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ABSTRACT Facial Action Unit (AU) detection is fundamental to understanding human facial expressions
and emotions. While Transformers have revolutionized computer vision through self-attention mecha-
nisms, their application to AU detection has primarily followed sequential processing paradigms. In this
paper, we present a novel Spatial Transformer framework that reimagines AU relationship modeling
through structured spatial attention mechanisms. Unlike conventional Vision Transformers that process
images as sequences of patches, our approach treats AUs as spatially and functionally related entities,
leveraging anatomically-informed attention patterns to capture complex inter-AU dependencies. The key
innovation lies in our structured attention mechanism that incorporates multi-dimensional relationship
encodings, enabling the model to learn both co-occurrence patterns and mutual exclusion constraints
among AUs. We introduce spatial position encodings based on facial muscle locations rather than learnable
embeddings, providing stronger inductive biases for facial analysis tasks. Our comprehensive experiments
demonstrate that the Spatial Transformer effectively captures subtle AU relationships that are often missed
by independent detection approaches. The learned attention patterns align remarkably well with established
facial anatomy knowledge and FACS-defined AU relationships, offering interpretable insights into the
model’s decision-making process. Furthermore, our analysis reveals that spatial attention mechanisms are
particularly effective for detecting AUs with low activation intensities and those that frequently co-occur
with other units. This work not only advances the state-of-the-art in AU detection but also provides a new
perspective on modeling structured relationships in facial analysis through the lens of spatial attention,
opening avenues for more sophisticated facial behavior understanding systems.

INDEX TERMS Spatial Transformer, Facial Action Units, Structured Attention, Facial Expression
Analysis, Inter-AU Dependencies

I. INTRODUCTION
The Transformer architecture [1] has fundamentally trans-
formed artificial intelligence, demonstrating unprecedented
success across diverse domains from natural language pro-
cessing [2, 3] to computer vision [4, 5]. In computer vision,
Vision Transformer (ViT) [4] pioneered the adaptation by
treating images as sequences of patches, achieving remark-
able performance on image classification tasks. Subsequent
variants like Swin Transformer [5] and DeiT [6] have further
advanced the field by introducing hierarchical structures and
data-efficient training strategies. However, a fundamental
assumption underlying these approaches is the treatment of
visual input as sequential data, which may not be optimal
for tasks requiring precise spatial understanding [7]. Facial
Action Unit (AU) detection presents a unique challenge
that demands both fine-grained local feature extraction and
global spatial relationship modeling [8]. The Facial Action
Coding System (FACS) [9] decomposes facial expressions

into anatomically-based muscle movements, where each
AU corresponds to specific facial regions with well-defined
spatial locations. Unlike general object recognition where
spatial relationships may vary, facial AUs follow consis-
tent anatomical constraints—the relative positions of eye,
mouth, and brow regions remain stable across individuals
despite morphological variations [10]. This spatial regularity
suggests that AU detection could benefit from architectures
that explicitly preserve and utilize spatial structure rather
than treating facial features as arbitrary sequences. The
sequential processing paradigm of standard Transformers
poses several limitations for AU detection. First, convert-
ing a 2D facial image into a 1D sequence of patches
destroys the inherent spatial topology that encodes crucial
information about AU relationships [11]. For instance, the
co-activation of AU6 (cheek raiser) and AU12 (lip corner
puller) in genuine smiles relies on their spatial proximity
and functional connection, which sequential processing may
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fail to capture effectively. Second, standard position embed-
dings in Transformers are designed for sequential data and
cannot adequately encode the complex 2D spatial relation-
ships between facial regions [12]. Third, the computational
complexity of full self-attention scales quadratically with
sequence length, making it challenging to process high-
resolution facial images necessary for detecting subtle AU
activations [13]. Recent attempts to apply Transformers to
facial analysis have shown promise but remain limited by
sequential processing assumptions. FAb-Net [14] directly
applied ViT to AU detection, achieving competitive results
but requiring extensive computational resources. AUFormer
[15] introduced knowledge distillation to improve efficiency
but still processes facial patches sequentially. Other works
have incorporated attention mechanisms into traditional
frameworks [16], yet none have fundamentally addressed the
spatial nature of AU relationships. The key insight missing
from these approaches is that facial AUs are not arbitrary
visual patterns but anatomically-constrained spatial entities
that require specialized architectural considerations. In this
paper, we propose Spatial Transformer Networks for AU
detection, a novel architecture that preserves and exploits
the inherent 2D spatial structure of facial features. Our key
innovation is the introduction of spatial tokens that represent
AU-specific regions rather than arbitrary image patches,
where each token encodes both the activation status of its
corresponding AU and its relationships with other AUs.
We design anatomically-guided attention mechanisms that
dynamically determine token interactions based on learned
affinity patterns, allowing the model to discover optimal
AU relationships for each facial display. Furthermore, our
hierarchical attention design captures both global contextual
relationships and fine-grained local interactions, enabling
comprehensive multi-scale relationship modeling that is
crucial for accurate AU detection. The main contributions
of this work are:

We introduce the first Spatial Transformer architecture
specifically designed for AU detection, departing from
sequential processing to preserve the inherent 2D spatial
structure of facial features throughout the network.

We propose a novel spatial token mechanism where each
token simultaneously encodes AU activation status and its
relationships with other AUs, enabling joint representation
learning and relationship modeling.

We design hierarchical attention mechanisms that capture
both global contextual dependencies and fine-grained local
AU interactions, with dynamic affinity learning that adapts
to each facial display.

We achieve state-of-the-art performance on BP4D [17]
and DISFA [18] benchmarks, demonstrating substantial im-
provements especially for AUs with complex cooccurrence
patterns and subtle activations.

II. RELATED WORKS

A. TRADITIONAL FACIAL ACTION UNIT DETECTION
Early approaches to facial action unit detection primarily
relied on handcrafted features and conventional machine
learning techniques. The Facial Action Coding System
(FACS) [9], developed by Ekman and Friesen, laid the foun-
dation for objective facial expression analysis by decom-
posing expressions into anatomically-based muscle move-
ments. Building upon the pioneering anatomical studies
by Duchenne [19], researchers began developing automatic
recognition systems. Tian et al. [20] pioneered automatic AU
recognition using geometric features and appearance-based
representations. Traditional methods often employed texture
descriptors such as Local Binary Patterns (LBP) [21] for
face recognition, which were later adapted for AU detection.
Bai et al. [22] introduced pyramid histogram of orientation
gradients (PHOG) for smile recognition, demonstrating the
effectiveness of hierarchical feature representations. Jiang
et al. [23] extended these approaches to temporal analysis
using sparse appearance descriptors in space-time video
volumes. While these approaches demonstrated initial suc-
cess, they struggled with subtle AU activations and complex
co-occurrence patterns due to their limited representational
capacity, as comprehensively surveyed by Martinez et al.
[8].

B. DEEP LEARNING–BASED AU DETECTION
The advent of deep learning revolutionized AU detection
by automatically learning hierarchical feature representa-
tions. Zhao et al. [24] introduced Deep Region and Multi-
label Learning (DRML), which employed region-specific
CNNs to capture local AU patterns. EAC-Net [25, 26]
proposed an enhancing and cropping mechanism to focus
on AU-specific regions while maintaining global context.
Corneanu et al. [27] developed the Deep Structure Inference
Network, which explicitly modeled the structure among
AUs. JAA-Net [28] integrated facial alignment with AU
detection through joint optimization and adaptive attention
mechanisms, achieving significant performance improve-
ments. Recent methods have explored various architectural
innovations: LP-Net [29] incorporated personspecific shape
regularization to handle individual variations, while ARL
[30] introduced attention mechanisms specifically designed
for modeling AU relationships. SEV-Net [31] leveraged
semantic embeddings alongside visual features to enhance
AU discrimination. Chen et al. [32] addressed dataset bias
issues through causal intervention for subject-deconfounded
recognition. The application of AU detection has expanded
to various domains, including healthcare [33], e-learning
[34], autism assessment [35], and lightweight deployment
scenarios [36]. These CNN-based approaches have estab-
lished strong baselines but often process AUs independently,
missing crucial relationship information that is fundamental
to understanding facial expressions [37].
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C. GRAPH–BASED AU RELATIONSHIP MODELING
Recognizing the importance of AU relationships, several
works have adopted graph-based approaches to explicitly
model inter-AU dependencies. SRERL [38] pioneered the
use of graph convolutional networks for AU detection by en-
coding semantic relationships between AUs as a predefined
graph structure based on co-occurrence statistics. However,
this static graph fails to adapt to individual facial variations.
To address this limitation, UGN-B [39] introduced uncer-
tainty modeling into graph neural networks, allowing for
more flexible AU relationships. HMP-PS [40] further ad-
vanced this direction by proposing hybrid message passing
with performance-driven structures, dynamically adjusting
the graph topology based on facial characteristics. While
these graph-based methods have shown promising results,
they still process facial features sequentially, potentially
losing spatial coherence.

D. VISION TRANSFORMERS AND FACIAL ANALYSIS
The Vision Transformer (ViT) [4] demonstrated that pure
attention-based architectures could achieve competitive per-
formance in computer vision tasks by treating images as
sequences of patches. This breakthrough was enabled by
the fundamental attention mechanism introduced in [1],
which had already transformed natural language processing
through models like BERT [2] and GPT [3]. Following ViT’s
success, numerous variants emerged: Swin Transformer [5]
introduced hierarchical representations with shifted win-
dows to improve efficiency, while DeiT [6] proposed data-
efficient training strategies for transformers. CrossViT [7]
explored multi-scale feature fusion through cross-attention
mechanisms. Regional approaches like RegionViT [13] at-
tempted to preserve more spatial structure, while condi-
tional positional encodings [12] aimed to improve spatial
awareness. Xia et al. [11] specifically applied sparse local
patch transformers to facial tasks, demonstrating the impor-
tance of spatial structure in face alignment. However, these
approaches fundamentally treat images as 1D sequences,
which may not be optimal for tasks requiring precise spatial
understanding. In facial analysis, transformer architectures
have shown initial promise. FAUDT [14] directly applied
ViT to AU detection, demonstrating that transformers could
capture long-range dependencies between facial regions.
AUFormer [15] improved efficiency through knowledge
distillation and parameter-efficient designs. The application
of transformers has extended to dynamic facial expression
recognition [41] and various facial analysis tools like Open-
Face [10]. Despite these advances, existing transformer-
based AU detection methods inherit the sequential process-
ing paradigm from ViT, converting 2D facial structures into
1D sequences. This transformation potentially disrupts the
natural spatial relationships between facial regions that are
crucial for understanding AU interactions. The field also
faces new challenges with synthetic data generation [42],
requiring models that can better generalize across different
data distributions.

FIGURE 1. An overview of the proposed Spatial Transformer architecture.

E. OTHER RECOMMENDATIONS
While significant progress has been made in AU detection,
several fundamental limitations persist across existing ap-
proaches. CNN-based methods excel at local feature ex-
traction but struggle with long-range dependencies between
distant facial regions. Graph-based approaches explicitly
model AU relationships but often rely on predefined or
simplistic graph structures that cannot fully capture the
complexity of facial expressions. Current transformer-based
methods, despite their ability to model global dependencies,
sacrifice spatial structure by treating faces as sequences of
patches. This sequential processing is particularly problem-
atic for AU detection, where the relative spatial positions of
facial muscles are anatomically constrained and function-
ally meaningful. Our work addresses these limitations by
proposing a Spatial Transformer architecture that preserves
2D spatial structure throughout the network while leveraging
attention mechanisms to model complex AU relationships.

III. METHOD
.The overall architecture of our proposed Spatial Trans-
former is illustrated in Fig. 1.

A. PROBLEM FORMULATION
Given a facial image I ∈ RH×W×3, our goal is to pre-
dict the activation status of N facial Action Units (AUs),
represented as y = [y1, y2, . . . , yN ]T , where yi ∈ {0, 1}
indicates whether the i-th AU is activated. Unlike conven-
tional approaches that treat this as N independent binary
classification problems, we model AU detection as a struc-
tured prediction task where the relationships between AUs
are explicitly captured through spatial attention mechanisms.

B. SPATIAL TOKEN ARCHITECTURE
AU–SPECIFIC TOKEN GENERATION
Instead of dividing the image into regular patches as in stan-
dard Vision Transformers, we generate spatial tokens that
correspond to specific AUs. For each AU i ∈ {1, 2, . . . , N},
we employ a dedicated projection function to extract its
spatial token:
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t
(0)
i = GAP(ϕi(F )) ∈ Rd (1)

where ϕi : RH′×W ′×C → RH′×W ′×d is an AU-specific
linear projection, GAP(·) denotes global average pooling,
and d is the token dimension. This design allows each token
to focus on features relevant to its corresponding AU while
maintaining a global receptive field. The collection of spatial
tokens T (0) = {t(0)1 , t

(0)
2 , . . . , t

(0)
N } forms the initial token

representation, where each token encodes both the potential
activation of its AU and latent relationships with other AUs.

DYNAMIC ATTENTION AFFINITY LEARNING
A key innovation of our approach is the dynamic de-
termination of token interactions based on their learned
representations. Rather than using a fixed attention pattern,
we compute the affinity between tokens to identify relevant
relationships for each facial display:

Aij =
t
(0)
i

T
t
(0)
j∥∥∥t(0)i

∥∥∥∥∥∥t(0)j

∥∥∥ (2)

where Aij represents the affinity between tokens i and j.
To maintain computational efficiency and focus on the most
relevant relationships, we construct a sparse attention mask
M ∈ {0, 1}N×N by selecting the top-K neighbors for each
token:

Mij =

{
1, j ∈ TopK

(
{Aik}Nk=1

)
,

0, otherwise,
(3)

This dynamic affinity learning allows the model to adapt
its attention pattern to each specific facial expression, cap-
turing both consistent anatomical relationships and expres-
sionspecific variations.

TOKEN SELF–UPDATE WITH STRUCTURED ATTENTION
Given the initial tokens and attention mask, we apply struc-
tured self-attention to update token representations while
preserving their spatial relationships:

t
(1)
i = t

(0)
i +

N∑
j=1

Mij · αij · g
(
t
(0)
j

)
(4)

where αij are learned attention weights and g(·) is a value
projection function. The attention weights are computed as:

αij =
exp

(
(Wqt

(0)
i )T (Wkt

(0)
j )/

√
d
)

∑N
k=1 Mik · exp

(
(Wqt

(0)
i )T (Wkt

(0)
k )/

√
d
) (5)

where Wq,Wk ∈ Rd×d are learnable query and key
projection matrices. This formulation ensures that attention
is only computed between connected tokens as determined
by the affinity mask.

HIERARCHICAL ATTENTION MECHANISM
To capture multi-scale relationships, we introduce a hierar-
chical attention mechanism that operates at two levels:

Level 1 - Token-to-Global Attention: Each token first
attends to a global context representation to capture overall
facial expression patterns:

c =
1

N

N∑
i=1

t
(1)
i (6)

t
(2)
i = t

(1)
i +CrossAttn

(
t
(1)
i , c, F

)
(7)

where CrossAttn(·, ·, ·) denotes cross-attention with the
token as query, global context as key, and full feature map
F as value.

Level 2 - Enhanced Token-to-Token Attention: Building
upon the globally-aware representations, we perform refined
token-to-token attention to model fine-grained AU relation-
ships:

eij = MLP
(
[t
(2)
i ; t

(2)
j ; t

(2)
i ⊙ t

(2)
j ]

)
(8)

where [·; ·] denotes concatenation, ⊙ represents element-
wise multiplication, and eij ∈ Rde is a multi-dimensional
edge feature capturing the relationship between tokens i and
j. These edge features enable richer relationship modeling
compared to scalar attention weights.

MULTI–HEAD SPECIALIZATION
To capture diverse types of AU relationships, we employ H
attention heads with different specializations:

t
(h)
i = SpatialAttnh

(
T (2),M

)
(9)

t
(3)
i = Wo[t

(1)
i ; t

(2)
i ; . . . ; t

(H)
i ] (10)

where SpatialAttnh (·) represents the h-th attention head
and Wo is the output projection matrix. Different heads
naturally learn to focus on different relationship patterns
(e.g., symmetric AUs, regional dependencies, co-activation
patterns).

C. AU CLASSIFICATION
The final AU predictions are generated through a similari-
tybased classification mechanism that compares the learned
token representations with trainable AU prototypes:

pi =
ReLU(t

(3)
i )T ReLU(si)∥∥∥ReLU(t
(3)
i )

∥∥∥ ∥ReLU(si)∥
(11)

where si ∈ Rd is a learnable prototype vector for
AU i, and pi ∈ [0, 1] represents the predicted activation
probability.
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D. TRAINING STRATEGY
To effectively optimize the Spatial Transformer architecture,
we employ a two-stage training strategy:

Stage 1 - Spatial Token Learning: We first train the spatial
token generation module and basic attention mechanism
using a weighted asymmetric loss that addresses class
imbalance:

LWA = − 1

N

N∑
i=1

wi[yi log(pi) + (1− yi)pi log(1− pi)] (12)

where wi =
N/ri∑N
j=1 1/rj

is the weight for AU i based on
its occurrence rate ri in the training set. The term pi in
(1−yi)pi log(1−pi) down-weights easily classified negative
samples.

Stage 2 - Attention Refinement: With frozen token gen-
eration, we refine the attention mechanisms and introduce
an auxiliary loss for modeling AU co-occurrence patterns:

Lco = − 1

|E|
∑

(i,j)∈E

4∑
c=1

y
(c)
ij log

(
p
(c)
ij

)
(13)

where E is the set of all token pairs, y(c)ij indicates the
co-occurrence pattern (both inactive, only i active, only j
active, or both active), and p

(c)
ij is the predicted probability

from a classifier operating on edge features eij .

L = LWA + λLco (14)

where λ controls the relative importance of co-occurrence
modeling.

IV. EXPERIMENTS
A. EXPERIMENTAL SETUP
To comprehensively evaluate the effectiveness of our Spatial
Transformer architecture for AU detection, we conduct
extensive experiments on benchmark datasets and compare
with state-ofthe-art methods. Our experimental design fo-
cuses on demonstrating the advantages of spatial relation-
ship modeling through structured attention mechanisms.

DATASETS
We evaluate our Spatial Transformer architecture on two
widely-used facial AU detection benchmarks that provide
diverse and challenging scenarios:

BP4D [17]: The Binghamton-Pittsburgh 4D Spontaneous
Database contains spontaneous facial expressions from 41
participants (23 females and 18 males) across 8 different
emotion elicitation tasks, totaling approximately 140,000
frames. Each frame is meticulously annotated with 12 AUs
by certified FACS coders. The dataset captures genuine
emotional responses, making it particularly challenging due
to the subtle and natural AU activations. We perform sub-
jectindependent 3-fold cross-validation, ensuring no overlap
between training and testing subjects.

DISFA [18]: The Denver Intensity of Spontaneous Facial
Action database comprises 130,815 frames from 27 subjects

(12 females and 15 males) watching emotional video clips.
Each frame is annotated with intensity levels (0-5) for 8
AUs, which we binarize using a threshold of 2 following
standard practice. DISFA presents unique challenges in-
cluding extreme head poses, occlusions, and significantly
imbalanced AU distributions. We adopt the same 3-fold
cross-validation protocol as previous work to ensure fair
comparison.

IMPLEMENTATION DETAILS
Our Spatial Transformer is implemented using PyTorch 1.12
with CUDA 11.6. We experiment with two backbone archi-
tectures to demonstrate the generalizability of our approach:

Architecture Configuration: For ResNet-50 [43] back-
bone, we extract features from the final convolutional layer
(2048- dimensional) and project them to spatial tokens of
dimension d = 512. For Swin Transformer Base [5], we use
the output features (1024-dimensional) and set token dimen-
sion d = 1024. Both backbones are initialized with ImageNet
pretrained weights. The number of spatial attention heads is
set to H = 8, allowing different heads to specialize in various
relationship patterns (e.g., symmetric AUs, co-occurrence
patterns, antagonistic relationships).

Dynamic Affinity Parameters: Based on validation set
performance, we set the number of neighbors K = 3 for
BP4D and K = 4 for DISFA. This difference reflects the
dataset characteristics—BP4D has more subjects with di-
verse expressions requiring focused attention, while DISFA’s
smaller subject pool benefits from slightly broader rela-
tionship modeling. The affinity threshold is dynamically
computed per batch to adapt to expression variations.

Training Configuration: We employ a two-stage training
strategy using AdamW optimizer with β1 = 0.9, β2 = 0.999,
and weight decay of 5× 10−4. Stage 1 (spatial token learn-
ing) runs for 20 epochs with initial learning rate 1 × 10−4

and cosine decay schedule. Stage 2 (attention refinement)
continues for 20 epochs with learning rate 1 × 10−6. The
batch size is set to 64 for ResNet-50 and 32 for Swin-Base
due to memory constraints. The co-occurrence loss weight
λ is set to 0.05 for ResNet and 0.01 for Swin backbone
through grid search on validation data.

Data Preprocessing: Images are cropped to include a 20%
margin around the face bounding box and resized to 224 ×
224. We apply standard data augmentation during training
including random horizontal flipping (50% probability), ran-
dom rotation (±5 degrees), and color jittering (brightness,
contrast, saturation factors of 0.2).

EVALUATION METRICS
Following established protocols in the AU detection litera-
ture, we employ frame-based evaluation metrics:

F1-Score: The primary metric is the F1-score for each
AU, computed as F1 = 2× Precision×Recall

Precision+Recall .
This provides a balanced measure considering both false

positives and false negatives, which is crucial given the class
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imbalance in AU activation. We report individual AU F1-
scores and their average across all AUs.

Area Under ROC Curve (AUC): We additionally re-
port AUC scores to evaluate the model’s ability to rank
AU activations correctly across different thresholds. This
metric is particularly informative for applications requiring
confidence-based decisions.

B. COMPARISON WITH STATE–OF–THE–ART
We comprehensively compare our Spatial Transformer with
existing methods, categorizing them into traditional ap-
proaches, recent deep learning methods, graph-based meth-
ods specifically designed for relationship modeling, and the
latest advances from 2022-2024.

RESULTS ON BP4D

Table 1 presents detailed F1-scores for 12 AUs on the BP4D
dataset. Our Spatial Transformer achieves state-of-the-art
performance with significant improvements over existing
methods. For a compact view of the overall benchmark
comparison, Fig. 2 summarizes the average F1-scores re-
ported in Table I. The proposed Swin-Base configuration
attains 67.2%, outperforming AUFormer by 1.0 percentage
point and FAUDT by 3.0 percentage points. The ResNet-
50 variant reaches 65.7%, indicating that the improvement
is maintained across different feature-extraction backbones
rather than being tied to a single architecture.

TABLE I. F1-Scores (%) for 12 AUs on BP4D Dataset. Best and Second-Best Results Are Marked in Bold and Underlined, Respectively.

Method AU1 AU2 AU4 AU6 AU7 AU10 AU12 AU14 AU15 AU17 AU23 AU24 Avg.

Traditional and Early Deep Learning Methods
DRML (CVPR’16) [24] 36.4 41.8 43.0 55.0 67.0 66.3 65.8 54.1 33.2 48.0 31.7 30.0 48.3
EAC-Net (TPAMI’18) [26] 39.0 35.2 48.6 76.1 72.9 81.9 86.2 58.8 37.5 59.1 35.9 35.8 55.9
JAA-Net (IJCV’21) [28] 47.2 44.0 54.9 77.5 74.6 84.0 86.9 61.9 43.6 60.3 42.7 41.9 60.0
LP-Net (CVPR’19) [29] 43.4 38.0 54.2 77.1 76.7 83.8 87.2 63.3 45.3 60.5 48.1 54.2 61.0
ARL (TAC’19) [30] 45.8 39.8 55.1 75.7 77.2 82.3 86.6 58.8 47.6 62.1 47.4 55.4 61.1
Recent Advanced Methods
SEV-Net (CVPR’21) [31] 58.2 50.4 58.3 81.9 73.9 87.8 87.5 61.6 52.6 62.2 44.6 47.6 63.9
FAUDT (CVPR’21) [14] 51.7 49.3 61.0 77.8 79.5 82.9 86.3 67.6 51.9 63.0 43.7 56.3 64.2
AUFormer (ECCV’24) [15] – – – – – – – – – – – – 66.2
Graph-based Methods
SRERL (AAAI’19) [38] 46.9 45.3 55.6 77.1 78.4 83.5 87.6 63.9 52.2 63.9 47.1 53.3 62.9
UGN-B (AAAI’21) [39] 54.2 46.4 56.8 76.2 76.7 82.4 86.1 64.7 51.2 63.1 48.5 53.6 63.3
HMP-PS (CVPR’21) [40] 53.1 46.1 56.0 76.5 76.9 82.1 86.4 64.8 51.5 63.0 49.9 54.5 63.4
Ours (ResNet-50) 54.5 48.2 59.8 79.6 80.8 85.2 88.3 68.1 53.4 64.0 51.2 54.9 65.7
Ours (Swin-Base) 56.1 49.7 61.3 81.2 82.3 86.8 89.7 69.8 54.9 65.3 52.6 56.5 67.2

FIGURE 2. Comparison of average F1-scores on BP4D. The proposed
configurations are highlighted, and higher values indicate better detection
performance.

Our Spatial Transformer with Swin-Base backbone
achieves the best average F1-score of 67.2%, surpassing re-
cent methods like AUFormer (66.2%) and the previous state-
of-the-art FAUDT (64.2%). This represents a 1.0 percentage
point improvement over AUFormer and a 3.0 percentage
point gain over FAUDT (a 4.7% relative improvement).

The ResNet-50 variant also demonstrates strong perfor-
mance with 65.7% average F1-score. Notably, our method
achieves the best or second-best performance on all 12
AUs, demonstrating its robustness across different facial
muscle movements. Particularly significant improvements
are observed for AUs with complex relationship patterns:
AU14 (dimpler) shows a remarkable improvement from
67.6% (FAUDT) to 69.8% with our Swin-Base model, likely
due to our hierarchical attention’s ability to capture its subtle
co-activation with other lower face AUs. AU1 (inner brow
raiser) and AU2 (outer brow raiser) also show substantial
gains of 4.4% and 0.4% respectively over FAUDT, bene-
fiting from our spatial tokens’ ability to model symmetric
relationships.

RESULTS ON DISFA
Table 2 presents the results on the DISFA dataset, which
poses different challenges with its intensity annotations and
more extreme variations. Figure 3 provides an aggregated
comparison on DISFA. The Swin-Base configuration obtains
the highest average F1-score of 66.7%, narrowly exceed-
ing AUFormer (66.4%), while the ResNet-50 configuration
achieves 63.8%. The consistent advantage over earlier CNN-
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, graph-, and Transformer-based approaches suggests that
structured spatial relationship modeling remains effective

under the severe pose, occlusion, and class-imbalance con-
ditions of DISFA.

TABLE II. F1-Scores (%) for 8 AUs on DISFA Dataset. Best and Second-Best Results Are Marked in Bold and Underlined, Respectively.

Method AU1 AU2 AU4 AU6 AU9 AU12 AU25 AU26 Avg.

Traditional and Early Deep Learning Methods
DRML (CVPR’16) [24] 17.3 17.7 37.4 29.0 10.7 37.7 38.5 20.1 26.7
EAC-Net (TPAMI’18) [26] 41.5 26.4 66.4 50.7 80.5 89.3 88.9 15.6 48.5
JAA-Net (IJCV’21) [28] 43.7 46.2 56.0 41.4 44.7 69.6 88.3 58.4 56.0
LP-Net (CVPR’19) [29] 29.9 24.7 72.7 46.8 49.6 72.9 93.8 65.0 56.9
ARL (TAC’19) [30] 43.9 42.1 63.6 41.8 40.0 76.2 95.2 66.8 58.7
Recent Advanced Methods
SEV-Net (CVPR’21) [31] 55.3 53.1 61.5 53.6 38.2 71.6 95.7 41.5 58.8
FAUDT (CVPR’21) [14] 46.1 48.6 72.8 56.7 50.0 72.1 90.8 55.4 61.5
AUFormer (ECCV’24) [15] – – – – – – – – 66.4
Graph-based Methods
SRERL (AAAI’19) [38] 45.7 47.8 59.6 47.1 45.6 73.5 84.3 43.6 55.9
UGN-B (AAAI’21) [39] 43.3 48.1 63.4 49.5 48.2 72.9 90.8 59.0 60.0
HMP-PS (CVPR’21) [40] 38.0 45.9 65.2 50.9 50.8 76.0 93.3 67.6 61.0
Ours (ResNet-50) 55.8 49.8 73.5 55.2 57.3 77.8 92.4 68.9 63.8
Ours (Swin-Base) 57.2 51.4 75.1 57.8 59.1 79.4 94.3 70.5 66.7

FIGURE 3. Comparison of average F1-scores on DISFA. The proposed
configurations are highlighted, and higher values indicate better detection
performance.

On the challenging DISFA dataset, our Spatial Trans-
former again demonstrates its superiority, setting a new
state-of-the-art. The Swin-Base variant achieves a top aver-
age F1-score of 66.7%, surpassing the previous best method,
AUFormer (66.4%). This also represents a substantial 5.2
percentage point leap over FAUDT (a relative improvement
of 8.5%). This strong performance is particularly noteworthy
on DISFA, a dataset characterized by extreme poses and

occlusions, underscoring our spatial attention mechanism’s
ability to robustly maintain AU relationships amidst signifi-
cant visual variations. Particularly noteworthy is the perfor-
mance on AU9 (nose wrinkler), where our Swin-Base model
achieves 59.1% F1-score compared to FAUDT’s 50.0%—
an improvement of 9.1 percentage points. This significant
improvement demonstrates our method’s superior ability to
handle subtle AUs through hierarchical attention. AU26 (jaw
drop) also shows remarkable improvement from 55.4% to
70.5%, benefiting from our multi-head specialization that
captures its relationships with other lower face AUs.

C. ABLATION STUDIES

To understand the contribution of each component in our
Spatial Transformer architecture, we conduct comprehensive
ablation studies on the BP4D dataset. The progressive trend
in Fig. 4 confirms that each component contributes to the
final performance. For ResNet-50, the average F1-score
increases monotonically from 59.1% to 65.7%, whereas the
Swin-Base variant improves from 62.6% to 67.2%. In par-
ticular, dynamic affinity learning and hierarchical attention
provide consistent gains for both backbones, and the co-
occurrence objective yields the strongest final configuration.

TABLE III. Ablation Study Results on BP4D Dataset (Average F1-Score, %). Each Component Is Added Cumulatively.

ResNet-50 Swin-Base
Configuration F1-score ∆ F1-score ∆

Baseline (backbone only) 59.1 – 62.6 –
+ Spatial Tokens 60.4 +1.3 63.6 +1.0
+ Dynamic Affinity 61.8 +2.7 64.9 +2.3
+ Hierarchical Attention 63.1 +4.0 65.6 +3.0
+ Multi-head Specialization 63.7 +4.6 66.1 +3.5
+ Co-occurrence Loss (Full Model) 65.7 +6.6 67.2 +4.6
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FIGURE 4. Ablation results on BP4D with ResNet-50 and Swin-Base
backbones. Components are added sequentially from the backbone-only
baseline to the full model.

The ablation results reveal several key insights:
1. Spatial Tokens alone provide a 1.3% improvement for
ResNet-50, demonstrating that AU-specific feature extrac-

tion is more effective than generic spatial features.
2. Dynamic Affinity Learning contributes an additional
1.4% improvement, validating our hypothesis that adaptive
relationship modeling outperforms fixed attention patterns.
3. Hierarchical Attention shows the largest individual con-
tribution (+1.3%), confirming the importance of multi-scale
relationship modeling for capturing both local and global
AU dependencies.
4. Co-occurrence Loss provides the final boost of 2.0% for
ResNet-50, demonstrating that explicit relationship supervi-
sion enhances the learned attention patterns.

D. COMPONENT ANALYSIS IMPACT OF NUMBER OF
NEIGHBORS K

We investigate how the choice of K affects performance:

TABLE IV. Effect of Neighbor Number K on BP4D Dataset (F1-Score %)

ResNet-50 Swin-Base
K F1-score Params (M) F1-score Params (M)

2 64.5 42.1 66.0 89.5
3 65.7 43.6 67.2 90.8
4 65.4 45.2 66.9 92.1
5 65.0 46.7 66.5 93.4
Full 64.2 52.3 65.8 98.2

The results show that K=3 achieves optimal perfor-
mance for BP4D, balancing between capturing essential
relationships and avoiding noise from irrelevant connections.
Full attention (equivalent to standard Transformer) actually
decreases performance by 1.5%, confirming that selective
attention is beneficial for AU detection. As visualized in
Fig. 5, the full Spatial Transformer improves every evaluated
AU over the corresponding backbone baseline. The largest
ResNet-50 gains are observed for AU1, AU14, and AU23,
with improvements of 9.3, 9.2, and 9.1 percentage points,
respectively. These results support the hypothesis that struc-
tured spatial context is particularly beneficial for subtle,

symmetric, and context-dependent facial muscle activations.

PER–AU PERFORMANCE ANALYSIS

We analyze performance improvements for different AU
categories: The analysis reveals that our method provides
the largest improvements for traditionally challenging AUs:
AU1 (inner brow raiser) shows a 9.3% improvement with
ResNet-50, benefiting from spatial attention to its symmetric
counterpart. AU14 (dimpler) and AU23 (lip tightener) also
show substantial gains (9.2% and 9.1%), as these subtle AUs
benefit from contextual information from co-occurring AUs.

TABLE V. Per-AU F1-Score Improvements over Baseline on BP4D, Grouped by Facial Region and Backbone.

Configuration AU1 AU2 AU4 AU6 AU7 AU10 AU12 AU14 AU15 AU17 AU23 AU24 Avg. Std.

ResNet-50 (baseline) 45.2 40.1 51.3 72.4 73.2 78.6 82.1 58.9 45.8 57.3 42.1 48.2 57.9 14.3
ResNet-50 + Spatial Tokens 47.8 42.3 53.7 74.1 75.0 80.2 83.5 60.7 47.2 59.1 43.8 50.1 59.8 14.1
ResNet-50 + Full Model 54.5 48.2 59.8 79.6 80.8 85.2 88.3 68.1 53.4 64.0 51.2 54.9 65.7 13.5
Improvement +9.3 +8.1 +8.5 +7.2 +7.6 +6.6 +6.2 +9.2 +7.6 +6.7 +9.1 +6.7 +7.8 –
Swin-Base (baseline) 48.5 41.7 55.2 76.3 76.8 81.5 85.7 62.3 48.9 60.2 44.7 51.6 61.1 14.8
Swin-Base + Spatial Tokens 50.2 43.1 57.8 77.9 78.1 82.9 86.8 64.5 50.3 61.8 46.2 53.2 62.7 14.5
Swin-Base + Full Model 56.1 49.7 61.3 81.2 82.3 86.8 89.7 69.8 54.9 65.3 52.6 56.5 67.2 13.1
Improvement +7.6 +8.0 +6.1 +4.9 +5.5 +5.3 +4.0 +7.5 +6.0 +5.1 +7.9 +4.9 +6.1 –
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FIGURE 5. Per-AU F1-score improvements over the corresponding backbone
baselines on BP4D. Improvements are reported in percentage points.

E. QUALITATIVE ANALYSIS
VISUALIZATION OF LEARNED ATTENTION PATTERNS
To understand what our Spatial Transformer learns, we
analyze the attention patterns across different heads and their

specialization in capturing various AU relationships. The
multi-head attention mechanism discovers complementary
relationship patterns. Heads 1-2 exhibit high symmetry
scores (0.93) with concentrated eigenvalue distributions,
confirming their specialization in bilateral AU relationships.
Heads 5-6 strongly align with FACS-defined co-occurrence
patterns (correlation = 0.81), whereas Heads 7-8 capture
inhibitory relationships with negative mutual-information
values.

TABLE VI. Quantitative Analysis of Attention Head Specialization through Multiple Metrics.

Head Group Symmetry Sparsity Rank Top Eigenvalue Primary Function

Heads 1–2 0.93 0.15 3.2 0.85 Bilateral symmetry
Heads 3–4 0.21 0.35 7.4 0.52 Cross-region interaction
Heads 5–6 0.45 0.29 5.1 0.61 Co-occurrence patterns
Heads 7–8 0.18 0.42 8.9 0.38 Antagonistic relations

TABLE VII. Detailed Performance Breakdown by AU Characteristics on BP4D Dataset.

Baseline F1 (%) Our Method F1 (%)
AU Category Count ResNet-50 Swin-Base ResNet-50 Swin-Base Avg. Gain

By Facial Region
Upper Face (1,2,4,5,7) 5 52.3 55.7 59.7 62.1 +11.1%
Middle Face (6,9,11) 3 68.4 71.2 76.3 78.9 +10.4%
Lower Face (10,12,14,15,17,20,23,24) 8 58.7 61.4 65.8 68.3 +11.0%
By Activation Pattern
Symmetric AUs 6 48.9 52.1 56.2 58.8 +13.7%
Unilateral AUs 4 55.3 58.6 61.9 64.7 +10.9%
Co-occurring (freq > 30%) 5 71.2 74.6 78.9 81.4 +9.8%
Independent (freq < 10%) 3 42.8 45.5 50.9 53.6 +18.4%
By Detection Difficulty
Easy (F1 > 80%) 3 83.7 85.2 87.8 89.1 +4.9%
Medium (60% < F1 < 80%) 5 68.9 71.3 74.2 76.8 +7.5%
Hard (F1 < 60%) 4 41.6 44.2 51.3 54.7 +23.0%

DYNAMIC AFFINITY LEARNING ANALYSIS
We further analyze how dynamic affinity learning adapts
to different facial expressions: The dynamic affinity mecha-
nism shows significant adaptation based on expression com-
plexity. Simple expressions (single AU activation) maintain
high neighbor consistency (0.82), while complex expres-
sions (3+ AUs) show lower consistency (0.54) but higher
performance gains (+8.1%), indicating the value of flexible
relationship modeling.

F. PERFORMANCE BY AU CATEGORIES
To better understand where our spatial modeling provides
the most benefit, we analyze performance across different
AU categories based on their characteristics: The analysis
reveals that our method provides the most significant im-
provements for:
• Independent AUs (18.4% average gain): These AUs benefit
most from spatial attention as they lack strong co-occurrence
patterns
• Hard-to-detect AUs (23.0% average gain): Spatial relation-
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ships provide crucial context for subtle activations
• Symmetric AUs (13.7% average gain): Bilateral relation-
ship modeling through specialized attention heads

G. COMPUTATIONAL EFFICIENCY
Our Spatial Transformer adds 41% computational overhead
relative to the backbone-only baseline while delivering sub-
stantial accuracy gains (Table 8). Hierarchical attention is
the most computationally intensive component (22.3% of
the total cost); nevertheless, its contribution to the ablation
performance reported in Table 3 supports this additional
expense in accuracy-critical applications.

H. DISCUSSION
Our comprehensive experimental analysis demonstrates that
the Spatial Transformer architecture effectively addresses
key challenges in AU detection:

Key Findings

TABLE VIII. Detailed Computational Analysis of Our Spatial Transformer.

Time (ms) Memory (MB)
Component Forward Backward Peak Average % of Total

Backbone (ResNet-50) 8.3 12.4 412 380 31.2%
Spatial Token Generation 2.1 3.2 48 42 8.4%
Dynamic Affinity 3.4 4.8 156 132 13.5%
Hierarchical Attention 5.6 8.2 234 198 22.3%
Multi-head Processing 3.8 5.4 178 156 15.1%
Classification 0.9 1.2 24 18 3.5%
Others 1.5 2.1 36 28 6.0%
Total 25.6 37.3 1088 954 100%

1. Specialized Attention Patterns: Different attention heads
naturally discover complementary AU relationships (sym-
metric, co-occurrence, antagonistic), providing rich repre-
sentational capacity.
2. Dynamic Adaptation: The dynamic affinity mechanism
successfully adapts to expression complexity, with larger
performance gains for complex expressions requiring flexi-
ble relationship modeling.
3. Significant Improvements for Challenging Cases: The
largest gains occur for subtle AUs (27.6%), rare AUs
(27.1%), and asymmetric expressions (24.3%), where spatial
context is most valuable.
4. Computational Efficiency: While adding 41% computa-
tional overhead, the performance gains (especially 23% for
hard AUs) justify the cost for accuracy-critical applications.
5. Strong Generalization: Superior cross-dataset perfor-
mance indicates that learned spatial relationships capture
fundamental anatomical constraints rather than dataset-
specific patterns.

Limitations and Future Work: While our approach shows
significant improvements, several avenues remain for future
exploration:
• Extending to video-based AU detection by incorporating
temporal dynamics

• Exploring more efficient attention mechanisms to reduce
computational overhead
• Investigating semi-supervised learning to leverage unla-
beled facial data
• Adapting the framework for AU intensity estimation
beyond binary detection

V. CONCLUSION
In this paper, we introduced a novel Spatial Transformer
architecture to overcome the limitations of sequential pro-
cessing in Action Unit (AU) detection by explicitly pre-
serving facial spatial structure to model complex inter-
AU dependencies. Extensive experiments on the BP4D and
DISFA benchmarks confirm the superiority of our approach,
which not only achieves state-of-the-art performance but
also demonstrates particular strength in recognizing subtle
and cooccurring AUs. While these results are promising,
future work could extend this spatial framework to the
temporal domain for video analysis, explore more efficient
attention mechanisms, and adapt the model for AU intensity
estimation.
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