead intro-
duced by UARA over UEB is marginal, indicating that the
uncertainty-aware routed attention can refine features with
little extra computation.

E. Visualization

1) Grad-CAM Visualization with AU-based Interpretation:
To interpret the learned activation patterns, we visualize rep-
resentative DFEW samples using Grad-CAM [55] and relate

Ours: Fear (0.65) ✗GT: Anger

Ours: Anger (0.69) ✗GT: Neutral

Fig. 10: Failure case analysis under ambiguous real-world
expressions. These examples illustrate remaining challenges
caused by ambiguous Neutral annotations and overlapping
facial action patterns among high-arousal emotions.

the highlighted regions to commonly recognized emotion-AU
associations defined in FACS/EMFACS [56], [57]. The listed
AUs correspond to the ground-truth emotion categories and are
used only as post-hoc interpretive cues, rather than as training
supervision, automatic AU annotations, or additional model
inputs.

As shown in Fig. 8, UnSFlow produces activation regions
that are more consistent with emotion-related AU cues. For
Happiness, it focuses on cheek and mouth-corner regions
associated with AU6 and AU12; for Anger, it attends to
brow, eye, and mouth tension related to AU4, AU5, AU7,
and AU23; and for Surprise, it highlights brow, eye, and
mouth regions associated with AU1, AU2, AU5, and AU26. In
contrast, the baseline tends to produce broader or less specific
activations, leading to confusion with Neutral, Surprise, or
Sadness in these examples. These results suggest that the
proposed uncertainty suppression pipeline helps reduce am-
biguous responses and encourages the model to focus on more
stable and emotion-discriminative facial dynamics.

2) Visualization of Loss Landscape: We adopt a visual-
ization method similar to SAM [58] to analyze the loss
landscape of the model, with results shown in Fig. 7. For a fair
comparison, SAM and USAM use the same base perturbation
radius as specified in the implementation details. Compared
with AdamW and SAM, USAM produces a relatively flatter
landscape by adapting the perturbation magnitude according
to predictive uncertainty. This observation is consistent with
the motivation of USAM, indicating that uncertainty-aware
perturbation scaling can help reduce optimization sensitivity
for ambiguous and high-uncertainty samples.

3) Visualization of t-SNE: We use t-SNE [59] to analyze the
feature distributions learned by the baseline and our method, as
shown in Fig. 9. For both DFEW and FERV39k, the proposed
method produces more compact intra-class feature distribu-
tions and clearer inter-class boundaries compared with the
baseline. This suggests that UnSFlow improves discriminative
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representation learning and helps reduce feature entanglement
among ambiguous or minority expression categories.

F. Limitations and Future Work

Although UnSFlow improves DFER performance by pro-
gressively mitigating uncertainty from augmentation, represen-
tation learning, and optimization perspectives, several chal-
lenges remain in complex in-the-wild scenarios. As shown
in Fig. 10, some remaining errors are closely related to the
intrinsic ambiguity of dataset annotations and the mismatch
between discrete emotion labels and continuous facial expres-
sion evolution. Most DFER datasets assign a single categorical
label to each video, whereas real facial expressions often
evolve continuously and may contain mixed, transitional, or
low-intensity emotional states. Such an annotation protocol
inevitably compresses complex temporal affective dynamics
into a fixed category, introducing label ambiguity and class-
wise confusion.

For example, a video annotated as Neutral may still contain
subtle muscle changes, weak affective cues, or transitional
expression patterns. Under low illumination, pose variation, or
partial occlusion, these weak cues may become visually similar
to emotion-related patterns such as Anger or Sadness. Simi-
larly, high-intensity expressions may share overlapping AU-
related facial patterns; for instance, Anger, Fear, and Surprise
can all involve upper-face tension, eye-region activation, and
strong mouth opening. These observations suggest that part of
the remaining errors may originate from subjective annotation
bias and the limited expressiveness of discrete labels, rather
than simple model instability.

These limitations indicate several directions for future re-
search. Finer-grained annotation protocols, such as frame-
level emotion intensity, AU-level descriptions, or continuous
valence-arousal labels, may help reduce video-level label
ambiguity. Modeling dynamic emotional transitions and AU-
guided temporal relations may provide a more faithful descrip-
tion of real facial expressions. Moreover, multimodal cues,
such as audio, language, or physiological signals, may help
resolve ambiguities caused by low-quality visual inputs, sub-
jective annotations, and overlapping facial action patterns. In
future work, we will investigate uncertainty-aware continuous
emotion modeling and multimodal/self-supervised learning to
further improve the reliability and generalization of DFER in
real-world scenarios.

V. CONCLUSION

In this paper, we propose UnSFlow, an uncertainty sup-
pression framework for dynamic facial expression recognition.
UnSFlow addresses expression evolution uncertainty, data un-
certainty, and model uncertainty through three components:
UCA, DUGN, and USAM. Specifically, UCA introduces
constrained intra-class augmentation to improve data diver-
sity while preserving temporal consistency; DUGN performs
uncertainty-aware spatiotemporal feature modeling to reduce
feature confusion; and USAM stabilizes optimization by
adapting perturbation strength according to predictive uncer-
tainty. Experiments on DFEW and FERV39k demonstrate the

effectiveness of UnSFlow in improving robust and balanced
DFER performance under challenging in-the-wild conditions.
In future work, we will explore finer-grained emotion model-
ing, multimodal fusion, and self-supervised learning to further
improve the reliability and generalization of DFER systems.
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