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Abstract

Micro-expression recognition (MER) has a lot of applications in lie detection, education,
healthcare, etc., as involuntary micro-expressions (MEs) may provide subtle facial cues asso-
ciated with affective responses. With the development of deep learning, many studies have
recently employed Vision Transformers (Vils) to investigate MER, since ViTs show promis-
ing performance in various visual domains due to their excellent local-global modeling
ability. However, such methods confront two fundamental challenges: First, fine-grained
visual features are needed to capture the subtle facial movements of MEs, which ViTs rela-
tively fall short on due to coarse patch resolution constrained by their quadratic complexity.
Second, the data-intensive nature of ViTs impedes effective learning given the limited scale
of ME data. To overcome the aforementioned limitations of using ViTs for MER, we pro-
pose the Prior-aware Sparse Transformer (PAST), a novel Transformer-based architecture
integrating spatial and semantic prior knowledge synergistically into a sparse attention
mechanism, enabling linear-complexity processing of large amounts of fine-grained fea-
tures. Specifically, we first designed an extraction algorithm to generate a representative
set of motion-intensive Principal Anchors, which are used to guide the model’s focus
on biologically critical regions during sampling. Second, we introduced the Semantic
Dictionary, which was trained with a carefully designed self-contrastive loss to embed task-
invariant discriminative semantics of the anchors. Such global semantics further modulate
patch sampling and attention weighting in the sparse attention procedure, achieving better
training performance with limited ME data. Extensive evaluations on MEGC and CD6ME
protocols demonstrate state-of-the-art performance, validating PAST’s efficacy for MER.

Keywords: micro-expression recognition; knowledge-guided learning; sparse attention;
self-supervised contrastive learning

1. Introduction

Micro-expressions (MEs) involve subtle facial muscle movements that occur in highly
localized regions. Because MEs may contain subtle facial cues related to affective responses,
micro-expression recognition (MER) is practical in many applications, such as lie detection,
medical diagnosis, and education, which have become research hotspots in the area of
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artificial intelligence and affective computing [1-5]. However, MER is still challenging due
to the subtle motions of ME, which are hard to capture, and it is necessary to present a
powerful approach to handle MER.

With the development of computer vision and deep learning, deep models demon-
strate powerful abilities in various tasks. Convolutional Neural Networks (CNNs) were the
first to be applied in MER, thanks to their ability of local signal modeling [6-8]. Recently,
Vision Transformers (ViTs) [9] have achieved promising success in computer vision due to
their excellence at capturing long-range dependencies and show great performance in vari-
ous domains. However, despite some successful attempts of ViTs regarding MER [10-12],
their performances remain suboptimal for MER compared with other vision tasks.

The main reason for this can be divided into two views due to the localized and
sparse nature of ME signals. On the one hand, vanilla ViT attention cannot effectively
capture the localized motions of MEs, since typical self-attention functions incur quadratic
computational complexity, posing limitations to the input scale. ViTs practically employ
large patch sizes (e.g., 14 x 14, 16 x 16, or 32 x 32) [13,14]. While these are suitable for most
vision tasks, such a coarse patch configuration critically constrains the model performance
during MER, blurring the localized motion signals that are essential for recognizing MEs
and inducing noise within patches. On the other hand, the need for a large amount of
training data makes it difficult to train a strong ViT model for MER. The global attention
function computes weights between all patch pairs, most of which are irrelevant to MER
due to the sparsity of informative patches. This introduces redundancy that impedes
convergence and optimization during training [15,16]. The limited scale of ME datasets
further hinders a model’s ability to learn relevant global attention patterns. To address
these limitations, we propose a method whose overall pipeline is illustrated in Figure 1.

.
Coordinates Iid —
—
Extraction Parameter
Algorithm Embeddings ’ Tuning
Spatial Prior L L
Prior (Anchors) \_ Semantic Prior
Knowledge _/ (b)
e = b ey
1
i
i
: HW l
ny =

i A ng =ny = |P| B & .
’ S z8 2
E Al — | %% Z

52 K]
i £ < o
i
i Sparse Sparse Sampling Dynamic Weighting
i Attention

Figure 1. Pipeline of our method. Multiple-source prior knowledge guides the filtering and weighting
of the sparse pair-wise attention, enabling (a) higher-resolution visual patches within an affordable
computational load and (b) effective parameter learning on data-limited MER.

Sparse attention addresses such constraints by selectively reducing the amount of
attention pairs, enabling finer-grained feature extraction. Such methods require excessive
hyperparameter tuning for the best performance. Deformable attention [17], inspired by
deformable convolutions [18], dynamically samples informative regions with reference
point grids. While enhancing ViT’s flexibility and efficiency, this uniform sampling strategy
lacks task-specific priors, and thus, is inefficient for the highly structured and spatially
sparse nature of ME data.
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To achieve an effective sparse attention representation with an affordable computa-
tional cost, we propose the Prior-aware Sparse Transformer (PAST), which incorporates
spatial and semantic prior knowledge into Transformer attention. Our sparse attention
architecture is based on the core concept of Principal Anchors, a set of keypoints derived
from the 68 facial landmarks based on local motion intensity. These anchors serve as the
injtialization of sampling locations. Instead of using uniform grids [17], we impose spatial
priors by starting from motion-intensive facial regions. Taking advantage of the sparse
sampling pipeline, the attention function remains computationally affordable, even with
extremely large amounts of fine-grained patches. Moreover, as the anchors provide con-
sistent semantic contexts, semantic priors can be utilized to further enhance training and
inference. Therefore, we introduce the Semantic Dictionary, a global embedding matrix
optimized by a self-supervised contrastive loss to embed high-level semantics of each
respective anchor. Task-invariant global semantics inject high-level facial structures into
the model. By integrating semantic priors into the adaptive token sampling and dynamic
attention weighting processes, we address the difficulties of training Transformer-based
deep models under an ME data shortage. Our contributions can be summarized as follows:

1. For motion sparsity, we employed a biologically anchored sparse attention mechanism
integrated with spatial priors to enable the processing of large finer-grained patches
without losing critical information, therefore capturing localized ME signals. We
designed an extraction algorithm to generate Principal Anchors from facial landmarks
based on motion intensity, the coordinates of which serve as the initial sampling
locations to suppress irrelevant noise and highlight important regions.

2. To stabilize the training of our Transformer-based model with limited ME data and
further improve its performance, we proposed refining the process of sparse attention
with semantic priors, injecting informative semantics into the model via the Semantic
Dictionary, a global semantic embedding matrix that encodes discriminative semantic
representations of each Principal Anchor. We designed a self-contrastive training
paradigm to impose facial structures and symmetry patterns into the learning of the
Semantic Dictionary.

3.  Extensive experiments were conducted to demonstrate PAST’s efficacy, achieving
state-of-the-art performance on several benchmark MER datasets and protocols.

2. Related Work
2.1. Deep Learning-Based Micro-Expression Recognition

Convolutional Neural Networks (CNNs) were used in the earliest successful attempts
at learning-based MER. OFF-ApexNet [6] utilizes horizontal and vertical directions of
optical flow through dual CNN streams for classification. Zhou et al. [19] employed Graph
Convolutional Networks (GCNs) to model the relationship of Action Units (AUs) as an
enhancement to label classification. Li et al. [20] proposed the Spatial and Channel Atten-
tion (SCA) weighting module for AU-guided attention learning. Addressing mislabeled
samples, Varanka et al. [21] developed an iterative label correction method to prevent
overfitting and error accumulation. Wang et al. [22] tackled dataset scale limitations us-
ing adversarial learning for sample interpolation, enhancing temporal feature modeling
through Inception networks and 3DCNNs. Ruan et al. [23] introduced a region replacement
module for data augmentation using ResNet18 [24] as the backbone, which was optimized
with an AU similarity-based contrastive loss. While these CNN-based methods improve
local feature modeling, their limited receptive field restricts joint modeling of distant fa-
cial regions relevant to a single ME. With the development of Transformer models [14],
Transformer-based approaches have advanced micro-expression recognition. Zhai et al. [12]
extracted multi-scale features and fused them via Transformer attention. Fan et al. [11]
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proposed a ViT-based model [9] using contrastive learning for symmetric facial region
representation. Yu et al. [25] leveraged self-supervised pretraining with VideoMAE [26],
freezing pretrained parameters and training only lightweight adapters for downstream
micro-expression recognition.

However, these Transformer-based methods inherit vanilla ViT’s coarse patch resolu-
tion and data-intensive training requirements, neither of which is addressed by explicit
facial priors. In this study, we aimed to tackle these problems with spatial-prior-aware
sparse attention. The biologically anchored sparse sampling can effectively filter signifi-
cant patches from among large-scale candidates resulting from fine-grained patch settings,
allowing for the modeling of localized motion signals without adding a notable computa-
tional cost. Moreover, the need for excessive training data is alleviated to some extent, since
irrelevant patches are explicitly suppressed from entering the attention function instead of
requiring the model to implicitly learn the modeling of such redundancy.

2.2. Efficient Attention in Transformer

To achieve more efficient attention computation and easier optimization, previous re-
search employed specific sparse patterns in Transformer models. The original self-attention
mechanism has a quadratic complexity regarding the input length, making it computation-
ally expensive for tasks involving large sets of tokens and difficult to converge with limited
data. Sparse attention trims unnecessary computations by limiting the calculations to a
subset of token pairs, focusing on the most relevant relations while ignoring less important
ones, significantly reducing the computational costs while maintaining or even improving
the performance. Zaheer et al. [27] proposed BigBird, a Turing complete approximator
of sequence functions that combines local, global, and random attention to achieve linear
complexity. Reformer [16] employs locality-sensitive hashing to approximate nearest neigh-
bors. Therefore, they proposed projecting keys and values into a lower-dimensional space
to achieve efficient attention. DAT [17] introduced a dynamic sampling mechanism by
attending to a grid of reference points for each query, rather than fixed patterns, enabling
more flexible and adaptive attention computation while retaining high efficiency. However,
this uniform sampling grid is agnostic to task-specific structure, making it inefficient for
ME data where informative motion concentrates in sparse, anatomically consistent regions.
Sparse attention serves as a vital tool for efficiently handling long and noisy sequences in
various domains.

In summary, existing sparse attention designs rely on fixed or uniformly initialized
sampling, without exploiting structured facial priors—a gap that is especially costly given
the scarcity of ME training data. Motivated by this, we present our model, PAST, which
integrates prior knowledge into the sparse attention pipeline to make Transformers adapt
to the MER domain better.

Beyond MER-specific attention design, injecting external priors to guide visual repre-
sentation learning has also proven effective in broader multimodal settings. For instance,
ViLoMem [28] employs a dual-stream memory to separately encode visual and logical pri-
ors for continual multimodal reasoning, while VEGA-3D [29] repurposes implicit 3D priors
learned by video generation models to enhance MLLMs’ spatial understanding. These
works further support the effectiveness of explicitly modeling structured prior knowledge
to compensate for the data- or supervision-scarcity challenges faced by large vision models,
echoing the motivation behind our prior-aware sparse attention design.

2.3. Fairness in Facial Analysis

Beyond accuracy and efficiency, an increasing body of work highlights that facial anal-
ysis systems can exhibit systematic performance disparities across demographic subgroups.
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Buolamwini and Gebru [30] conducted an intersectional audit of commercial gender clas-
sification systems and revealed substantially higher error rates on darker-skinned and
female faces compared with lighter-skinned and male faces, underscoring the risks of
deploying facial analysis systems without subgroup-level evaluation. To address such
disparities, Datta and Swamidass [31] proposed Fair-Net, a branched multitask architec-
ture that reduces classification and calibration gaps across identifiable sub-populations in
class-imbalanced datasets through architectural modifications to the output layer and loss
function. These works motivate the need to consider demographic fairness when deploying
facial-analysis-based models such as PAST in sensitive applications.

3. Method

To enable effective modeling of subtle ME movements, high visual granularity of visual
input is necessary, which leads to small patch sizes and, in turn, produces an excessively
large number of tokens. A sparse attention mechanism is therefore essential to sample a
small number of important tokens that preserve critical information. To achieve this goal,
we propose the Prior-aware Sparse Transformer (PAST), which incorporates facial prior
knowledge to guide token sampling and attention weighting. The overall architecture of
our model is introduced in Section 3.1.

3.1. Overview

As illustrated in Figure 2, our model employs a hierarchical structure with a down-
sampling block between layers. Specifically, we adopted 4 x 4 patches to acquire the initial
token sequence, yielding a 56 x 56 initial feature map from the 224 x 224 input of optical
flow. Practically, we implement patch embedding with a learnable convolutional layer,
with a kernel size of 4 x 4 and a stride of 4. In this study, we utilized the optical flow of
3 channels: the horizontal component u, the vertical component v, and the magnitude || f||.

Our architecture consists of L attention layers. In each layer L;, the sizes of the feature
maps remain consistent and are passed through Nj attention blocks, e.g., vanilla attention,
local attention, and our proposed PAST. Each layer ends with a downsampling block that
downsamples the feature map X; € REXH*Wxd to half of its size, which becomes the
input for the next layer X; 1 € RB* 2352 The knowledge database is shared across all
layers. Finally, a classifier is imposed on the final feature map to output the classification
probabilities of N classes.
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Figure 2. The hierarchical structure of our model. Each layer consists of several attention blocks,
with multiple knowledge priors injected into the training and inference. Optical flow features are
downsampled after each layer to achieve a multi-scale representation. Finally, a classifier is applied
to output prediction probabilities.
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3.2. Principal Anchors

The sparse attention mechanism can meet the computational constraints, even with
excessively large fine-grained input. However, without proper prior guidance, models can-
not effectively learn the sparse representation given the localized ME signals. The incentive
of Principal Anchors lies in the fact that muscle movements in certain facial regions are
highly correlated with MEs. Therefore, we aimed to explicitly filter such important regions
and remove irrelevant noise through Principal Anchors.

We generated Principal Anchors from the 68 facial landmarks, directly or combination-
ally, as they are a precise indicator of specific facial regions and can be accurately extracted
with existing toolkits. To select N, optimal Principal Anchors that best cover facial move-
ment signals, we needed to quantify the enrichment of motion signals at different positions.
Therefore, we first introduced a scalar metric termed Facial Movement Coverage, i.e., C,
that measures the intensity of motion at given areas based on the optical flow distribution
of the samples within the dataset. For a point set P, C(P) is defined as

|S| 2 2 \/ uSJZC,y + ng(,y/ (1)

SE€S (xy)€Uper N*(p)

where N5(p) = {(m,n) € Z* | |m — x| < k,|n —y,| < k} denotes a (2k + 1) x (2k + 1)
nelghborhood centered at p = (xp,Yp), Uyy and vy y are the horizontal and vertical com-
ponents of optical flow at (x,y), and S is a subset of the dataset. C(P) quantifies motion
intensity with the average magnitude within the union neighborhood area U, cp N k(p) of
all points in P. In this study, we used the 68 facial landmarks L as the candidate point set
and approximated the global location of each facial landmark with its average coordinates
across the subset S. Although the average coordinates may not perfectly align with the
intended anatomical locations on every subject in the dataset, this approximation is justified
as the difference is negligible after our preprocessing pipeline involving face cropping,
resizing, and alignment.

Then, we employed a greedy selection algorithm to iteratively expand the Principal
Anchor set I until |I| > N, whose process is shown in Algorithm 1. We manually selected
3 pairs of symmetric landmarks as the initial anchor set Ip = Ipy U Ipg = {20,39,60} U
{25,44,56}. At each iteration, Algorithm 1 selects a single landmark p; that maximizes
the coverage gain A(p,I) = C(1U {p}) — C(I) from the left hemiface or the central axis,
and then adds both p; and its symmetric counterpart p, into I to ensure the symmetric
structure in the output. If the candidate is on the central axis, the landmark alone will be
added into I.

For specific regions around the cheeks that may contain frequent movement but
lack description landmarks, we augmented I with six combinational anchors {cy, ..., ¢}
following [32]:

[+ 1U{c1,c2,¢3,¢4,¢5,¢6}, )

where each anchor c¢; is derived from linear combinations of existing landmarks:

€1 P43 P40 P30
€ Pa3 Pao P36
3| _Lips| _1|pao| | |pss ’ 3)
ca|  2|pwo| 2|ps P30
Cs5 P40 P43 P32
| €6 | | P40 | | P43 ] | P49 |

which yields a set of Nj, + 6 Principal Anchors as the final anchor set.
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Algorithm 1 Principal Anchor Extraction
Require: Initial anchor set Ip, landmark set L, target anchor count N,
Ensure: Principal Anchor set I
1. I + ID // Initialize Principal Anchors
2: R+ L \ ID // Initialize set of candidate landmarks
3: while |I| < N, do
4:  foreachp € Rdo
5: A (p, I)« C(Iu {p}) —C(I) // Compute coverage increment for each candidate anchor on the
left-hemiface or central axis
6: end for
7. pp < argmaxper A(p, I)
8:  if p; is on the left-hemiface then
9: pr < symmetric landmark of p; // Add the symmetric counterpart if existing

10: I+ 1U{p,ps}
11 R« R\ A{ps, pr}
12:  else

13: I+ 11U {Pl}

14: R <+ R\ {p:}

15:  end if

16: end while

17: return I

3.3. Semantic Dictionary

Since Principal Anchors are derived directly or combinationally from the facial land-
marks, each anchor corresponds to an anatomically consistent facial location. Therefore,
anchors carry discriminative high-level semantics, which is beneficial for MER. For exam-
ple, an eyelid raise may indicate surprise or curiosity, while a lip corner raise may represent
more positive emotions. To leverage these input-independent semantics, we integrate a
learnable feature matrix D € RI*4iict into the model, termed the Semantic Dictionary,
where each element D; encodes the aforementioned semantic representation of the i-th
Principal Anchor as a d-dimensional feature vector. As a global embedding matrix, D
remains unchanged for all samples in the same pass. D injects semantic information into
the process of token sampling and attention weighting, which is detailed in Section 3.4.

During training, D is optimized jointly with other parameters. However, the ab-
sence of direct supervision signals may lead to unstable training and model degradation.
For example, feature vectors may collapse to similar representations, losing the ability to
represent discriminative semantics. To ensure effective learning of distinctive embeddings,
we introduce a self-supervised contrastive loss on D:

1 |1 exp(1l/7) +exp(z;-z;+/T
Edict = _m Zlog P( 11| ) p( : s )/ (4)
i=1 Ej:l exp(z; - Zj/T)
where z; = HI]DDW denotes the /;-normalized embedding vector, it indexes the symmetric

counterpart of anchor i, and 7 is the temperature factor. Lg;; enforces inter-anchor dis-
criminability in the embedding space based on facial symmetry. For bilaterally symmetric
anchors, their embedding vectors z; and z;+ form positive pairs, promoting similarity in
the contrastive process, since symmetric regions may share similar high-level semantics.
For anchors on the central axis, z;+ is defined as 0, simplifying the numerator to exp(1/7)
to enforce any difference between each other. Finally, all other pairs serve as negative
pairs. Thus, Lg;.+ encourages inter-anchor discriminability while preserving similarities for
symmetric anchors. The final loss function is defined as

L= Ecls + /\‘Cdictr (5)

https://doi.org/10.3390/ electronics15153321


https://doi.org/10.3390/electronics15153321

Electronics 2026, 15, 3321

8 of 19

where A is a balancing factor.

3.4. Facial-Knowledge-Guided Sparse Attention

Existing methods utilize a uniform sampling grid to achieve efficient attention [17],
which lacks representative capabilities for ME data where relevant movements are highly
localized and structured. For the localization problem, we integrated a spatial prior into
the original pipeline to reduce redundancy and encourage more focus on critical spots.
For the structural facial input, we achieved semantics-aware inference with the guidance of
a semantic prior.

Our proposed sparse attention module PAST introduces prior knowledge into the
model with two essential steps. First, reference points are initialized with the coordinates of
Principal Anchors. Second, the Semantic Dictionary provides global contexts to modulate
the offset generation and attention weight computation. This architecture is illustrated in

Figure 3.
Q. . .
= Semantic Dictionary D AiErien
Ei Knowledge - | | Computation
k<] o o
g Ni X daiet ‘ Projection W, ‘ | Projection Wg |
&)
g
<
< Multi-head
o ——7— Q 1X1XN, Xd Bias
D.¢ @ -~ we i N; X dy
o RN
. ExkXN Xd Channel-wise
! Wy Gating Nyxd |8
HxWxd HxWxd E
I ~. z
Sparse | wk <
a ] . Sampling | é
13 ¥ s i K s
o e BE
Bilinear Interpolation " Nyxd : 5
o U
: wv Nxd, | B
N X 2 i 14 g
——— Spatial Prior 78]
——» Semantic Prior HXW X dyg

Figure 3. The architecture of the proposed sparse attention mechanism in PAST. The information
flow of two types of prior knowledge is denoted with arrows in different colors. Principal Anchors,
whose coordinates are adjusted by a lightweight offset network, are utilized for sparse sampling.
The sampling process is implemented with bilinear interpolation to handle continuous coordinates.
Semantic priors, described by the Semantic Dictionary, are employed in the whole process. First,
they serve as a gating signal in the offset network to refine offset generation and sampling locations.
Second, they act as a bias term in the attention-weighting process to dynamically adjust the weights
with the awareness of specific facial regions.

3.4.1. Offset Network

The offset network ¢ : X +— A € REXIX2 generates 2D offsets for each Principal
Anchor p = (xp,yp). The token at (x, + Axp, yp + Ayy) is then sampled into the sparse
sequence. Thus, a single anchor will generate 1 sampled token in the sequence, yielding |I|
tokens in total.

To effectively inject prior knowledge while keeping the offset network lightweight,
we incorporated the Semantic Dictionary into it as a gating signal. Given the query
tensor Q € RBXHXWxd we first extracted local features Q; € RBxkxkx|I[xd yig k x k
cropping around each anchor. The Semantic Dictionary D gates visual features on the
channel dimension:

g(D) _ U(Dwg) c R1X1X1X|I|Xd, (6)
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where ¢ is the sigmoid function and Wy is a learnable projection matrix. Offsets are then
computed using
A = Wy(g(D) ® Q) € RPII2, @)

where ® denotes broadcasted element-wise multiplication. Wy, is practically implemented
with two k x k convolutional kernels. Finally, offsets are cropped within the range [— %, %],
with the field receptible by Q.

3.4.2. Sparse Token Sampling and Attention Weight Computation

After obtaining sampling coordinates P’ = P + A, we sampled tokens via interpolation:
S =¢(Q|P) e R, (®)

where ¢ denotes bilinear interpolation, since the sampling operation is non-differentiable on
discrete indices, and the offsets output from the offset network are inherently continuous.

Finally, we employed a multi-head scaled dot-product attention to acquire attention
weights and outputs. Sparse key-value pairs are computed using

{K: SWK + DWg e RExIxd o

V:SWV ERBXMde,

where WX and WV are learnable projections, and d; and d,, denote the feature dimensions
for keys and values, respectively, in a single attention head. The projection layer Wg(D)
fuses semantic information as a bias term when acquiring keys. Specifically, each token
S; generated by anchor i is fused with its corresponding embedding vector D;, enabling
facial semantics to dynamically modulate attention for respective anchors. Keys and
values are token sequences of length |I], leading to a subsequent computation complexity
of O(|I| - HW) for the scaled dot-product attention, which is significantly reduced from
O(H?*W?), since |I| << HW holds for small patches.

This design of sparse attention ensures that the model focuses on motion-intensive
regions only, effectively suppressing irrelevancy to maintain computational efficiency.
Given limited ME data, this advantage of PAST further makes convergence easier during
training. The semantic prior is fused through the whole process, thereby enabling the
model’s awareness of facial structures and enhancing its ability to dynamically adjust its
focus regarding different areas.

4. Experiments
4.1. Evaluation Protocols and Datasets
We evaluated our model on two cross-dataset evaluation protocols: MEGC and

CD6ME, comprising seven public datasets in total. Both protocols are detailed in the
following sections.

4.1.1. MEGC

The Micro-Expression Grand Challenge (MEGC) [33] combines three benchmark
datasets: CASME 1II [34], SAMM [35], and SMIC [36]. MEGC employs the Leave-One-
Subject-Out (LOSO) cross-validation across 68 subjects, classifying expressions into three
categories: Positive, Negative, and Surprise. Model performance is measured using the
unweighted Fl-score and unweighted average recall:

C
TP 1
UF1 = i , UAR= — 10
~ 2TP; + FN; + FP, C - (10)

1

1 C TP
C ¢ = N;’

1
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with the final metrics averaged over C = 3 classes. LOSO prevents subject-specific overfit-
ting caused by data imbalance across subjects. However, it requires training 68 splits for a
complete round of evaluation.

4.1.2. CD6ME

To address historical problems in MEGC including data unreliability and data leak-
age, CD6ME [37] incorporates six datasets (CASME [38], CASME II [34], CAS(ME)3-
A [39], SAMM [35], MMEW [40], 4DME [41]) using Leave-One-Dataset-Out (LODO) cross-
validation, resulting in six splits for complete evaluation. Due to label inconsistencies across
datasets, CD6ME reformulates MER as a multi-label AU detection task for 12 frequent AUs
(1,2,4,5,6,7,9,10,12, 14, 15, 17). CD6ME uses UF1 across AUs as the evaluation metric. It
is worth noting that CD6ME explicitly prohibits early stopping to prevent data leakage.

4.2. Implementation Details

We utilized PyTorch version 2.1.0 to implement our model. We employed TV-L1
algorithm to obtain optical flow maps for all samples, with consistent face cropping and
resizing. Face detection and alignment were performed using dlib’s frontal face detector
combined with a five-point similarity transform, aligning eye centers to fixed reference
coordinates prior to cropping to 224 x 224; samples where dlib failed to detect a face or
landmarks were excluded from the training and evaluation. Optical flow was computed
between the onset and apex frames with TV-L1 parameters 7 = 0.25, A = 0.15, and 6 = 0.3,
and five pyramid levels. To extract Principal Anchors, we used the dlib toolkit for accurate
landmark detection. Five hundred random samples from CAS(ME)3-C [39] were used as set
S for Algorithm 1, with a neighborhood radius k = 4 pixels. Note that we used CAS(ME)3-C
to capture priors, while our testing dataset, CD6ME, included CAS(ME)3—A. There is no
overlap between them. We extracted N, = 18 landmarks with indices 18, 20, 22, 23, 25, 27,
28,32, 34,36, 39, 44, 49, 52, 55, 56, 58, and 60, with six combinational anchors (described in
Section 3.2) as Principal Anchors.

For the model hierarchy, we employed L = 4 layers in our model architecture,
with N; = [2,4,10,2] attention blocks in each layer. Then, 4 x 4 patches were extracted
from optical flow maps of size 224 x 224 as the model’s input. The Semantic Dictionary
dimension was set to 64, with N; = 8 attention heads used throughout all attention modules,
and the local crop size k in the offset network was set to 7 x 7. For Layers 1 and 2, we
adopted the same attention blocks as in DAT. For Layer 3, we alternated between local
attention [42] and our proposed PAST to construct this layer. Finally, Layer 4 consisted of
N4 = 2 PAST blocks before the MLP classifier.

During training, a stochastic gradient descent optimizer (momentum 0.9, weight decay
5 x 10~*) was employed with an initial learning rate of 7 x 10~°, which gradually declined
to 1 x 107 using a cosine annealing scheduler over 150 epochs, with a batch size of 16
and 10 warm-up epochs. Data augmentation included random horizontal flipping. We
employed L as the cross-entropy loss, with weights inversely proportional to the number
of samples for each class. The balancing factor A was set to 0.2. The temperature factor
in Lgict was set to 0.5. All experiments were conducted on four NVIDIA RTX 4090 GPUs.
Unless otherwise noted, all reported results were averaged over three independent runs
with random seeds {0, 1, 2}, and we observed a standard deviation below 0.5 UF1 points
across runs.

4.3. Comparison with the State-of-the-Art

Table 1 presents our model’s evaluation results on MEGC compared with other state-
of-the-art methods. The accuracy and Fl-score are reported using a scale of 0 to 100.
As demonstrated in Table 1, our method maintains state-of-the-art performance on MEGC.
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Notably, PAST achieves the highest UAR across all datasets, with an overall accuracy of
87.0%, demonstrating superior performance in general. Meanwhile, PAST achieves the
second-highest UF1 on the full 3DB evaluation. Overall, there are eight results in Table 1,
and we achieved the best performance on five out of them, showcasing PAST’s robustness
across multiple datasets.

Table 1. Comparison with the state of the art on MEGC.

SMIC CASMEII SAMM 3DB
UF1 UAR UF1 UAR UF1 UAR ©UF1 UAR

LBP-TOP [43] 51.2 52.8 70.3 74.3 39.5 41.0 58.8 57.9

Method

GEME [44] 604 639 883 879 584 546 722 730
MERSiamC3D [45] 73.6 760 882 876 775 728 807 799
SLSTT [46] 740 720 901 885 715 643 816 790
FRL-DGT [12] 743 749 919 903 772 758 812 811
TFT [47] 741 718 907 909 709 656 814  80.1
LAENet [48] 662 652 910 912 681 662 757 741
CoTDPN [49] 632 674 802 793 737 754 742 765
SDGSA [50] 796 793 950 941 817 809 854 849
HTNet [51] 805 791 953 952 813 812 860 846
Ours 776 795 951 955 84.6 850 855  87.0

Note: Bold numerical values indicate the best performance, and underlined numerical values indicate the
second-best performance.

The confusion matrices for PAST on MEGC are shown in Figure 4, revealing an in-
depth understanding into the model’s per-class performance. Generally, PAST exhibits
strong robustness across three datasets on samples labeled “Surprise” and “Positive”. While
PAST tends toward false positives for “Negative” instances in CASME II and SAMM, which
may have originated from data imbalance within composite data, the error rates are rela-
tively lower than other available methods. Nevertheless, the state-of-the-art performance
shown in the combined results demonstrates PAST’s effectiveness regarding MER.

3DB SMIC CASME I SAMM

Figure 4. Confusion matrices for 3-class classification on 3DB, SMIC, CASME II, and SAMM.

Table 2 illustrates the performance of PAST on CD6ME. As a newer benchmark with
fewer comparable works, a limited number of reports are available for comprehensive com-
parison. Therefore, we compared our method with only a few models with corresponding
reports or accessible code. As suggested from Table 2, PAST achieves top-2 performances
on nine of the 12 AUs, five of which with the highest UF1 results. PAST achieves the
highest overall UF1 on CD6ME, with an improvement of 1.5 points over the second-highest
method. Moreover, our standard deviation when using different datasets is 11.06 under
UF1 and the CD6ME protocol; Micromamba’s and SSSNet’s standard deviations are 23.02
and 26.3, which are larger than ours. The results on two benchmarks with composite data
demonstrates PAST’s robustness and efficacy compared with other state-of-the-art methods.
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Table 2. Comparison with the state of the art on CD6ME.

Method AU1 AU2 AU4 AU5 AU6 AU7 AU9 AU10 AU12 AU14 AU15 AU17 UF1
LBP-TOP [43] 416 367 620 0.0 0.0 0.0 1.7 0.0 0.0 3.5 0.0 0.0 12.1
MDMO [52] 594 570 722 167 23 181 109 0.0 27.4 25.5 13.0 278 275
NMER [53] 191 192 433 93 6.3 9.1 125 4.8 18.1 22.6 3.3 6.4 14.5
SCA [20] 423 428 562 148 12 234 134 3.0 21.8 37.1 4.0 229 236
RCN-A [54] 748 710 853 47 00 241 159 0.0 211 23.7 0.0 240 287
RN18(2+1)D [55] 542 494 727 269 52 204 117 124 23.3 25.5 9.7 419 294
STSTNet [7] 742 688 857 3.6 64 29.0 186 9.0 16.7 29.0 11.8 28.3 318
ResNet18 [24] 762 721 871 126 55 382 86 18.4 37.3 33.7 124 447 372
Off-ApexNet [6] 749 702 863 135 33 445 36.6 183 32.0 37.7 19.0 382 395
SSSNet [21] 746 721 875 136 53 486 203 193 36.2 40.8 22,7 447 405
MicroMamba [56] 754 678 850 283 19.1 338 37.7 212 24.0 48.2 18.8 504 425
Ours 775 765 836 283 103 346 359 26.6 36.4 45.9 19.8 53.1 44.0

Note: Bold numerical values indicate the best performance, and underlined numerical values indicate the second-
best performance.

4.4. Ablation Study
4.4.1. Model Efficiency and Performance with Different Attention Modules

We evaluated the computational efficiency of three attention modules using three met-
rics, i.e.,, FLOPs, memory usage, and inference time, using progressively finer patch sizes.
The results are shown in Figure 5, with red crosses indicating Out-of-Memory (OOM) errors
on a single GPU with 24 GB memory.

FLOPs vs Patch Size Memory Usage vs Patch Size

—e ViT X —e— ViT X
3504 DAT 12000 1 DAT
—8— Ours —8— Ours
300 4 10000 4
2501
S 8000
@ £
S 200 g,
g 2 60004
150 + =
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" / o ‘_\‘_—/
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Patch Size Patch Size

Inference Time vs Patch Size
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140 4 DAT
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1204
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Figure 5. Computational efficiencies of attention modules at different patch sizes. Red crosses indicate
Out-of-Memory (OOM) errors on a single GPU with 24 GB memory.
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For self-attention [9], the computational cost grows exponentially with its quadratic
complexity O(n?). At patch size 8, FLOPs reach ~250 G. The training becomes impractical
at patch size 4, with a theoretical ~991 G FLOPs for a batch size of 16, triggering OOM on
24 GB GPUs. All subfigures demonstrate that ViT’s quadratic complexity poses limitation
for fine-grained visual patches. Deformable attention [17] utilizes a uniformly distributed
anchor grid that samples one token every K rows and columns, resulting in sub-quadratic
complexity O(n?/K?). The sparse sampling enables finer patches, but the anchor count
still scales with finer patches. Our sampling scheme with fixed cardinality maintains stable
costs O(]I| - n) across coarse-to-fine granularities. Despite extra parameters introduced
by prior knowledge, PAST achieves significantly lower computational costs than other
methods at patch sizes < 8.

We compared the three attention modules with different patch sizes on CD6ME
(Table 3); the results suggest multiple findings. Comparing rows 1 and 2, we find that
deformable attention alone provides no notable performance gain over ViT for coarse
patch sizes. We argue that the significant loss of relevant visual information with coarse
granularity is the direct reason for the relatively low performance. Contrasting deformable
attentions for different patch sizes, we find that reducing patches to 4 x 4 improves UF1 by
2.1 points, confirming the necessity of fine-grained patches for capturing subtle MEs. Finally,
our method achieves a +2.8 UF1 gain at identical fine-grained granularity, demonstrating
facial priors’ efficacy in filtering irrelevant features for data-limited MER.

Table 3. Ablation study of attention modules on CD6ME.

Method Patch Size AUl AU2 AU4 AU5 AU6 AU7 AU9 AU10 AU12 AU14 AUl5 AU17 UF1
Self-Attn [9] 16 717 656 785 263 194 303 343 224 254 45.2 8.7 389 389
Deformable Attn [17] 16 733 639 840 221 15.0 305 343 265 26.0 41.6 18.4 342 391
Deformable Attn [17] 4 743 718 835 266 178 30.7 315 256 27.8 45.4 19.5 402 412
Ours 4 775 765 836 282 103 34.6 359 26.6 36.4 45.9 19.8 53.1  44.0

Note: Bold numerical values indicate the best performance.

4.4.2. Effectiveness of Semantic Dictionary

We further performed an ablation study on the Semantic Dictionary, whose results
are shown in Table 4. First, we removed both priors entirely, and the model is effectively
reduced to vanilla deformable attention. Then, we involved the Principal Anchors only
without the Semantic Dictionary. Subsequent rows evaluate different training strategies
for the Semantic Dictionary. “None” in the “Loss” column denotes Lg;.; = 0 throughout
training. “Symmetry-agnostic” denotes our proposed contrastive loss with z;; = 0 for all

anchors, i.e.,
1 U exp(l/tT
Edict = 7m log p( )
i=1

. , )
ijl exp(z; - zj/T)

discarding symmetry structures between anchor pairs. “Symmetry-aware” denotes the full
loss-preserving anatomical symmetry patterns.

The results in Table 4 demonstrate various findings. First, the spatial prior embedded
within Principal Anchors substantially enhances the model performance, as validated from
the 1.1 points improvement, confirming the necessity of spatial guidance. Second, the
Semantic Dictionary alone does not provide significant performance gains. However, when
paired with appropriate self-supervision, it produces significant improvements, validated
by the 0.9 points of UF1 increase when the symmetry-agnostic loss function is applied.
Moreover, the full symmetry-aware loss achieves the highest performance score by 0.6,
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demonstrating that the model’s capability regarding MER benefits greatly from proper
supervision of semantic structures.

Table 4. Ablation study of semantic dictionary on CD6ME.

Anchors Dictionary Loss UF1
X X N/A 41.2
v X N/A 423
v v None 42.5
v v Symmetry-agnostic 43.4
v v Symmetry-aware 44.0

Note: Bold numerical values indicate the best performance v" indicates that the component is used, while X

indicates that it is not used. N/A indicates not applicable

4.4.3. Effectiveness of the Dictionary Use Type

Table 5 disentangles the Semantic Dictionary’s two functional pathways on MEGC.
The offset gating pathway alone (only OG) produces a small UAR improvement but a slight
UF1 drop over the Principal Anchor-only baseline (only PA), while the key bias pathway
(only KB) delivers substantial gains in UF1 and UAR. Their full integration, i.e., the whole
PAST, achieves the best overall performance with a large margin, validating the strong
complementarity of the two semantic injection mechanisms.

Table 5. Ablation results of dictionary use on MEGC.

Exp. UF1 UAR
Only PA 77.5 734
Only OG 75.0 74.2
Only KB 78.6 79.7

Whole PAST 85.5 87.0

Note: Bold numerical values indicate the best performance.

4.4.4. Effectiveness of Key Components

Table 6 presents the results of component-wise ablation, including the patch size,
sampling base, learned offsets, and dictionary use, with all experiments sharing an identical
network hierarchical structure, training schedules, and data preprocessing pipelines to
isolate the independent contribution of each module on MEGC under UF1 and UAR
metrics. Specifically, first, comparing Exps. 1 and 2 confirms that fine-grained 4 x 4 patches
deliver a better performance over the coarse 16 x 16 patches, verifying that high-resolution
visual inputs are critical for capturing subtle localized ME motions. Subsequently, Exps. 2,
3, 5, and 6 disentangle the spatial priors of PAST. Motion-selected Principal Anchors
consistently outperform uniform grids (i.e., the vanilla DAT), standard uniform facial
landmarks, and randomly initialized reference points, demonstrating the efficiency and
effectiveness of motion-intensity-guided anchor selection for the MER task in our PAST.

Furthermore, comparing Exps. 4 and 6 validates that learnable offsets can bring
improvement by enabling adaptive sampling alignment for individual ME facial variations.
In the end, Exps. 6 to 7 quantify the independent gain of the proposed semantic dictionary,
fully validating the rationality of each key design in PAST.
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Table 6. Component-wise controlled ablation results of PAST on MEGC.
Exp. Patch Size Sampling Base Offsets Dictionary UF1 UAR
1 16 x 16 Uniform grid v X 57.3 57.9
2 4x4 Uniform grid v X 73.4 70.6
3 4x4 Uniform landmarks v X 74.2 70.8
4 4x4 Motion-selected X X 68.9 65.5
5 4x4 Random points v X 78.7 79.1
6 4x4 Principal Anchors v X 81.4 80.2
7 4x4 Principal Anchors v v 85.5 87.0

Note: Bold numerical values indicate the best performance v" indicates that the component is used, while X

indicates that it is not used.

4.5. Visualization

To qualitatively analyze the model discriminability across different label categories, we
utilized t-Distributed Stochastic Neighbor Embedding (t-SNE), a non-linear dimensionality
reduction technique to visualize the clustering of features in the embedding space [57]. We

compared the features extracted using ViT, DAT, and our proposed PAST with three label

classes. The visualization results are shown in Figure 6. Due to computational limitations
discussed in Section 4.4, we adopted patch sizes of 16 for ViT and 4 for DAT and PAST. We
find that PAST achieves similar levels of intra-class cohesion as DAT, and the features ex-

tracted by PAST show the most clear inter-class decision borders among the three attention

mechanisms. ViT falls short on both metrics due to using coarse patches. This visualization

further proves the discriminative ability of our model with fine-grained patches.
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Figure 6. The visualization of feature clustering using t-SNE. Our method shows the most significant

inter-class discriminability and intra-class cohesion across the three attention mechanisms.
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5. Conclusions

In this study, we addressed the challenges of Transformer-based models in MER
by proposing PAST, a novel attention mechanism that combines facial prior knowledge
with sparse attention through three key innovations. First, Principal Anchors derived
from motion-intensive facial areas provide spatially optimized reference points for sparse
sampling, significantly reducing the computational complexity without loss of informative
facial spots. Second, the Semantic Dictionary trained with a self-supervised contrastive loss
encodes global facial semantics, enhancing the model’s awareness of facial structure and
symmetry patterns. Finally, our sparse attention mechanism dynamically fuses both types
of aforementioned priors during inference, enabling efficient fine-grained processing of
ME data.

PAST enables effective attention on fine-grained visual patches as a result of its linear
complexity. With the guidance of spatial priors, PAST is capable of precisely capturing sub-
tle localized ME signals. Moreover, the embedded semantics provide rich context regarding
facial structure and further improve PAST’s performance with limited training data. Exten-
sive experiments and ablation studies demonstrate PAST’s effectiveness. It is competitive
on the MER task and outperforms other state-of-the-art methods on most metrics.

While these results demonstrate the effectiveness of PAST under standard MER proto-
cols, the current evaluation is limited by the lack of complete demographic metadata in
existing benchmarks, which prevents systematic subgroup-level fairness analysis. Future
work should assess whether MER systems perform consistently across demographic groups
and acquisition conditions before considering deployment in sensitive domains.
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The following abbreviations are used in this manuscript:

MER Micro-expression recognition
ME Micro-expression

ViT Vision Transformer

CNN Convolutional Neural Network
PAST Prior-aware Sparse Transformer
AU Action Unit

LOSO Leave-One-Subject-Out

LODO Leave-One-Dataset-Out

UF1 Unweighted F1-score

UAR Unweighted average recall
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