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Abstract. Micro-Action Recognition (MAR) aims to identify transient
and subtle bodily movements that occur during interpersonal commu-
nication. Existing MAR methods attempt to emphasize low-amplitude
motion by injecting skeletal priors and have achieved certain progress.
However, they (1) rely on additional modalities and costly pose annota-
tions, and (2) employ coarse joint graphs that fail to capture sub-joint
micro-movements and fine-grained appearance cues (e.g., finger tremors).
In contrast, raw RGB videos preserve such subtle cues, and pretrained
VideoMAE provides strong spatiotemporal priors without requiring addi-
tional supervision. Motivated by this, we first establish a strong MAR
baseline by task-adaptively fine-tuning VideoMAE. To further enhance
its capacity to perceive subtle motion cues, we propose A3-MAE, a
VideoMAE-based holistic-subtle collaborative framework that integrates
Anmplification, Aggregation, and Adjustment in a unified design. Specifi-
cally, 1) we design a Temporal Gradient Local Amplification (TGLA) mod-
ule to amplify subtle-motion regions directly from RGB inputs, forming a
subtle-motion branch that complements the holistic-motion counterpart;
2) we develop a Holistic-Subtle Motion Aggregation (HSMA) module with
dual cross-attention, enabling reciprocal conditioning between holistic
and subtle branches while maintaining their complementarity; and 3) we
introduce a Confidence-Aware Dynamic Adjustment (CADA) module to
adaptively calibrate aggregation mismatch between the two branches in
an instance-aware manner. Together, these components establish a unified
amplify-aggregate-adjust paradigm for comprehensive micro-action under-
standing. Extensive experiments demonstrate that A3-MAE achieves new
state-of-the-art performance on both MA-52 and iMiGUE benchmarks.
Code is available at https://github.com/zy-hfut/A3SMAE.
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Fig. 1: (a) Comparison of different methods on MA-52 dataset. (b) Our A*>-MAE
integrates three key stages: (1) Amplification enhances subtle motions via temporal
gradient; (2) Aggregation aligns holistic and subtle semantics while keeping them
complementary; (3) Adjustment adaptively reweights branches based on instance-wise
confidence.

1 Introduction

Despite substantial progress in video action recognition [35,36,39], most existing
studies primarily focus on high-amplitude, macro-scale activities [14, 16, 30]
(e.g., running, cycling), leaving micro human movements largely underexplored.
Micro-actions [12,20,24] refer to subtle, short-duration, and low-salience bodily
motions that naturally occur during interpersonal communication. Accurate micro-
action recognition (MAR) is crucial for emotion understanding and psychological
analysis, as these fleeting cues often convey genuine intentions and latent affective
states [10,19, 27].

Pre-trained 3D CNNs [3,32] and video Transformers [1,25,40] have demon-
strated strong performance in conventional action recognition but transfer poorly
to MAR, as low-amplitude and short-lived cues are easily overwhelmed by domi-
nant appearance features and long-range temporal aggregation. To address this
limitation, recent approaches (e.g., PCAN [19], MMN [11]) incorporate skeletal
priors to emphasize localized motion patterns. However, these methods rely
on coarse joint graphs and thus fail to capture fine-grained sub-joint micro-
movements [4,23] (e.g., finger tremors). Furthermore, their reliance on additional
modalities or costly pose annotations significantly restricts their practical appli-
cability. In contrast, VideoMAE [31], pre-trained through masked spatiotemporal
reconstruction, inherently learns from partial observations and excels at capturing
informative local motion and structural patterns. Motivated by this, we develop a
VideoMAE-based framework tailored for MAR. As shown in Fig. 1 (a), a carefully
designed VideoMAE model achieves competitive performance without auxiliary
modalities [8,19] or sophisticated task-specific losses [19]. Nevertheless, the dis-
criminative cues in MAR remain extremely subtle, and the holistic aggregation
within the patch-based encoder tends to smooth out these fine-grained signals,
ultimately weakening the encoder’s discriminative power.

To address this limitation, we further propose a novel VideoMAE-based
holistic-subtle collaborative framework, termed A3-MAE, which integrates
Amplification, Aggregation, and Adjustment into a unified design (see Fig. 1 (b)).
@ Amplification: We design a Temporal Gradient Local Amplification (TGLA)
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Fig. 2: (a) Temporal gradient (TG) local amplification. We first generate TG
maps, from which motion regions are thresholded, labeled as bounding boxes, and filtered.
The remaining boxes are integrated based on temporal agreement to yield a time-stable
ROI for the subtle-motion branch. (b) Illustration of different importance of
holistic and subtle branches. Limb-torso interactions depend more on holistic
motion, whereas finger-centered movements rely primarily on the subtle-motion branch.
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module to enhance subtle-motion regions while suppressing noise. We select the
temporal gradient (TG) as the motion cue since it is modality-free, directly
derived from RGB frames, and strongly correlated with micro-movements [34,38].
However, raw TG often highlights irrelevant fluctuations (e.g., mild body tremors),
as illustrated in Fig. 2 (a). To suppress these noises, TGLA converts per-frame
TG maps into a temporally consistent spatial proposal through thresholding and
temporal agreement, followed by region-level feature refinement. Then, the refined
regions are cropped and amplified to match the spatial scale of the holistic-motion
branch, forming a subtle-motion branch that retains critical local cues with less
background redundancy.

@ Aggregation: To aggregate fine-grained cues from the subtle branch without
compromising the holistic semantics of the RGB branch, we develop a Holistic-
Subtle Motion Aggregation (HSMA) with dual cross-attention. Concretely, each
branch queries the other to import complementary context and then applies a
gated residual update to its own tokens. This preserves branch identity while
injecting cross-branch information. Then, we concatenate the updated represen-
tations to form the aggregated vector. This design aligns scales and semantics
across branches, mitigates single-branch dominance, and yields a representation
that retains holistic characteristics yet effectively captures subtle motion cues.
®Adjustment: In our experiments, we observe that the importance of the
holistic and subtle-motion branches varies significantly across different instances
(as shown in Fig. 2 (b)). However, HSMA treats them as equally reliable, which
leads to a mismatch that degrades accuracy, either by over-amplifying a weak
branch or underweighting the truly diagnostic one. To address this issue, we
introduce a Confidence-Aware Dynamic Adjustment (CADA) module that
learns an instance-wise weight vector. Specifically, we design a small gating MLP
to map per-branch confidence to instance-adaptive weights for each instance,
which are used to reweight the contributions of the holistic- and subtle-motion
branches during both aggregation and supervision. This dynamic, instance-aware
calibration mitigates branch mismatch and produces more reliable micro-action
predictions. Our main contributions are summarized as follows:
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— We show that MAR can be effectively addressed from raw RGB videos by prop-
erly adapting VideoMAE, establishing a strong baseline that avoids reliance
on pose annotations and auxiliary modalities.

— We propose A3-MAE, a VideoMAE-based holistic-subtle collaborative frame-
work that explicitly captures the complementarity between global motion
context and subtle dynamics via Amplification, Aggregation, and Adjustment.

— Extensive experiments validate the effectiveness of our approach. Our A3-
MAE outperforms existing MAR methods and the strong VideoMAE baseline,
achieving state-of-the-art results on both MA-52 and iMiGUE benchmarks.

2 Related Work

Video Action Recognition. Early video action recognition works include
two-stream CNNs combining RGB and optical flow [29] and 3D CNNs that learn
spatiotemporal filters end-to-end (e.g., I3D [3]). Subsequent designs focus on
improving efficiency and temporal coverage (e.g., SlowFast [9]) and leveraging
human poses to emphasize motion structure (e.g., PoseConv3D [8]). Recently,
transformer-based approaches have become popular for capturing long-range
dependencies in videos (e.g., VSwimT [25]), while self-supervised pretraining with
VideoMAE [31] offers powerful general-purpose video representations. However,
these pipelines are largely tuned for high-amplitude, holistic activities and can
blur or miss the low-amplitude, transient cues central to micro-actions. In this
work, we first establish a strong MAR baseline on VideoMAE and then enhance
it by explicitly injecting subtle-motion cues during training.

Micro-Action Recognition. Micro-Action Recognition (MAR) focuses on
capturing subtle, short-duration motions, requiring finer spatiotemporal per-
ception than conventional action recognition. Recent efforts have significantly
advanced this field. MA-52 [12] introduces a comprehensive whole-body micro-
action benchmark with a MANet [12] baseline, establishing a solid foundation
for MAR research. PCAN [19] mitigates sample ambiguity via a hierarchical
action tree and prototype-guided calibration. MMN [11] integrates motion cues
through motion-guided modulation, and enforces motion-consistency learning
to emphasize subtle dynamics. APLT [41] extends MAR into a semi-supervised
setting (SSMAR) and accordingly designs memory-based pseudo-label learning
to train a robust model with limited annotations. Different from them, we design
a novel framework that extracts subtle-motion cues by temporal gradient and
effectively bridges holistic- and subtle-motion cues for robust MAR.

Motion Cue Extraction in Video Action Recognition. Various ap-
proaches have been explored to enhance motion cue modeling. The two-stream
paradigm [29] pairs appearance with dense flow but is compute-heavy and sen-
sitive to camera motion. Dynamic images [2] compress a clip into one frame,
losing frame-level locality. Pose/skeleton pipelines [8] capture joint kinematics
and are robust to appearance, but require extra modalities and costly annotations.
In contrast, LTG [38] uses lightweight per-frame TG maps as a training-time
auxiliary modality, boosting perception to transient motions. Building on TG,



A3-MAE for Micro-Action Recognition 5

we design a subtle-motion branch that directly extracts TG from RGB frames to
amplify subtle-motion regions and complement the holistic-motion branch.
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Fig. 3: The overview of A>-MAE. Given an input video V, we propose TGLA to
generate temporal gradient (TG) from RGB. Then, we obtain spatial regions and utilize
spatio-temporal consistency amplifier (STCA) to amplify subtle features, forming the
subtle-motion branch. In parallel, the VideoMAE backbone yields a holistic-motion
branch. Holistic and subtle branches are aggregated by HSM A, aligning semantics while
preserving complementarity. CADA produces instance-wise branch weights [ws, ws] to
adapt aggregation and supervision via Lscp, Lwer, and Lcwa. In addition, tri-head
classification losses E;ﬂ Ly, Ly supervise the classifiers of three branches G, Gs, Ga,
respectively. The aggregated head G, is used for final evaluation.

3 Method

Task Definition. Given a video V, the goal of the Micro-Action Recognition
(MAR) is to predict two levels of micro-action labels. The action-level category
Yact € {1,2,..., Na} and the body-level category Yroay € {1,2,..., Np}, where
N4 and Np denote the total numbers of action-level and body-level classes,
respectively.

VideoMAE Baseline. In this work, we establish our strong MAR baseline
by fine-tuning VideoMAE [31] with the MAR dataset. Specifically, we select
ViT-B/16 as the backbone, which is pre-trained on the official Kinetics-400 [15]
via high-ratio masked video reconstruction. During training, we employ light
data augmentations and uniformly sample 16 frames per clip to preserve motion
cues. In addition, we adopt a cosine learning rate schedule, which stabilizes
ViT convergence under small batch sizes and enhances perception to subtle
micro-motions. Despite its simplicity, our baseline delivers strong and competitive
results compared with prior methods.

Framework Overview. Our A3-MAE framework enhances the strong Video-
MAE baseline by integrating three key modules: Temporal Gradient Local Ampli-
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fication (TGLA), Holistic-Subtle Motion Aggregation (HSMA), and Confidence-
Aware Dynamic Adjustment (CADA). As illustrated in Fig. 3, given an input
video, we first compute temporal gradient (TG) to amplify motion-salient cues,
which guides TGLA to form a subtle-motion branch. The holistic-motion branch
and subtle-motion branch are then aggregated through HSMA with dual cross-
attention. Finally, CADA adaptively adjusts the contributions of the holistic- and
subtle-motion branches based on instance-wise confidence, achieving accurate
and robust predictions.

3.1 Temporal Gradient Local Amplification

We design TGLA to explicitly leverage TG for localizing subtle-motion regions
and amplifying their cues, forming a subtle-motion feature branch that remains
spatio-temporally aligned with the holistic-motion branch.

Subtle-Motion Extraction via Temporal Gradient. Given a sequence of
frames V = %ft}le, where S denotes the number of frames, and each frame
fi € REXWXC represents the t-th RGB image with height H, width W, and
channel number C' = 3, we denote by f(, j, ¢) the pixel value at spatial location
(4,7) and channel ¢. We then compute a per-frame TG map T'G; for each frame
fe t=2,...,9), defined as the per-pixel, channel-averaged ¢; difference between
consecutive frames:

C
TGi(id) = & 3| fulind )~ fios(ingic) . (1)
c=1

For completeness, we set T'G1 =TG5. For each frame, we then obtain a binary
mask M; by thresholding T'G; at the 7-th percentile (default: 7 = 90). We extract
connected components { B ,,} from M;, where m is the number of components
in frame ¢, and convert each region to its tight axis-aligned bounding box. We
assign a score to each box based on its TG value:

s(Bim) = Y TGu(i,j), (2)

(4,7)EBt,m

and then select the box with the highest score as the candidate-subtle-box for
each frame ¢, i.e., by = By argmax,, s(Be.m)s

To obtain a time-stable region of interest (ROI) for video, we aggregate {b;};_;
by measuring temporal-agreement. Let B™ and B“ denote the intersection and
union of all b;, and define the overlap ratio as:

area(B")
p= area(BY) +¢’ )
where a small ¢ prevents division by zero. If area(B") > 0 and p > n (default:
n = 0.2), we set the final ROI B=B". Otherwise, ROI B is the candidate-subtle-
box with the highest TG score among all frames.
Spatio-Temporal Consistency Amplifier (STCA). Feeding V into the
VideoMAE backbone yields holistic-motion features Fe RT*PxH xW' where T

is the post-backbone temporal length (typically T' = S/r for tubelet size r), D
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is the feature dimension, and H’ and W' are the spatial resolutions. We apply
the same spatial ROI B to every temporal slice via ROIAlign [13], cropping the
region and bilinearly resizing it back to (H', W') to obtain temporally aligned
subtle-motion features F' € RT*PxH'xW' TGLA thereby enforces consistent
spatial support over time, suppresses background drift, and produces a subtle-
motion feature branch £ that complements the holistic-motion RGB features F
for subsequent aggregation.

Discussion. (i) We choose the TG as our motion cue because it is modality-free,
computed directly from RGB, and highly correlated with subtle movements.
Crucially, micro-actions typically occur against largely static backgrounds, so
frame differencing suppresses stationary clutter and isolates motion-only evidence.
(ii) Spatio-temporal consistency amplification is important because it enforces
consistent spatial support over time and suppresses background drift. Without
it, per-frame TG tends to produce unstable and fragmented masks that can even
amplify transient noise, degrading the effective aggregation in subsequent modules.

3.2 Holistic-Subtle Motion Aggregation

In our preliminary results, we find that training the holistic- and subtle-motion
branches independently or fusing them with simple concatenation provides only
marginal gains, indicating that their complementary cues remain under-exploited.
To address this, we develop a HSMA module with dual cross-attention, enabling
reciprocal conditioning between holistic and subtle branches while maintaining
their complementarity.

Gated Residual Cross-Updates. Given the holistic-motion and subtle-motion
features F' and F', we first convert them into per-frame tokens by spatial pooling:

Fhot = GAP(F) e R"*P,
Fob = GAP(F) e R™*P,

where GAP averages over the spatial dimensions (H', W'). We propose a dual

cross-attention module that aggregates complementary cues from holistic- and
subtle-motion, enabling mutual enhancement between the two branches. Specifi-
cally, subtle-motion features attend to the holistic-motion features and vice versa.
Using the subtle branch as an example, the cross-attention is formulated as:

(4)

Fu, = Cross-Attention(Fub + Fhol), (5)

where Cross-Attention(A + B) denotes that the queries come from A while
the keys/values come from B in a cross-attention module [26]. Moreover, we
propose a gated residual connection to balance the original feature (Fg,p) and

cross-updated feature (Fyup):
Fs/ub = Fsup + ’Ysub(Fsub + FFN(LN(Fbub))), (6)

where Ygup is a learnable gating coefficient, LN(-) denotes Layer Normalization
and FFN(-) denotes a Feed-Forward Network [33]. The holistic branch is updated
analogously, yielding F} ;.
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Next, the enhanced features (F! , and F} ) are average-pooled over time and
then integrated by concatenation:

T T
1 ’ 1 ’ 2D
a— |m Fo e Fsu R ) 7
f: [thzl hol, ¢ T; b,t]e (7)

which is then passed through a linear classifier for final predictions. This bidirec-
tional conditioning enables holistic-motion features to leverage subtle-motion cues
and vice versa, generating a more robust and complementary representation for
MAR. Additionally, we retain two auxiliary classifiers operating on the temporally
averaged features f}, = % Zthl Fhor and fs = % Zthl Faup ¢, respectively.
Tri-Head Classification Loss. The classification loss is applied to the generated
three types of features, i.e., holistic feature fy,, subtle feature fs, and aggregated
feature f,. The loss function can be formulated as:

Ly = CE(Gy(f), y), b€ {a,sh},

1 (8)
Ly=Ly+5(L5+Ly),

where CE is cross-entropy loss and each head G, produces logits in RY with
N € {N4, Np} depending on the task.

3.3 Confidence-Aware Dynamic Adjustment

Motivation: Although HSMA aligns the holistic and subtle branches at the
token level, we observe that naive aggregation with fixed or implicit weights
often leads to a cross-branch mismatch. That is, the importance of the holistic-
and subtle-motion branches varies significantly across instances. However, the
aggregation of HSMA treats them as equally reliable. For instance, in head-centric
micro-actions such as “head up”, highly localized cues around the head suffice for
discrimination, and the subtle-motion branch is more reliable than the holistic
branch. In contrast, actions involving coordination between limbs and torso, such
as “scratching or touching hindbrain”, require broader postural context. In such
cases, the holistic-motion branch provides the critical evidence while purely local
cues are ambiguous (see Fig. 4 (a)). This mismatch degrades accuracy by either
over-amplifying a weak branch or underweighting the truly diagnostic one.

To rectify this mismatch, we propose the CADA module. It dynamically
weights the holistic and subtle branches based on their instance-wise confidence,
adaptively balancing their contributions in feature aggregation and supervision.
Entropy-based Confidence Estimation. We obtain the probabilities of holistic
branch and subtle branch, which are denoted as p;, = softmax(G,(fn)) and
ps = softmax(Gs(fs)), respectively. The corresponding entropy is represented as:

H, = — Zpb(c) ]()gpb(c)7 be {8, h}, (9)

where N is the number of classes for the current task (N € {N4, Ng}). The
confidence vector is defined as:

s=[—H,, —H,| €R?, (10)
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where a larger value indicates higher confidence. Then, a lightweight MLP layer
MLP(-) is employed to produce instance-wise branch weights W:

W = [ws, wn] = softmax(MLP(s)). (11)

The generated weights W are used to fuse the logits from the two branches into
a unified output:

Oteacher — Ws gs(fs) + wp gh(fh) (12)

Selective Confidence Distillation. We supervise the aggregated head via a
selective confidence distillation, which treats Ogeacher as a confidence-weighted
teacher:

Lscp = KL(softmaX(oteaCher) H softmax(ga(fa))). (13)

Here KL(-||-) is the Kullback-Leibler divergence [17]. This term encourages
the aggregated head to trust the branch that is more confident for the current
sample, while still learning from both branches. Note that, during the distillation,
gradients are propagated only to the aggregation head, and not to the holistic or
subtle heads.

Weight Entropy Regularization. To avoid collapsing to a single branch, we
also perform weight entropy regularization:

Lwer = max(0, § — d(W)),
W) =— Z w; log(wite), (14)

i€{h,s}

where 0 is the lower bound set for entropy (default: 6 = 0.4) and € > 0 is a small
constant to prevent log(0).

Confidence-Weight Alignment. To further calibrate the learned weights W,
we align them with a confidence target derived from per-branch losses, where a
lower loss indicates higher confidence. This alignment prevents the MLP-based
weighting (Eq. (11)) from learning biased or inconsistent weights and ensures that
the aggregation process in Eq. (12) remains consistent with branch reliability.
Concretely, we convert the cross-entropy losses of the holistic and subtle branches
into a normalized, loss-derived confidence target:

I= softmax(— (s, c’;]) € R (15)

We then regularize the mismatch between I and W via confidence-weight
alignment:

Lowa = KT | W). (16)

Overall Objective. Taking Egs. (8), (13), (14) and (16), the overall training
objective is formulated as:

L3 yag = Ly + Lscp + Lwer + A Lcewa, (17)

where )\ is a hyperparameter that balances the importance of confidence-weight
alignment.
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4 Experiments

4.1 Experimental Setup

Micro-Action and Micro-Gesture Datasets. We conduct experiments on
two benchmark datasets that focus on subtle human movements. MA-52 [12]
is a human-centric interview-style video dataset specifically designed for whole-
body micro-action recognition. It contains 22,422 annotated clips collected from
205 participants and provides two levels of annotations: 7 body-level categories
and 52 fine-grained action-level categories. We follow the official split with
11,250 training samples, 5,586 validation samples, and 5,586 test samples. The
dataset covers a broad range of subtle and unconscious whole-body movements,
making it a challenging benchmark for fine-grained micro-action analysis. In
addition, we evaluate our method on iMiGUE [24], a micro-gesture dataset
that focuses primarily on upper-body movements. The dataset was collected
from post-competition athlete interview scenarios and contains 32 micro-gesture
categories. Compared with MA-52, which emphasizes whole-body micro-actions,
iMiGUE mainly captures fine-grained upper-limb gestures. The dataset consists
of 12,893 training samples, 777 validation samples, and 4,562 test samples. The
inclusion of both MA-52 and iMiGUE allows us to evaluate our framework across
different granularities and spatial scopes of subtle human movements, ranging
from whole-body micro-actions to upper-body micro-gestures.

Evaluation Protocol. Following prior work [11,12,19], we report multiple
evaluation metrics on MA-52, including Action Top-1 and Top-5 accuracy, Body
Top-1 accuracy, and both macro- and micro-F1 scores computed at the body
level and the action level. Flyacro is the unweighted mean of per-class F1,
assigning equal importance to each action category regardless of its sample size.
In contrast, Flyicro is computed from globally pooled counts, so each instance
contributes equally and frequent categories have greater influence than rare

ones. We also report the mean of the four F1 scores, denoted as: Flyean =

Flbody +F1b9(:1y +F1action+F1ac_tiou 3
macro ——_miere 7——macro —__micro.where “body” / “action” denotes the body-level

/ action-level prediction task. For iMiGUE, only single-level gesture labels are
provided; therefore we report action-level metrics only.

Implementation Details. We implement our models in MMAction2 [6], which
is a video toolbox. The backbone is VideoMAE [31] with ViT-B/16. Inputs are
sampled as 16 frames per clip, resized to 224 x224. During training, we use the
AdamW optimizer with a base learning rate 3e-4, weight decay le-2, and a batch
size of 24. The model is trained for 42 epochs with a cosine decay schedule.
Training is conducted with 4 NVIDIA 4090 GPUs. All results are reported on
the official test splits using the evaluation protocol mentioned above. Unless
otherwise noted, we use the following hyperparameters for all settings: TG-mask
percentile threshold 7 = 90; temporal-agreement threshold 1 = 0.2; confidence-
weight alignment Lowa weight A = 0.1; lower bound set for entropy § = 0.4. To
avoid over-tuning hyperparameters to individual datasets, we set 7, n, A, and ¢
once based on MA-52 and keep them unchanged when evaluating on iMiGUE.




A3-MAE for Micro-Action Recognition 11

Table 1: Performance comparison on the MA-52 and iMiGUE datasets. V denotes RGB
video frames; P denotes human pose (skeleton/keypoints). The best are highlighted in
bold, while the second-best results are underlined. T reported by the original paper but
not reproducible; therefore excluded from all comparisons. Results marked with * are
reproduced with official code. Note that PCAN [19] is not evaluated on iMiGUE since
its hierarchical body—action learning framework is specifically designed for MA-52 and
is not directly applicable to single-level micro-gesture annotations.

| | | MA-52 iMiGUE

Method Venue Input Body Action Body Action All Action

Top-1 | Top-1 Top-5|Flmacro Flmicro | Flmacro Flmicro | Flmean | Top-1
C3D [32] ICCV’15 A% 74.04 | 52.22 86.97 | 66.60 74.04 | 40.86 52.22 | 58.43 | 30.13
13D (3] CVPR17 v 78.16 | 57.07 88.67 | 71.56  78.16 | 39.84  57.07 | 61.66 | 35.08
TSM [22] ICCV’19 A% 77.64 | 56.75 87.47 | 70.98 77.64 | 40.19 56.75 | 61.39 | 56.23
SlowFast [9] ICCV’19 A% 77.18 | 59.08 88.54 | 70.61 77.18 | 44.96 59.06 | 63.09 | 53.70
TIN [28] AAAT20 \4 73.26 | 52.81 85.37 | 66.99 73.26 | 39.82 52.81 | 58.22 | 55.35
TimesFormer [1] ICML’21 A% 69.17 | 40.67 82.67 | 61.90 69.17 | 34.38  40.67 | 51.53 | 50.66
CTRGCN [5] ICCV21 P 72.06 | 52.61 81.22 | 63.46 72.06 | 37.79 52.61 | 56.48 | 56.12
VSwimT [25] CVPR22 A% 77.95 | 57.23 87.99 | 71.25 77.95 | 3853 57.23 | 61.24 | 60.11
Uniformer [21] TPAMI'23 \% 79.03 | 58.89 87.29 | 71.80 79.03 | 48.01 58.89 | 64.43 | 59.91
HD-GCN [18] ICCV’23 P 75.76 | 60.19 86.90 | 67.32  75.76 | 44.50 60.19 | 61.94 | 53.44
Koopman [37] CVPR23 P 75.04 | 59.70 86.79 | 66.48  75.04 | 44.57 59.70 | 61.45 | 52.08
FR-Head [42] CVPR23 P 76.35 | 61.17 86.99 | 68.88 76.35 | 47.43 61.17 | 63.46 | 55.26
SkateFormer [7] ECCV’24 P 75.67 | 59.67 87.27 | 68.33  75.67 | 45.58  59.76 | 62.34 | 47.74
MANet [12] TCSVT'24 A% 78.95 | 61.33 88.83 | 72.87 7895 | 49.22 61.33 | 65.59 | 58.08
MMN [11] ACM MM'25| P 78.52 | 62.71 89.83 | 71.86 7852 | 48.27  62.71 | 65.34 | 60.21
PCAN [19] AAAT25 A% 79.36 | 60.03 87.65 | 72.37 79.36 | 43.29  60.03 | 63.76 -
PCAN' [19] AAAT25 |V 4+ P|8230|66.74 91.75 | 77.02  82.30 | 53.83  66.74 | 69.97 -
PCAN* [19] AAAT25 |V + P|80.74 | 64.59 90.74 | 74.37  80.74 | 51.04 64.59 | 67.69 -
PCAN (VideoMAE) - A% 80.79 | 63.50 90.67 | 74.77  80.79 | 52.20  63.50 | 67.82 -
VideoMAE Baseline (Ours) - v 81.67 | 66.47 91.78 | 75.53  81.83 | 52.46 65.92 | 68.94 | 66.44
A%-MAE (Ours) - V |82.62|67.92 91.89| 76.36 82.57 55.97 67.64 | 70.64 | 67.08

4.2 Comparison with the State-of-the-Art

As illustrated in Tab. 1, we evaluate our VideoMAE baseline and A3-MAE against
a comprehensive set of state-of-the-art methods, including: CNN-based—C3D [32],
I3D [3], TSM [22], SlowFast [9], TIN [28]; Transformer-based—TimesFormer [1],
VSwimT [25], Uniformer [21]; Pose/graph-based— CTRGCN [5], HD-GCN [18],
Koopman [37], FR-Head [42], SkateFormer [7]; and MAR-specific—MANet [12],
MMN [11], PCAN [19]. Note that, PCAN' denotes the numbers reported in the
original paper, while PCAN* denotes our reproduction using the official code
under the same evaluation protocol. For fair comparison, we mainly compare with
PCAN*.

VideoMAE Baseline vs. the State-of-the-Art Methods. As shown in Tab. 1,
the VideoMAE baseline outperforms previous state-of-the-art methods across
all evaluation metrics both on MA-52 and iMiGUE. Importantly, it uses RGB
only yet remains competitive—indeed, it outperforms the approaches that rely
on pose modality, including FR-Head [42] and SkateFormer [7]. We also evaluate
PCAN using the same VideoMAE backbone (named as PCAN (VideoMAE))
and the same input, i.e., both methods take RGB frames as the only input.
Even using the same backbone, our VideoMAE baseline yields better results
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Table 2: Ablation of the three components. Table 3: Ablation of the losses in CADA.

Method | Action Top-1|F135Hion | F1350"  Index Lscp Lowa Lwer | Action Top-1|F13500 [F1i5ier
Baseline 66.47 52.46 | 65.92 I 67.63 55.39 | 67.44
+ TGLA 67.04 55.09 66.74 11 v 67.49 55.59 67.08
+ TGLA + HSMA 67.63 55.39 | 67.44 111 v v 67.60 55.47 | 67.31
+ TGLA + HSMA + CADA 67.92 55.97 | 67.64 v v v 67.69 55.67 | 67.44

v v v v 67.92 55.97 | 67.64

than PCAN (VideoMAE) across all metrics on MA-52. This indicates that the
advantage of PCAN largely arises from the auxiliary modality, whereas a well-
designed RGB-only VideoMAE baseline already provides a strong foundation.
A3-MAE vs. the State-of-the-Art Methods. Building on the strong Video-
MAE baseline, A>MAE achieves consistent improvements across all metrics on
both MA-52 and iMiGUE, attaining the best overall performance among all
compared methods (Tab. 1). It performs favorably against MAR-specific designs
(e.g., MANet, MMN, PCAN), and even surpasses the PCAN variant built on the
same VideoMAE backbone (PCAN (VideoMAE)), indicating that the gains arise
not only from the strong VideoMAE backbone but also from our holistic-subtle
collaboration pipeline.

4.3 Ablation Study

Ablation of Components. In Tab. 2, we evaluate the effectiveness of each
component on MA-52, starting from the VideoMAE baseline and progressively en-
abling TGLA, HSMA, and CADA. First, adding TGLA to the baseline yields con-
sistent improvements across all metrics, indicating that TGLA better highlights
subtle motions by focusing on temporally salient regions. Second, introducing
HSMA on top of TGLA further improves every metric, suggesting that reciprocal
conditioning between holistic- and subtle-motion branches produces more discrim-
inative representations. Third, enabling CADA on top of (TGLA+HSMA) brings
additional gains, evidencing that confidence-aware dynamic adjustment mitigates
cross-branch mismatch. Overall, the full configuration (TGLA + HSMA + CADA)
delivers the best results on all metrics, demonstrating the complementarity and
effectiveness of the proposed components.

Ablation of CADA Losses. In Tab. 3, we analyze the losses inside CADA,
starting from our method without CADA (I) and progressively enabling selective
confidence distillation Lgcp, confidence-weight alignment Lcowa, and weight
entropy regularization Lwgr. First, using Lgop alone (IT) slightly underper-
forms the no-CADA baseline (I). This behavior is expected, as Lscp selectively
amplifies high-confidence branches. Without additional calibration, early-stage
confidence estimates may be biased, causing the aggregation to prematurely favor
the dominant branch. Therefore, Lgcp is designed to operate in conjunction
with complementary regularization terms. Second, adding Lcowa on Lsep (I1T)
consistently improves over (II) and brings the variant on par with no-CADA (I),
indicating a calibration effect on the learned weights. Third, pairing Lscp with
Lwer (IV) stabilizes aggregation and mitigates early dominance, outperforming
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Fig. 4: (a) Instance-wise weights of subtle-motion vs. holistic-motion for examples,
showing instance-specific allocation. (b) Evolution of the mean weights over training
epochs, indicating dynamic cross-branch rebalancing and stage-wise learning. (c) Visu-
alization of branch confidence and instance-wise weight on MA-52. The maximum value
in each branch is highlighted with a border. (d) Class-wise mean subtle-motion weight
on MA-52. Localized head /hand micro-actions assign higher subtle-motion weights than
posture-dependent actions.

Lscp alone (IT) and exceeding no-CADA (I). Owverall, enabling all three losses
(V) is higher than all other variants across metrics, outperforming the no-CADA
baseline and indicating that Lscp, Lowa, and Lwgr are complementary when
used together.

4.4 More Investigations

Analysis of Instance-wise Weights. (a) Instance-specific allocation. Fig. 4 (a)
shows that CADA learned weights vary across samples. For highly localized micro-
actions around the head (e.g., “head up”), CADA up-weights the subtle-motion
branch, as discriminative cues are confined in space and time. In contrast, actions
involving coordination between limbs and torso (e.g., “scratching or touching
hindbrain”) receive more weight on the holistic-motion branch, where broader
body context disambiguates look-alike local motions. This pattern indicates that
CADA adapts branch contributions per instance according to their confidence,
instead of applying a fixed prior weighting. (b) Mean weight over training. Fig. 4
(b) shows that early in training CADA assigns higher weight to the holistic-motion
branch which cues are easier to learn. As training proceeds, the mean weight
allocation stabilizes close to parity while retaining instance-level adjustments.
This trajectory reflects CADA dynamic adjustment without a manually designed
curriculum.

Visualization Analysis. (a) Confidence-weight alignment. As shown in Fig. 4
(c), branch confidences and instance-wise weights exhibit a strong concordance
across selected samples: the higher-confidence branch receives a larger weight.
This alignment shows that the model uses confidence as a reliability cue to adjust
aggregation weights, giving more influence to the reliable branch and improving
stability and accuracy without manual tuning. (b) Class-wise mean subtle-motion
weight. As shown in Fig. 4 (d), the class-wise mean subtle-motion weight exhibits
a sensible pattern. head /hand-centric micro-actions (e.g., “nodding”, “hands touch-
ing fingers”) allocate higher subtle-motion weights, consistent with their highly
localized, brief signals. In contrast, actions that require broader posture (e.g.,
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Fig. 6: Effect of hyperparameters at the action level on MA-52. (a) Varying the
confidence-weight alignment Lcwa weight A. (b) Varying the number of video frames.
(¢) Varying the TG-mask threshold 7. (d) Varying the temporal-agreement threshold 7 .

“scratching feet”, “crossing legs”) lower on the subtle-motion branch, reflecting the
usefulness of holistic cues to disambiguate look-alike local movements.
Head-wise Analysis. As shown in Tab. 4, the aggregated head G, achieves the
best overall scores, with consistent gains over single-branch heads. The larger
gain in Action Top-1 suggests that cross-branch interaction mainly benefits
action-level discrimination, while single branches already saturate the coarser
body categories. The closeness of G and Gj, indicates each branch is competitive
on its own, whereas the persistent advantage of G, confirms the effectiveness of
HSMA with CADA.

Fixed Branch Weight vs. CADA. In Fig. 5, we fix the branch weight wy at
several values and compare it with our CADA (red dashed line) at the action level.
Across Top-1, every fixed setting underperforms CADA, indicating that static
weights cannot accommodate the instance-dependent contributions of the two
branches. Emphasizing holistic-motion branch under fixed weighting enhances
accuracy (smaller wg). Moreover, simple equal-weighting schemes (ws; = 0.5) per-
formed poorly, further indicating that cross-branch contributions exhibit sample
dependency rather than being fixed constants. In contrast, CADA dynamically
derives weights from confidence signals, modulating cross-branch contributions
on a per-sample basis and achieving superior overall performance without manual
hyperparameter tuning.

Hyperparameters Analysis. (I) Confidence- Weight Alignment Loss weight
A (Fig. 6(a)): performance remains stable within a moderate range and peaks
at A = 0.1. A too small value weakens cross-branch consistency, while an overly
large value suppresses discriminative cues. (II) Number of frames per video
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Table 5: Module-wise efficiency analysis on MA-52. Params and GFLOPs are measured
per clip under the same input setting as the main experiments.

Metric | VideoMAE TGLA HSMA CADA | A*-MAE
Params (M) |~ 86.47 0 1440  <0.01 | 100.87
GFLOPs 180.50 < 0.01 012 <001 | 180.62

N (Fig. 6(b)): increasing N improves temporal coverage, with the best results
achieved at N = 16. Short clips (e.g., N = 8) often miss subtle motion phases,
whereas moderate lengths (N = 10~14) already provide stable gains. (III)
TG-mask threshold T (Fig. 6(c)): lower thresholds retain more motion evidence,
achieving the best overall performance at 7 = 90. Slightly higher settings (e.g.,
7=93) can marginally favor F121°0 by further filtering low-amplitude noise
and emphasizing rarer subtle patterns. Pushing 7 beyond this discards too
many informative regions and degrades performance. (IV) Temporal-agreement
threshold n (Fig. 6(d)): the best performance is obtained at n = 0.2. Smaller values
allow more noisy regions, whereas larger values (e.g., n > 0.4) over-constrain
temporal agreement and degrade performance.

Computational Efficiency. We further analyze the computational overhead
introduced by each component in Tab. 5. Compared with VideoMAE, A3-MAE
increases the parameters from 86.47M to 100.87M, mainly due to HSMA, while
TGLA is parameter-free and CADA adds negligible cost. For computation, A3-
MAE only increases the cost from 180.50 to 180.62 GFLOPs, indicating that the
performance gains are achieved with marginal overhead and that the main cost
remains dominated by the VideoMAE backbone.

5 Conclusion

In this paper, we presented A>-MAE, a VideoMAE-based holistic-subtle frame-
work that unifies Amplification, Aggregation, and Adjustment for micro-action
recognition. By amplifying subtle motion cues and adaptively integrating them
with holistic motion patterns, A3-MAE establishes a robust amplify-aggregate-
adjust paradigm. Extensive experiments demonstrate its superior performance,
setting new state-of-the-art results on MA-52 and iMiGUE benchmarks.
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