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Abstract

Micro-expressions (MEs) are brief, low-intensity, often lo-
calized facial expressions. They could reveal genuine emo-
tions individuals may attempt to conceal, valuable in con-
texts like criminal interrogation and psychological coun-
seling. However, ME recognition (MER) faces challenges,
such as small sample sizes and subtle features, which hin-
der efficient modeling. Additionally, real-world applica-
tions encounter ME data privacy issues, leaving the task
of enhancing recognition across settings under privacy
constraints largely unexplored. To address these issues,
we propose a FED-PsyAU research framework. We be-
gin with a psychological study on the coordination of up-
per and lower facial action units (AUs) to provide struc-
tured prior knowledge of facial muscle dynamics. We then
develop a DPK-GAT network that combines these psy-
chological priors with statistical AU patterns, enabling
hierarchical learning of facial motion features from re-
gional to global levels, effectively enhancing MER perfor-
mance. Additionally, our federated learning (FL) frame-
work advances MER capabilities across multiple clients
without data sharing, preserving privacy and alleviating the
limited-sample issue for each client. Extensive experiments
on commonly-used ME databases demonstrate the effective-
ness of our approach. Our implementation is publicly avail-
able at https://github.com/MELABIPCAS/FED-PsyAU.git.

1. Introduction

Micro-expressions (MEs) [9], resulting from conflicts be-
tween voluntary and involuntary expressions, reveal true
emotions, making them valuable in non-contact emotion de-
tection applications like criminal interrogation and psycho-
logical counseling. MEs are characterized by their brief du-
ration, low intensity, localized occurrence, and occasional

asymmetry [10]. These traits not only restrict large-scale
data collection and annotation but also make it challeng-
ing for deep learning networks to effectively model their
motion characteristics. Some methods focus on regions
of interest (ROIs) [4, 21, 31, 49], while others utilize at-
tention mechanisms [3, 14, 33] and transformer-based ar-
chitectures [24, 50, 57] to capture salient features. Mean-
time, MEs are often complex manifestations involving the
combination of multiple AUs. In contrast, individual ac-
tion units (AUs) correspond to specific, anatomically-based
facial muscle movements. Focusing on AUs allows us
to model more fundamental and consistent facial appear-
ance changes. Certain approaches use AU labels to con-
struct adjacency matrices for graph convolutional networks
(GCNs) [24, 39]. Yet, to the best of our knowledge, these
methods often apply AU annotations directly without fully
exploiting the anatomical structure and coordinated AU dy-
namics, limiting the network’s understanding on ME.

To address these challenges, we leverage the theory
that distinct neural pathways control upper and lower fa-
cial movements, resulting in two different motion patterns.
Based on this, we conduct a psychological study to investi-
gate upper/lower facial AU coordination, providing crucial
prior knowledge on structural motion relationships under-
pinning MEs. Using both psychological priors and data-
driven AU patterns, we design a Graph Attention Network
(GAT) [47] based on dynamic prior knowledge, applied
separately to the upper and lower regions. A final global
GAT captures the topological relationships of muscle move-
ments across the face. The resulting feature, combined with
full-face optical flow (OF), is input into a subsequent dual-
stream network, effectively integrating structural and dy-
namic information to enhance ME recognition (MER).

Besides, as mentioned earlier, although MEs have valu-
able applications in many privacy-sensitive contexts, the
sensitivity of biometric data makes it impractical to aggre-
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gate ME data across clients for training. Meanwhile, the
sample size in a single client is often insufficient to train
a robust model. Yet, the challenge of enhancing MER per-
formance across diverse clients while preserving privacy re-
mains largely unexplored. To address this, we adopt a fed-
erated learning (FL) framework, improving performance by
merging and updating model parameters across clients with-
out exchanging local data. This approach preserves data
privacy and supports the MER practical deployment.
Overall, our work leverages psychological and data-
driven priors to enhance the network’s learning of structured
ME motion patterns, particularly in limited-sample condi-
tions. Additionally, we introduce FL to advance MER in
real-world scenarios. The contributions of this paper are:

* We conduct a psychological experiment to derive AU co-
ordination between the upper and lower facial regions,
providing structural priors for ME and facial expression
analysis in computer vision.

* We design a local-to-global GAT network that integrates
psychological priors and data-driven AU patterns in the
upper and lower facial regions, improving the network’s
ability to learn both local and global structural facial dy-
namics. This feature, combined with global OF feature in
a dual-stream network, enhances MER performance.

* We employ FL in MER to improve data privacy and over-
come small sample size challenges by aggregating fea-
tures from distributed data-protected sources.

2. Related Works

2.1. Micro-expression Recognition

In recent years, MER has gained increasing attention from
computer vision researchers. Traditional machine learning
methods primarily rely on handcrafted feature extraction.
For instance, Local Binary Pattern (LBP) [43], effectively
utilizes local texture features, has inspired various improve-
ments [18, 49]. Furthermore, OF [26] has been explored for
capturing object motion. Liu et al. [38] developed the Main
Directional Mean OF (MDMO) method by aligning faces
in the OF domain, while Liong et al. [34] added optical
strain features for MER. However, traditional approaches
depend heavily on manually crafted features, limiting both
accuracy and generalizability. Meanwhile, deep learning
methods, with robust feature extraction capabilities, can
automatically learn multi-level representations to capture
subtle ME changes. The availability of several sponta-
neous ME databases, such as CASME II [51], SAMM [6],
CAS(ME)? [27], DFME [59]and others [1, 30, 32, 44, 54],
has accelerated deep learning advancements in MER. In-
spired by Liong et al.’s work [35] on sequence redundancy,
many studies [4, 13, 50] now use keyframes (onset and
apex) as input, reducing model parameters while achieving
excellent results.

Despite advancements in preprocessing and feature ex-
traction, deep learning alone has yet to achieve high MER
accuracy. As MEs stem from physiological muscle activ-
ity, incorporating prior knowledge offers meaningful con-
text. FACS [10], which defines expressions through AUs,
provides a basic theoretical framework for MER. Recent
studies explore AU-ME relationships to enhance MER per-
formance. Lei et al. [24] applied GCN [21] to model AU
co-occurrences, especially around the eyebrow and mouth
regions. Xie et al. [53] introduced an AU-assisted GCN,
with modules for AU feature extraction and ME image gen-
eration. Wang et al. [48] used transformers to learn dy-
namic AU adjacency, boosting model generalization. These
networks typically rely on AU labels from databases, with-
out fully integrating structured facial muscle movements,
AU interrelations, or their links to expressions. In this
work, we refine structured ME feature extraction using a
local-to-global GAT network, which integrates priors on fa-
cial AU coordination from psychological experiments with
data-driven movement patterns.

2.2. Federated Learning

To assess MER across databases, ME Grand Challenge
(MEGC) 2018 [56] introduced the Holdout-database Eval-
uation and Composite Database Evaluation tasks, utilizing
the CASME II and SAMM databases. MEGC 2019 [45]
expanded the CDE task to include the SMIC databases.
While research on MEs predominantly utilizes these public
datasets, existing methodologies do not address the privacy
concerns that arise in practical applications.

FL [41] could addresses ME data scarcity and privacy
concerns through collaborative training. It includes two
main phases: local training and global aggregation. Many
existing FL works for expressions, while insightful, are of-
ten not open-source or use highly customized frameworks
(e.g., non-random client data allocation [12], specialized
parameter aggregation [ 1 1]) making standard methods more
suitable for implementation and comparisons in our study.
For instance, McMabhan et al. [4 1] proposed FedAvg, a basic
aggregation method that uses weighted averaging based on
each client’s data volume. Li et al. [28] introduced FedProx
by adding a regularization term to the client loss function,
aligning updates more closely with the global model. How-
ever, the one-global model-fits-all approach ignores client
data diversity. To solve this, our approach extends FedProx
by distributing a personalized global model to each client.

3. Proposed Psychological Study on AU Inco-
ordination

This study employed a behavioral experiment to investigate
individuals’ cognitive responses to AU incoordination in the
upper and lower facial regions.
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Figure 1. Examples of AU composite images. (a) and (b) are
coordinated composites. (c) and (d) are uncoordinated composites.

The study included 30 college participants (20 female,
Mean=22.22 years), a sample size considered adequate for
statistical reliability under the Central Limit Theorem [23].
All procedures followed the Declaration of Helsinki and
were approved by the institutional review board of the In-
stitute of Psychology, Chinese Academy of Sciences.

This behavioral experiment employed a within-subjects
design. The independent variable was the type of AU com-
posite image (coordinated vs. uncoordinated AU compos-
ites), as shown in Fig. 1. The face images were segmented
anatomically. The dividing line was consistently present in
all stimuli, serving as a control variable and would not influ-
ence the experiment’s outcomes. To control for individual
facial differences in emotion recognition, the original im-
ages used for composites were sourced from the same per-
son [10]. Seventy-two composite images were generated
from upper and lower facial AUs across six basic emotions,
with each emotion represented by six coordinated and six
uncoordinated expressions.

The dependent variables are accuracy rates and scores.
Specifically, participants made two judgments for each
composite image: whether it was coordinated or uncoor-
dinated, and the degree of coordination or incoordination.

Statistical analysis from this study showed that partici-
pants were significantly more accurate in recognizing co-
ordinated AU composite images than uncoordinated ones
(Please see Supplementary Materials (Suppl.) for more ex-
perimental details and statistical results). The study further
highlighted specific AU combinations, such as AU4 and
AU12, that participants quickly identified as uncoordinated,
whereas combinations like AU6 and AU12 were rapidly
recognized as coordinated. This suggests that these uncoor-
dinated AU pairings may inherently convey emotional inco-
ordination. Besides, the coordination patterns between spe-
cific AUs reveal systematic facial action structures. These
patterns help the network distinguish both coordinated and
uncoordinated facial movements, thus enhancing its ability
to identify ME features more effectively.

4. Our Proposed FED-PsyAU Framework

We propose the FED-PsyAU framework (Fig. 2), which
embeds a psychology-driven MER model within a feder-
ated aggregation module. The model features a hierarchi-

cal structure that learns from local ROIs to AU groups and
finally to global facial regions, capturing dynamic topol-
ogy while minimizing redundancy. It leverages a multi-
scale InceptionNet to extract and fuse global OF with
structural facial features. The federated module enables
privacy-preserving collaborative training to boost MER per-
formance on each client.

4.1. Localized ROI Modeling

Since MEs are manifested by muscle movements in key fa-
cial regions (e.g., eyes, mouth, nose) [10], we refine the
standard 68 landmarks from Dlib [20] to precisely capture
these changes. As shown in Fig. 3, we discard 10 less infor-
mative outer contour landmarks and add 7 new midpoints to
better track movements in the cheek and eyebrow regions,
resulting in a final set of 65 keypoints.

Then, onset-apex OF inputs (128 x 128 pixels) are
cropped into 65 ROIs, each measuring 5 x 5 pixels, cen-
tered on selected facial landmarks py = (zy,y), where
k € 1,2,...,65, denotes the landmark index. To enhance
robustness to apex annotation, we also compute OF using a
small window of frames around the apex. The ROI features
input to the Local ROI Feature Extractor (LFE), denoted
as Oy, contain the horizontal and vertical components of
OF and optical strain. The LFE module consists of three
convolutional layers, each followed by batch normalization
and ReL U activation. All kernel sizes were 3 x 3. The out-
put channels in the first two layers increase from 32 to 64,
while the final layer outputs 3 channels. This design helps
the LFE capture complex local patterns, with the output fea-
tures referred to as &5, = LFE(Oy).

Inspired by Vision Transformer [8], we use a Spatial
Structure Encoder (SSE), i.e., Transformer Encoder with
three attention heads to capture diverse dependencies
among ROIs, as MEs result from coordinated muscle move-
ments across multiple areas. Precisely, we convert @y, into
a token. To retain the positional information of the facial
landmarks, a positional embedding E is added based on
the landmark index to each token, yielding X = @y + Ej.
We add the output of the three head attention module to
the input feature X, , and then normalize the result using
LayerNorm. Finally, after passing through a feed-forward
neural network and applying LayerNorm, the final output
representation is obtained as Z € R3*5%5,

4.2. Relationship Modeling among AU Features

Our proposed Relationship Modeling among AU Features
(AFR) module consists of two components: an AU Feature
Extractor (AFE) to derive features from AU-specific facial
regions, and a GAT-structure to model the topological rela-
tionships between these AUs.
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Figure 2. The pipeline of our proposed FED-PsyAU framework, including MER network (black block) and the Federated Aggregation
(FA) module (orange block). In MER network, the LRM module consists of the local ROI feature extractor (LFE) and the spatial structure
encoder (SSE), which preserves spatial structure information while efficiently extracting ROI features; the AFR module includes the AU
feature extractor (AFE) and the dynamic prior knowledge-based graph attention network (DPK-GAT) for effective AU feature extraction
and capturing AU dynamic relationships, the DSI module use a dual-stream structure to capture multi-scale facial muscle topology and
motion information for MER. Then, the FA module integrates the MER network into the FL framework.
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Figure 3. ROI grouping strategy for AU. OF features from
each ROI are processed through LFE and SSE to yield high-
dimensional representations. ROIs are then grouped by AU move-
ment patterns to create inputs for AFEs, ultimately producing AU
node features for the GAT network.

4.2.1. AU Feature Extractor

ME:s involve dynamic, coordinated interactions across mul-
tiple regions [10] and are characterized by subtle move-
ments that differ from typical macro-expressions. There-
fore, as shown in Fig. 3, when grouping ROIs for the
AFE module, the AU selection and regionalization are
based on: 1) AU frequency in MEs; 2) Grouping by pri-
mary/secondary muscle activation areas [7]. Notably, not
all AUs employed in Section 3 are applied to MER. We
specifically retain only the 12 AUs exhibiting the highest
relevance to ME dynamics, as listed in Tab. 1. Detailed oc-
currences are provided in the Suppl.

The first step we construct in AFE is Group Squeeze and

Table 1. Selected AUs and Corresponding Regions (Primary and
Secondary/ Coordinate). g, Ny and Ny_ay represent ROI Group
index, corresponding ROI number and AU amount.

g AU Primary Secondary/ Coordinate Ny Ny avu
1 1,24 Eyebrows Eyes 23 3
2 5,6,7 Eyes Eyebrows, Cheeks, Mouth 48 3
3 9,10 Nose, Cheeks Mouth, Chin 38 2
4 12,14,15,17 Mouth Eyes, Eyebrows, Nose 52 4

Excitation (GSE). It computes the attention for each group
of AUs (ROI group), which makes the model pay more
attention to the critical ROIs. Specifically, for each ROI
group input Ry = {Z1,%Z,...,Zn,}, g € {1,2,3,4},
the GSE module performs global average pooling on each
ROI and computes channel importance through a fully con-
nected (FC) layer. The original features are then preserved
through residual concatenation:

fGSE(Rg) = {W,?“ O Zy+ Zy, | Zy € Rg} (D)

where W2 is the attention weight for each group of ROI,
©® denotes element-wise multiplication along the channel
dimension of Zj. Next, fgsg(R4) undergoes further fea-
ture extraction, reducing from N, composite features to
Ny _av representative AU features, yielding the output fea-
ture Fy_ay. Precisely, the process comprises two convolu-
tional layers: a 3 x 3 layer that doubles the input dimensions
and a 1 x 1 layer that restores them to the original size. Both
layers are followed by Batch Normalization and ReLU ac-
tivation for improved stability and representation.

4.2.2. AU Relationship Modeling

Prior Knowledge: To model AU dynamic relationships, we
integrate two forms of prior knowledge: an “intrinsic” prior



from psychological principles and an “extrinsic” prior from
data-driven patterns. The intrinsic prior, derived from our
psychological findings on AU coordination (Sec. 3), pro-
vides structural guidance by defining the initial GAT ad-
jacency matrix A. The extrinsic prior, based on statistical
AU co-occurrence patterns in the data, offers data-driven
refinement that theoretical models may overlook. This
extrinsic prior forms a prior attention matrix D to guide
weight allocation among AU nodes. By fusing this foun-
dational psychological structure with real-world dynamics,
our model achieves superior adaptability and generalization
(see Suppl. for matrix details).

Facial Segmentation: As presented in Sec. 3, the upper
and lower facial regions, controlled by different neural path-
ways, exhibit distinct muscle movement patterns. AUs and
their associated primary muscles in the upper and lower face
can exhibit coordination (potential co-occurrence) or lack of
coordination (infrequent simultaneous appearance). Lever-
aging these intra- and inter-regional interactions, we model
AU relationships for the upper face, lower face, and whole
face. Consistent with the experimental setup in Sec. 3, we
segment the face into upper and lower parts based on the or-
bicularis oculi muscle. Specifically, following the primary
occurrence regions of 12 listed AUs, the AUs in the first two
groups from Tab. 1 are classified as upper face AUs, while
those in the last two groups are classified as lower face AUs.

U
FulPe" = Fi av UFs au, FA3°" = F3 avUFyau (2)

We input the AU features from the upper and lower
face: FLPPC", Fkewer into our proposed Dynamic Prior
Knowledge GATs (DPK-GATs) in parallel (Details are pre-
sented in the next part of this subsection). These networks
use psychology prior knowledge to build AU adjacency re-
lationships and data-driven priors to guide attention learn-
ing, producing outputs hVPP¢" and h'°"¢" which are com-
bined into A%°°® for the next stage.

In the whole-face DPK-GAT, we construct the network

similarly but set adjacency values within the same region
to zero, ignoring intra-regional AU relationships. By learn-
ing cross-regional topological structures and statistical pat-
terns, we obtain global AU relationship features, denoted as
hGlobal aq illustrated in Fig. 4.
DPK-GAT: We model dynamic AU node relationships
combing GAT and the prior knowledge. In particular, for
the input feature belonging to {Fggp o Fhower plLocal} g
linear mapping projects it to a higher-dimensional space as
f. The similarity score e;; between AU nodes ¢ and j, is
calculated using the attention weight vector @ and concate-
nated node features f; and f;:

3)

o — LeakyReLU (dT[fZHf]]) s if Aij >0
7 Ceo, if A =0

DPK-GAT Local Learning

Fihrer hUpper
DPK-GAT Global Learning

hLocal hGlobal

Figure 4. DPK-GAT from facial segmentations to global face.
First, intra-regional AU node relationships are learned within the
upper and lower facial regions. Second, cross-regional relation-
ships are modeled to integrate interactions between these regions.

Here, only neighboring nodes defined by the psychology-
derived adjacency matrix A are considered.

The final attention c;; is calculated by combining the
data-driven prior attention D;; and the self-attention, ob-
tained by the softmax operation applied to e;;:

a;; = (1 — ) - softmax(e;;) + 8 - Dy, @

where, 3 is the dynamic prior attention weight, updated
based on the training rounds. Along with a residual con-
catenation, the final node representation h; is aggregated
as:

where A (i) denotes the neighboring nodes of 7. In our im-
plementation, we employ three attention heads and a two-
layer structure, enabling the extraction of complex AU de-
pendencies.

4.3. Dual-Stream-InceptionNet

Muscle movements vary widely across facial regions, mak-
ing multi-scale information essential for the MER task. In-
ceptionNet’s core concept is leveraging parallel convolu-
tional kernels to extract multi-scale features, enhancing the
network’s ability to capture fine details and overall struc-
ture [46]. We build on this by using a dual-stream Incep-
tionNet as the ME feature extractor. One stream processes
the AU relationship features hGlobal \while the other han-
dles global OF features ©. This dual-stream design allows
the model to capture the topological relationships of facial
muscles through AUs and holistic motion via OF. The out-
put tensors from both streams are flattened, concatenated,
and fed into a FC layer for ME prediction.

4.4. Federated Aggregation

Traditional centralized learning consolidates all data on a
single server, enhancing model accuracy and generalization
but neglecting privacy concerns in MER. FL could address
this by training models locally and sharing only parameters,
protecting data privacy and retaining each client’s unique
data characteristics.



FedProx [29] is a FL approach designed to address data
heterogeneity among clients. It incorporates proximal terms
during model aggregation to balance global and client-local
learning, improving both performance and convergence
speed. We extend FedProx by altering the server’s pro-
cessing and distribution strategy during aggregation, which
we call Personalized FedProx (P-FedProx). Specifically,

P-FedProx initializes each client’s model W/ in round ¢

by combining its previous model Wfﬁl with models from
other clients W/ ~".

Wi =0 W+ 371 w; W™, where 37— w; = 1-0 (6)
i i
where weight w; is proportional to jth client’s data size.
For ¢th client, 6 is set to 0.9 (optimal experimental result,
see more detail in the Suppl.)

4.5. Loss Function

AU Prediction Loss: To enhance MER, our network mod-
els the topological relationships and statistical patterns of
AUs, making AU prediction an auxiliary task. The predic-
tion is utilized in two stages: one enhances the AU feature
extraction performance of the AFE module, and the other
improves the GAT network’s ability to learn AU topologi-
cal structures. AU recognition is formulated as a multi-label
classification problem, with the Binary Cross-Entropy Loss
for each AU label defined as:
S0 [ys - log(0(9;)) + (1 — y;) - log(1 — o(3;))]

Ln= — ™

where M is the total number of AUs, y; , o(g;) and g;
represent respectively the ground truth label (0 or 1), the
logit output and prediction after applying the sigmoid func-
tion for the j-th AU. The loss function is consistent for both
stages, i.e., LATE and L§AT.

MER Loss: The Cross-Entropy Loss function is utilized
for emotion classification. Thus, our overall MER loss is
composed as follows:

Lner = a1+ (= N yi - log(9:)) + a2 - LA™ + as - LI (8)

where, N represents the number of classes, y; and ¢; are the
one-hot encoded ground truth label and the predicted prob-
ability for class ¢, a1, ag and aig are hyperparameters, set to
0.2, 0.8, and 0.8 to prioritize MER loss while balancing AU
recognition (See parameter analysis in Suppl.).

Federated Loss: During federated training, the local
client’s loss function includes the MER loss Lygr and a
proximal term:

(6%
LFLzLMER+74-HW—Wt\|2 9)

where W, denotes the global model in the server’s ¢-th
round of distribution, and W represents the current model
of the client. a is the hyperparameter for the weight of the
proximal term.

5. Experiments

5.1. Configuration

Databases: We use two recently published large scale
and challenging ME databases: CAS(ME)? and DFME.
CAS(ME)3-Part A offers 860 samples from 100 partici-
pants. DFME includes three subsets with (participants,
samples): A (72,1,118), B (92,969), C (492,5,439). For
Apex-first-frame scenario, we compute the OF between the
apex and mid-frame towards the offset.

Pre-training: To enhance the model’s ability to perceive
facial motion patterns, we first pre-trained the AU module
(LRM+AFR) on the DISFA [40] and CK [19] datasets. The
effect of this pre-training is detailed in the Suppl.

MER Experiment Settings: The evaluation follows stan-
dard protocols on two datasets. On CAS(ME)3, we perform
3-class classification (positive, negative, surprised) [45]
with Leave-One-Subject-Out (LOSO) validation.  On
DFME, we conduct 7-class classification (Happiness, Sur-
prise, Disgust, Sadness, Anger, Fear, and Contempt) us-
ing scale-adapted 10-fold cross-validation [59]. To address
class imbalance, performance is measured by the UF1 and
UAR. Experiments were implemented in PyTorch 1.13.0
and run on five NVIDIA GeForce RTX 4090 GPUs.

Federated Experiment Settings: The DFME and
CAS(ME)? datasets are randomly split into 5 and 2 lo-
cal clients, respectively, with each client assigned an
equal number of subjects. However, variations in micro-
expression (ME) counts per subject result in differing ME
data distributions and quantities across clients, mirroring
real-world data heterogeneity (See detailed data distribu-
tions in the Suppl.). Traditional LOSO and k-fold cross-
validation can leak training samples in a federated setting,
so we employ a random partition strategy with 70% of sam-
ples for training and 30% for testing, averaging results over
10 tests to minimize randomness. Furthermore, we assume
an ideal FL scenario with no client dropouts and equal local
updates per client. In FedAvg [41] and FedProx [28], the
server assigns an identical global model to all clients each
round; differently, FedProx adds a proximal term to reduce
model bias in local training. Our P-FedProx enhances this
by assigning tailored initial models, with 90% (0) weight
on each client’s own model and 10% on others’. Addi-
tionally, we compare against recent personalized FL. meth-
ods: FedRep [5] uses shared representations with personal-
ized heads, ELLP [61] employs parameter decoupling with
Fisher Information weighting, and FedAS [55] applies pa-
rameter alignment and client synchronization. Unlike these
approaches requiring architectural changes or complex pro-
cedures, P-FedProx achieves personalization through sim-
ple weighted initialization.



Table 2. SOTA methods comparison on DFME and CAS(ME)?

Table 3. Ablation study. L, G, S and D represent Local (upper and
lower face), Global, Single stream and Dual Stream, respectively.

3
Category Method Year DFME CAS(ME)
UFI UAR UFl UAR
3D 2] 2017 02923 03058 - -
3D-CNN  R3p(i7) 2018 02164 02313  — -
Hand-  LBP-TOP [49] 2014 02336 02653 -
crafied  MDMO [37] 2015 02489 02939 -
OFF-ApexNet [15] 2019 0.2386 0.2806 - -
AlexNet [22] 2012 - 02570 0.2634
STSTNet [36] 2019 02714 03108 03795 0.3792
RCN-A [52] 2020 02751 03123 03928 0.3893
MERSiam [58] 2021 03184 03532 03184 0.3532
Deep FGRL [24] 2021 00736 0.1429 03333 0.2636
Learmmg  FRI60] 2022 03559 03814 03493 0.3413
MMNet [25] 2022 02649 02776 03706 0.3646
BDCNN [4] 2022 02975 03314 05050 0.5164
Micro-BERT [42] 2023 — 05604 06125
HTNet [50] 2024 03243 03368 0.5767 0.5415
HSTA [16] 2024 - — 0593 0618
Ours © 03853 03978 0.6221 0.6226

5.2. Comparison to State-of-the-art Methods

Tab. 2 list the SOTA comparisons on DFME and
CAS(ME)3. The confusion matrices are shown in the Suppl.

Regarding DFME, classifying ME samples into seven
categories poses significant challenges, resulting in rela-
tively low UF1 and UAR scores across all methods. How-
ever, our proposed method outperforms all others in ev-
ery metric. Specifically, Our method outperforms 13D by
9.30% in UF1 and 9.20% in UAR, and surpasses LBP-TOP
by 15.17% in UF1 and 13.25% in UAR, highlighting its
effectiveness in extracting critical and discriminative fea-
tures from ME clips. Additionally, compared to recent deep
learning methods like FR, our approach yields 2.94% and
1.64% higher UF1 and UAR, confirming the benefits of in-
corporating facial topology and structured muscle motion
for enhanced performance.

Regarding CAS(ME)?, the primary challenge lies in its
sample complexity. Compared to baseline methods (STST-
Net, RCN-A, FR), our proposed method achieves over ap-
proximately 20% higher UF1 and UAR scores, marking a
significant advancement. Our method surpasses three re-
cent SOTA approaches in MER, including HTNet, which
employs a hierarchical Transformer for local feature learn-
ing via self-attention. Specifically, our approach outper-
forms HTNet by 4.54% in UF1 and 8.11% in UAR, lever-
aging psychological insights and statistical patterns to cap-
ture deeper facial muscle dynamics. Additionally, it ex-
ceeds Micro-BERT and HSTA by 6.17% and 2.91% in UF1,
and 1.01% and 0.46% in UAR, respectively. By mining fa-
cial movement patterns to better understand topology, our
model achieves improved metrics, indicating enhanced ac-
curacy in classifying all emotion categories .

5.3. Ablation Study
Tab. 3 listed the ablation study results on DFME.

Setting LRM AFR InceptionNet UF11 UAR{
LFE SSE L G S D

I v 0.3249  0.3404

I v v 0.3362 0.3517

1 v v v 0.3480 0.3624

v v v v v 0.3629 0.3723

\% v v v v 0.3604  0.3658

VI v v v v v 0.3853  0.3978

Setting ~ Without AU Group With AU Group UF11{ UART

VII v 0.3683  0.3793

VI v 0.3853  0.3978

Setting  Psychological prior  Data-driven Prior UF11 UAR*Y

X 0.3615 0.3701

X v 0.3723  0.3832

XI v 0.3705 0.3767

XII v v 0.3853 0.3978

Impact of AU Feature: Setting I, which uses only full
face OF as input, serves as our baseline for evaluating
the role of AU features in MER. In Setting II, integrating
AU features into the Dual Stream InceptionNet leads to a
1.13% improvement in both UF1 and UAR. This improve-
ment demonstrates that incorporating AU features signifi-
cantly enhances the model’s ability to recognize MEs, and
underscores the value of fusing multiple feature types to
strengthen model performance.

Impact of ROI Relationship Modeling: The results in Set-
ting III show improvements of 1.18% in UF1 and 1.07% in
UAR compared to Setting II, indicating that the model ef-
fectively captures complex dependencies between ROIs and
extracts more discriminative feature representations.
Impact of AU grouping: We compared AU feature extrac-
tion from the global face with our AU grouping strategy
(Setting VII vs. VIII), the performance improvement (UF1:
1.70%, UAR: 1.85%), confirming that AU grouping enables
the network to learn more representative AU features.
Impact of Modeling the Topological Structure of ME
Muscle Movements: Compared to Setting III, Setting IV,
including local muscle movement topology modeling, im-
proves UF1 and UAR by 1.49% and 0.99%, respectively.
Setting V, which adds global muscle movement topology
modeling, shows gains of 1.24% in UF1 and 0.34% in UAR
over Setting III. Combining both local and global topology
modeling yields the best performance on DFME. These re-
sults demonstrate that incorporating topological modeling
of muscle movements enhances MER.

Impact of Prior Knowledge: Tab. 3 presents the ablation
experiments to evaluate the impact of using prior knowl-
edge for constructing facial muscle topology. In particular,
compared to Setting IX, Setting X, which uses only psycho-
logical knowledge, improves UF1 and UAR by 1.08% and
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Figure 5. Compare the performance of different FL frameworks on different clients: UF1 and convergence. See UAR comparison in Suppl.

1.31%, respectively. Setting XI, incorporating only data-
driven knowledge, shows gains of 0.9% in UF1 and 0.66%
in UAR. When both psychological and data-driven knowl-
edge are combined (Setting XII), the improvements reach
2.38% in UF1 and 2.77% in UAR, proving the effective-
ness of the prior knowledge. Constructing a prior adjacency
matrix allows the model to capture complex facial muscle
topology, while data-driven knowledge directs attention to
uncover intrinsic movements patterns of facial muscles.

5.4. Federated Experiment

Since FL aims to enhance MER performance on individ-
ual clients in scenarios with limited sample sizes and data
privacy issue, and given that DFME and CAS(ME)? have
large sample size, we partition the datasets as mentioned in
Section 5.1 and treat the subdivisions as separate clients.
While our focus is on application rather than fundamen-
tal FL innovation, our experiments confirm the effectiveness
of our P-FedProx method, which is tailored for ME data
distributions. Benchmarked against several open-source
SOTA methods, our approach excels at mitigating small-
sample challenges while preserving data privacy. Specif-
ically (Fig. 5), the results show P-FedProx outperforms
both the single-client baseline and traditional FL. methods
(FedAvg, FedProx), with particularly significant gains on
clients with more challenging data distributions (Clients 6-
7). Compared to recent personalized FL. methods, our ap-
proach surpasses FedRep and ELLP and achieves perfor-
mance competitive with the state-of-the-art FedAS, yet with
a significantly simpler implementation. These consistent
gains demonstrate that our weighted model initialization ef-
fectively addresses the data heterogeneity that challenges

traditional FL, thereby mitigating ME sample scarcity while
ensuring data privacy.

Meantime, we note that all FL. methods achieved good
performance on the local clients from DFME, which may
be due to the fact that these clients have a similar amount of
data and slight differences in data distribution, presenting
fewer challenges for federated learning.

Besides, we analyze the training loss progression of dif-
ferent federated algorithms over communication rounds.
We found that P-FedProx demonstrates the smoothest con-
vergence curves with minimal oscillations, particularly evi-
dent in Clients 1-5. On the other hand, P-FedProx converges
significantly faster than other FL methods. This rapid early
convergence suggests that personalized global model as-
signment provides clients with better initialization states.

6. Conclusion

MER is challenged by limited sample sizes, subtle features,
and privacy concerns in real-world applications. To ad-
dress these issues, we conduct a psychological study to pro-
vide structured insights into facial muscle dynamics. We
then develop a FED-PsyAU framework that integrates these
findings with data-driven patterns for hierarchical learning
of dynamic features, enhancing MER performance. Addi-
tionally, the FL framework improves MER across clients
while preserving data privacy through iterative model up-
dates. The comprehensive experiments validate our ap-
proach’s effectiveness. In the future, we will integrate ad-
ditional AUs to build a more comprehensive ME topology
information and further advance MER in real-world appli-
cations through FL and semi-supervised approaches.
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