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Abstract

Human body actions are an important form of non-verbal
communication in social interactions. This paper specifi-
cally focuses on a subset of body actions known as micro-
actions, which are subtle, low-intensity body movements
with promising applications in human emotion analysis.
In real-world scenarios, human micro-actions often tem-
porally co-occur, with multiple micro-actions overlapping
in time, such as concurrent head and hand movements.
However, current research primarily focuses on recogniz-
ing individual micro-actions while overlooking their co-
occurring nature. To address this gap, we propose a new
task named Multi-label Micro-Action Detection (MMAD),
which involves identifying all micro-actions in a given short
video, determining their start and end times, and categoriz-
ing them. Accomplishing this requires a model capable of
accurately capturing both long-term and short-term action
relationships to detect multiple overlapping micro-actions.
To facilitate the MMAD task, we introduce a new dataset
named Multi-label Micro-Action-52 (MMA-52) and pro-
pose a baseline method equipped with a dual-path spatial-
temporal adapter to address the challenges of subtle visual
change in MMAD. We hope that MMA-52 can stimulate re-
search on micro-action analysis in videos and prompt the
development of spatio-temporal modeling in human-centric
video understanding. The proposed MMA-52 dataset is
available at: https://github.com/VUT-HF UT/Micro-Action.

1. Introduction

Human body actions, as an important form of non-verbal
communication, effectively convey emotional information
in social interactions [2]. Previous research primarily fo-
cused on interpreting classical expressive emotions through
facial expressions [11, 20, 46, 64], speech [22, 38, 75], or
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Figure 1. (a) Traditional Action Recognition [7, 24, 53] primarily
focuses on actions involving large and observable movements. (b)
Micro-Action Recognition [17, 28, 42] targets fine-grained actions
at body-level and action-level, characterized by short
duration, low intensity, and minor difference. Temporal Gradient
(TG) [67] is used to visualize the subtle changes. (c) Multi-label
Micro-Action Detection (MMAD) aims to detect all micro-actions
within a short video, accounting for temporal co-occurrence.

expressive body gestures [3, 9, 25, 26, 42]. In contrast, our
study shifts the focus to a specific subset of body actions
known as Micro-Actions (MAs) [9, 15, 17, 18, 28, 39, 42].
MAs are imperceptible non-verbal behaviors characterized
by low-intensity movement with potential applications in
emotion analysis.

Compared to traditional actions [7, 12, 13, 24, 29, 32,
53, 62], MAs have distinct characteristics as follows: (1)
Short duration. As shown in Fig. 1, MAs typically last
only a few seconds, exhibiting subtle visual changes be-
tween consecutive frames. For instance, “touching neck”
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only exhibits minor changes in the neck region between
a few frames. In contrast, conventional actions typically
last around 5-10 seconds and involve larger and more dy-
namic motions in hundreds of frames. For example, the
movements of “archery” or “jump” involve large motions.
(2) Low intensity. MAs are characterized by minor spa-
tial distinctions. As shown in Fig. 1 (b), the difference be-
tween “touching neck” and “touching shoulder” varies only
in the specific contact regions involved. In contrast, con-
ventional actions usually with identifiable motion patterns,
such as those in “longjump” in Fig. 1 (a), where the over-
all movement is more visually distinct. (3) Fine-grained
categories. MAs demand classification at both the body-
part and action levels, involving isolated movements of in-
dividual body parts (e.g., “head”, “upper limb”, and “lower
limb”) as well as coordinated motions combining parts (e.g.,
“head-hand,” and “body-hand”). In contrast, conventional
action recognition typically focuses on larger-scale, whole-
body motions.

Remarkable progress has been made in the micro-action
recognition [15, 17, 28, 31, 59] task with the advance-
ment of Vision Transformers [27, 30, 60, 61, 65, 66].
However, in the real world, micro-actions are naturally
temporal co-occurring, which poses challenges for tra-
ditional action recognition methods. As shown in Fig. 1
(¢), different micro-actions may occur simultaneously, such
as “stretching arms” frequently happening simultaneously
with “putting hands together”. Therefore, driven by this in-
tuition, we propose a new task named Multi-label Micro-
Action Detection (MMAD) that recognizes all the micro-
actions in the video sequence, achieving a fine-grained un-
derstanding of micro-actions. MMAD involves identifying
all micro-actions within the video and determining their
corresponding start and end times, as well as their cate-
gories. Firstly, MMAD requires a model capable of cap-
turing both long-term and short-term action relationships to
locate multi-scale micro-actions. Secondly, the model also
needs to explore the complex inter-relationships between
different micro-actions to ensure comprehensive detection
of all possible micro-actions. Finally, due to the inherent
nature of short duration and subtle movements in micro-
actions, there is also a greater challenge in recognizing the
correct categories.

To facilitate this research, we collect the first large-scale
Multi-label Micro-Action-52 (MMA-52) dataset, which
consists of 6,528 (~6.5k) videos with 19,782 (~20k) ac-
tion instances from 203 subjects. We first evaluate 10
baselines for traditional action detection on the MMA-52
dataset, including multi-label action detection methods and
conventional temporal action detection methods. Next, we
propose a baseline that incorporates a dual-path spatial-
temporal adapter to capture the subtle visual changes be-
tween frames and model the associations between differ-

ent actions. Specifically, the designed dual-path spatial-

temporal adapter consists of two parts. In spatial, we use a

depth-wise 2D convolution to model the subtle changes be-

tween adjacent frames. In temporal, we apply 1D temporal
depth-wise convolution to aggregate temporal information.

Finally, we use two learnable parameters to fuse temporal

and spatial features separately. Extensive experiments and

error analyses are conducted on the proposed benchmark
dataset to validate the effectiveness of the proposed method.

Overall, the main contributions of this paper are summa-
rized as follows:

* We introduce the task of multi-label micro-action detec-
tion (MMAD) and collect the multi-label micro-action-
52 (MMA-52) dataset to facilitate the research of micro-
action analysis.

e We propose an initial solution with a dual-path spatio-
temporal adapter to model subtle discriminative motions.
Experimental results on the benchmark dataset validate
the effectiveness of the proposed method.

e We evaluate 10 baselines from the conventional temporal
action detection on MMAD and in-depth studies, which
reveal the inherent challenges in multi-label micro-action
detection.

2. Related Work

2.1. Micro-Actions Recognition

Micro-Actions (MAs) [8, 9, 17, 28, 42] are an important
form of non-verbal communication, which are usually re-
lated to humans’ emotional status [2]. To facilitate the
study of these subtle movements, several datasets have been
constructed. To advance the study of these subtle move-
ments, several datasets have been developed. iMiGUE [42]
and SMG [9] focused on spontaneous micro-gestures in
the upper limbs of athletes, revealing deep emotional states
conveyed through these micro-gestures. In contrast, MPI-
IGI [3] primarily examined subtle upper-body behaviors in
group interactions. To better analyze and understand the
whole-body movement, Guo et al. [17] proposed a large-
scale micro-action dataset named Micro-Action (MA-52),
which consists of 52 action-level MAs within 7 body-level
in whole-body. They also evaluated conventional action
recognition methods, including 2D CNN based [14, 35,
63], 3D CNN based [6, 57], GCN-based [47, 70], and
Transformer-based [48]. More recently, Li et al. [28] pro-
posed a prototypical calibrating ambiguous network, de-
signed to mitigate the influence of the inherent ambiguity
of micro-actions in micro-action recognition.

2.2. Temporal Action Detection

Temporal action detection (TAD) [10, 36, 37, 40, 54] aims
to localize and classify actions in untrimmed video se-
quences. There have been many benchmarks focused on
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Figure 2. Video samples from the MMA-52 dataset. For each sample, there are different micro-action that occurs at the same time,

increasing the challenge of identifying accurate micro-actions.

different domains, such as sports (THUMOSI14 [23] and
FineGym [51]), kitchen activities (MPII Cooking [49] and
EPIC-Kitchens [50]), and daily events (ActivityNet [5],
HACS Segment [74], and FineAction [45]). Driven by these
datasets, TAD has witnessed significant progress, leading
to the emergence of advanced methods. These approaches
can be broadly categorized into feature-based methods [ 10,
33, 36, 37, 68, 72], which rely on pre-extracted features
to detect actions, and end-to-end learning-based meth-
ods [34, 40, 43, 54, 58], which directly process raw video
inputs for action localization and classification. However,
micro-action detection is still in its infancy due to the lack of
large-scale datasets. Micro-action detection remains in its
early stages due to the absence of large-scale datasets. The
most relevant datasets for our research are iMiGUE [42] and
SMG [9], which focus on upper limb micro-gesture detec-
tion. Unfortunately, these datasets are not publicly acces-
sible due to privacy issues. Compared to these datasets,
MMA-52 surpasses existing benchmarks in terms of cat-
egory diversity, number of subjects, and action instances.
MMA-52 also features hierarchical labels, enabling more
precise identification of multi-level MAs. We hope our
MMA-52 can facilitate the research community to build ro-
bust algorithms for micro-action detection.

3. The MMA-52 dataset

3.1. Dataset Construction

Data Collection. The proposed Multi-label Micro-Action-
52 (MMA-52) dataset is built upon the MA-52-Pro dataset
collected by [17]. However, MA-52-Pro is not directly ap-
plicable to micro-action detection tasks due to the follow-
ing reasons: 1) Lack of fine-grained annotations: MA-

52-Pro does not provide detailed start/end timestamps for
individual action instances. 2) Variation in video lengths:
The videos in MA-52-Pro vary significantly in length, each
video contains 1 to 15 MAs with durations ranging from 5s
to beyond 100s. Such substantial imbalance in the action
instances makes it unsuitable for action detection tasks. To
address these challenges, first, we segment the videos into
smaller clips, each ranging from 5 to 15 seconds, to ensure
more consistency in video sequence and action instances.
Next, we annotate each micro-action instance with its cor-
responding categories and precise start/end timestamps.

Data Annotation. Considering the inherent hierarchical
nature of micro-actions [17, 28], each micro-action instance
are annotated with body-level and action-level labels. In
practice, annotating the multi-label micro-actions was a
challenging and time-consuming task, as different types of
MAS can occur simultaneously at any given moment, as il-
lustrated in Fig. 1 (c). To ensure the accuracy of these anno-
tations, we implemented three key measures to maintain the
quality of the dataset. 1) Annotator training: Given the di-
versity of micro-action categories and the subtle differences
between actions, we began by training the annotators. They
first gained a thorough understanding of the definitions of
the micro-action categories. Following this, we randomly
selected 50 samples from each category in the micro-action
recognition dataset (MA-52 [17]) and asked the annotators
to perform trial annotations. Feedback based on reference
annotations was provided to correct any errors arising from
misunderstandings. This step ensured the annotators were
well-prepared before starting the actual annotation task. 2)
Individual annotations: Each video segment is labeled in-
dependently by three trained annotators. For each action
instance, both body—-level and action—-level cate-
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Figure 4. The duration of each action instance in the MMA-52 dataset. At the action-1level, the duration of different actions
varies significantly, with certain actions (e.g., C3, D4, E6) exhibiting notably longer durations, while others remain considerably shorter.
In contrast, the body—1evel shows a relatively lower standard deviation, indicating that body-level labels tend to be more stable.

gories are assigned, along with the corresponding start and
end times. 3) Cross-check: After the individual annotation
is completed, a cross-check is performed. If the temporal
intersection-over-union (tloU) of the same action instances
annotated by all three annotators is greater than 0.9, the an-
notation is considered reliable. For any inconsistencies, the
three annotators will discuss and follow the majority deci-
sion as the final result. This process ensures the accuracy
and consistency of the annotations.

Data Partition. Since the same micro-action may exhibit
individual differences, we utilize a subject-independent data
partitioning strategy. As shown in Table 1, the training, val-
idation, and test sets consist of different individuals, ensur-
ing that no individual appears in more than one set. This
strategy helps to better evaluate the model’s performance
across diverse subjects and enhances its generalization abil-
ity on unseen data.

3.2. Dataset Statistics and Properties

Table 1 presents the data statistics of the MMA-52 dataset,
which consists of 6,528 videos, each ranging from 5 to 15
seconds in duration. The dataset contains a total of 19,782
full-body micro-action instances across 52 distinct action
categories. On average, each video includes 3.1 action in-
stances, with each instance lasting approximately 4.07 sec-
onds. Fig. 3 presents the proportion of each action cat-

Table 1. Data statistics for the MMA-52 dataset. “Duration”
refers to the length of all videos, “Avg. Video” denotes the average
length of videos, and “Avg. Insta.” represents the average length
of action instances. “#Subj.” denotes the number of subjects.

Split | Videos Instances Duration Avg. Video Avg. Insta.|#Subj.
Training | 4,534 13,698 1291h  10.25s 4.10s 140
Validation| 1,475 4,735  4.34h 10.60s 4.10s 37

Test 519 1,349 1.42h 9.86s 3.79s 26

All 6,528 19,782 18.67h  10.30s 4.07s 203

egory across the three subsets. The MMA-52 dataset in-
cludes long and short micro-actions with varying temporal
durations and transitions between different action states. As
shown in Fig. 2, we illustrate some video samples from the
MMA-52 dataset.

Based on the above data statistics, the characteristics of
the proposed MMA-52 dataset can be summarized as fol-
lows. 1) Long-tail category distribution. As shown in
Fig. 3, the dataset exhibits a long-tail distribution, where
some MA occur frequently while others rarely occur. For
example, “B3: Turning head” accounts for nearly 13%
whereas “A2: Turning around” appears not up to 1%. This
imbalance presents a challenge for models to enhance their
robustness and ability to generalize in rare MAs. 2) Vari-
ability in micro-action hierarchies. As shown in Fig. 4,
micro-action duration exhibits significant variability, par-
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Table 2. Comparison with related datasets in micro-action
analysis. “#C” denotes the number of categories. “#Subj.” de-
notes the number of subjects. “H-L” denotes the hierarchy action
label.

Dataset #C #Subj. H-L Video Instance Duration Task Public
PAVISF-T[4] |2 64 X 64 N/A N/A  |Recognition
MPIIGI [3] 15 78 X 7905 7905 2.13s |Recognition
iMiGUE [42] |32 72 X 359 18499 2.55s |Recognition
SMG [9] 16 40 X 414 3,712  2.14s |Recognition
MA-52[17] |52 205 v 22,422 22422 197s |Recognition
X

X

v

iMiGUE [42] (32 72 359 18,499 2.55s | Detection
SMG [9] 16 40 414 3,712 2.14s | Detection
MMA-52 (Ours) |52 203 6,528 19,782 4.07s  Detection

N X% %[N X% % N\ %

ticularly at the action level, where some actions (e.g., C3,
D4, E6) last considerably longer than others. The high
standard deviation suggests substantial fluctuations in du-
ration across individuals and scenarios, posing challenges
for model learning and prediction. In contrast, the body-
level shows a relatively lower standard deviation, indicat-
ing that body-level labels are more stable. This highlights
the need for models to capture hierarchical relationships,
as individual actions are influenced by different body parts,
making it insufficient to rely solely on global features. 3)
Subject-independent evaluation. Given the subtle nature
of micro-actions, and micro-action patterns will be different
across individuals, the MMA-52 dataset adopts a subject-
independent setting. This means that the dataset includes
action instances from a diverse range of subjects, ensuring
that there is no overlap of subjects between the training, val-
idation, and test sets. The goal is to ensure that the model
learns to identify and generalize micro-actions across vary-
ing body types and movements.

3.3. Comparison with Existing Datasets

We first review the related datasets [3, 4, 9, 42] in micro-
action recognition. PAVIS F-T [4] and MPIIGI [3] fo-
cus on body behaviors in group social interactions. The
former concentrates solely on face-touching versus non-
face-touching, while the latter analyzes a broader range
of behavior categories (e.g., scratch and shrug). In con-
trast, IMiGUE [42] and SMG [9] target upper limb micro-
gestures. However, these datasets are relatively limited
in terms of category diversity and subjects. To address
this limitation, MA-52 [17] introduces a large-scale micro-
action recognition dataset with 52 categories. Then, we
compare with micro-action detection datasets. iMiGUE
and SMG can be applied to action detection tasks, but they
are limited to action categories. In contrast, our MMA-52
benefits from the hierarchy label (i.e., body—-level and
action-level), large-scale action instances involving
diverse subjects, enabling the design of more comprehen-
sive and scalable detection models.

4. Methodology

4.1. Problem Formulation

The Multi-label Micro-Action Detection (MMAD) can be
formulated as a set prediction problem of micro-action in-
stances. Let the video be V' containing 7" frames. The anno-
tation of video V' is composed by a set of micro-action in-
stances ¥ = {p = (£5,t5, cn)}%"zl, where N, is the num-
ber of micro-action instances, ¢;, and ¢;, are the starting and
ending timestamp of the n-th micro-action instance, c,, is its
micro-action category. The model F is required to predict a
set of micro-action proposals ¥ = {¢ = ({3, {2, c})}xf’zl,
where t?;; and t%l are the predicted starting and ending times-
tamp of the n-th micro-action instance, ¢, is its predicted
micro-action category. N, is the number of predicted
micro-action instances.

4.2. Preliminary

Before introducing the baseline, we first briefly review the
related techniques used in this paper.

Vanilla Adapter. As illustrated in Fig. 5 (a), the vanilla
adapter [21] comprises a down-projection and an up-
projection fully connected (FC) layer, with a non-linear ac-
tivation function o (such as GeLU [19]) applied between
the two projections. Subsequently, a residual connection is
applied to the output of the projection layer. This process
can be formulated as follows:

X' =ndapter(X) =W, - 0(Wy,,, X)+ X, (1)

where Wyown € R4* % and Wyp € R%*4 denote the pa-
rameter of down- and up-projection, respectively. r is a
downsampling ratio greater than one.

AdaTAD [40]. As shown on the left in Fig. 5, there is the
pipeline of AdaTAD (Adapter fine-tuning for temporal ac-
tion detection) [41]. An adapter is inserted into the back-
bone layers (e.g., VideoMAE [56]) to fine-tune the model
for action detection. Since the standard adapter is lim-
ited to adapting channel information, AdaTAD proposes a
Temporal-Information Adapter (TTA) designed to aggregate
informative local context from neighboring frames, enhanc-
ing temporal action detection. As shown in Fig. 5 (b), the
temporal-informative adapter inserts a temporal depth-wise
convolution (denoted as T-DWConv) with the kernel size
of k x 1 x 1 and group size of r for depth-wise convolu-
tion to model the local contexts between adjacent frames.
The TIA module is inserted into the layers between differ-
ent backbones to realize transfer learning for efficient pa-
rameter tuning. Overall, the TIA module can be formulated
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as follows:

X' =TIAX) &
X_ = O-(Wd-l(—)um : X)’
X = T-DWConv(X) +X, )
—_———

temporal contexts

X' =a- W/ X+X,
where « is a learnable parameter.

4.3. Dual-path Spatial-Temporal Adapter

As stated in the introduction, micro-action involves the
subtle visual difference between adjacent frames and short
duration. The baseline AdaTAD only utilizes the tem-
poral depth-wise convolution layers to aggregate temporal
information, but we argue that this will limit the model
from capturing the discriminative spatial features of micro-
actions. Therefore, we propose a simple Dual-path Spatial-
Temporal Adapter (DSTA) to model spatial changes and
temporal correlations separately. Then, the learned features
from the spatial path and temporal path are fused based on
the learnable weights. The above process can be formulated
as follows:

X' =DpsTA(X) &
X=0W]  -X),

down
X = s-DWConv(X) —l—X,
—_—
3

X, = T-DWConv(X)+X,
—_————

temporal contexts

X'=a W, - [B- X7 Xi]+ X,

where [;] denotes the concatenation operation, /3 and - are
two learnable parameters to balance the weights of spatial
and temporal pathways, respectively. S—DWConv symbols
the spatial depth-wise convolution with the kernel size of
1x1.

5. Experiments

5.1. Experiments Setup

Evaluation Metrics. We use the mean Average Preci-
sion (mAP) [40, 54, 72] to evaluate the performance of
multi-label micro-action detection. mAP measures the com-
pleteness of predicted action instances. We report the av-
erage mAP results for tloU thresholds ranging from 0.1
to 0.9 in increments of 0.1 and the average mAP at each
specific threshold. Considering the hierarchy of micro-
actions, we report Detection-mAP at both body-level
and action-level. Additionally, we also report the av-
erage value of mAP (AVG) of these two levels.
Implementation Details. We conduct experiments with
the open-source toolbox OpenTAD [41]. The model em-
ploys mixed-precision training and activation checkpoint-
ing to reduce memory usage. Following [40], we use Ac-
tionFormer [72] as the detector head, retaining the origi-
nal hyperparameter settings. The backbone’s learning rate
remains fixed, while the adapter’s learning rate varies be-
tween le-4 and 4e-4. By default, frame resolution is set to
1602. For the body-level prediction, we follow the common
practice in micro-action analysis [16, 17] by converting the
action-level results to the body-level.

5.2. Main Results

Since Multi-label Micro-Action Detection (MMAD) is a
new task, we evaluate 10 baselines in conventional tempo-
ral action detection. The results are reported in Table 3.
(1) For the multi-label temporal action detection methods
(MS-TCT [10] and PointTAD [54]), these methods achieve
the lowest performance. We attribute the significant per-
formance drop to the gap between conventional actions and
micro-actions. (2) For the feature-based methods, Tempo-
ralMaxer [55] get the best average mAP of 20.34, while
the TriDet [52] only achieves the average mAP of 16.04.
(3) For the feature-based methods, the baseline method
AdaTAD [41] exhibits better performance with the back-
bone model enlarged from the VideoMAE small version to
the base version. The best result in average mAP is 21.80,
which is better than all feature-based methods. Compared to
the baseline, we can see that the proposed method exhibits
consistent improvement on different backbones. Specif-
ically, on the VideoMAE-S and VideoMAE-B, there are
1.63%, and 2.26% improvements on average mAP, respec-
tively. Although the proposed method achieves the highest
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Table 3. The experimental results on the MMA-52 dataset. The results are measured by Detection-mAP (%) at different tloU thresholds.
The first block represents the multi-label action detection methods. The second block contains the feature-based methods for TAD, while
the third block is end-to-end training methods. The best results are marked in bold.

Action-level Body-level

Method Backbone @02 @05 @07 Avg | @02 @05 @07 Avg | V¢
MS-TCT [10] icvrroo 13D 572 391 216 351 | 1228 872 450 7.76 5.64
PointTAD [54] ineupsoon 13D 946  3.79 1.02 451 | 2435 11.06 335 12.12 || 832
ActionFormer [72] covao || VideoMAEvV2-g || 23.81  16.87 850 1530 | 40.51 24.44 1220 23.99 || 19.65
TemporalMaxer [55] i VideoMAEv2-g || 25.61 17.09 7.04 15.17 | 43.94 2648 1198 25.51 || 20.34
TriDet [52] icveroos VideoMAEv2-g || 22.41 12.06 4.59 1245 | 3560 1999 7.84 19.62 || 16.04
DyFadet [71] irccvao VideoMAEv2-g || 22.17 15.19 7.96 14.17 | 42.52 23.34 12.55 2493 || 19.55
VideoMamba [69] i:covo || VideoMAEV2-g || 2534 17.55 690 15.21 | 43.43 2545 11.17 24.08 || 20.01
TadTR [44] e SlowFast-R50 1633 995 6.15 829 | 3224 18.09 845 1853 || 1341
Re2TAL [73] icvrros Swin-Tiny 1536 6.67 3.69 810 | 3354 1278 496 1598 || 12.04
Re?TAL [73] icvrrons SlowFast-101 16.15 7.10 293 8.10 | 3239 12.15 457 1538 || 11.74
AdaTAD [40] icveroo VideoMAE-S 2494 1678 1093 16.25 | 4551 2790 7.52 27.35 || 21.80
AdaTAD [40] icveros VideoMAE-B 28.73 19.23 878 1744 | 49.05 28.86 7.84 28.71 || 23.08
DSTA (Ours) VideoMAE-S 28.05 2040 9.03 18.16 | 47.14 30.02 837 28.70 || 23.43
DSTA (Ours) VideoMAE-B 31.25 20.87 11.51 2030 | 48.16 3240 942 30.37 || 25.34

Table 4. Performance comparison under different adapters. Background Err Localization Err Double Detection Err

Il Confusion Err

I Wrong Label Err

B True Positive

False Positive Profile

False Positive Profile

Setting Param. mAP  gains
Snippet Feature - 10.60 -

+ Full fine-tuning 20.8OM 1540 +4.80
+ Standard Adapter [21] | 0.85M  15.87 +5.27
+ TIA (AdaTAD [40]) 0.96M  16.25 +5.65
+ DTSA (Ours) 1.80M  18.16 +7.56

average mAP of 25.34, it is still far away from conventional
action detection [40]. These results indicate that there is
still a gap in accurately identifying the micro-actions.

5.3. Ablation Studies

The ablation of the adapters. To validate the effective-
ness of the proposed dual-path spatio-temporal adapter, we
conduct experiments as follows: “Full fine-tuning” denotes
fine-tuning the backbone, Standard Adapter [21], and “TIA”
from the baseline model AdaTAD. The results are reported
in Table 4. The baseline model only achieves the mAP of
16.25%, due to the neglect of crucial spatial information in
micro-actions. In contrast, the proposed DSTA achieves the
best results of 18.16 in terms of mAP, and there is 1.91%
improvement.

5.4. Error Analysis

Following the convention practice [40, 52, 72, 73] in action
detection, we use the tool [1] to analyze the results.

False Positive Profiling. As illustrated in Fig. 6, we con-
duct false positive profiling at tloU=0.5. The x-axis is top-
G predictions at tloU=0.5, where G refers to the number
of ground-truth instances. In the action-level, false

100

Error Breakdown (%)
Error Breakdown (%)

[CICIRGCIG)
= a & ¥

[CGICEC OS]
- R S - =]

OOOLLLLOLLOL
—~— A 6 F N o & BN

(a) Action—-level Results (b) Body-1level Results

Figure 6. False Positive Profiling on the MMA-52 dataset. The
errors at the action-level mainly involve confusion and wrong label
assignments while the body-level errors are evenly distributed.

positive errors are mainly concentrated in background, lo-
calization, and label errors, with background errors being
the most prominent. In contrast, at the body—1level, the
proportion of correct detections (True Positive) increases
significantly, and the error distribution is more balanced,
showing a more stable performance. In summary, false
positive errors at the act ion—1level indicate uncertainty
in the model’s understanding of action-level MAs. The
body-level shows higher accuracy, meaning the model
can more accurately capture body movements.

False Negative Profiling. As shown in Fig. 7, we also
conduct the False Negative Profiling under different char-
acteristics. Specifically, “Coverage” denotes the ratio of in-
stances within the video, “Length” represents the duration
(seconds) of instances, and “#Instances” is the number of
instances. Taking into account the statistics of the MMA-52
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Figure 7. False Negative Profiling on the MMA-52 dataset. The
false negatives are primarily found in instances with short cover-
age and duration.

dataset, the range of these characteristics are as follows, i.e.,
“Coverage” refers to [0.0, 0.2, 0.4, 0.6, 0.8, 1.0], “Length”
refers to [0, 3, 5, 8, 9, INF], and “#Instances” refers to [-
1, 2, 5, 7, INF]. These characteristic buckets are labeled
as [XS, S, M, L, XL] on the axis. Based on the dimen-
sions of Coverage and Length, we can see that False Nega-
tive rates are very high in the XS, S, and M buckets at the
action-level, while only in the XS bucket at the body-level.
These results suggest that detecting shorter micro-action in-
stances remains a challenge, while longer instances are han-
dled more effectively. In the dimension of “#Instances”,
False Negative rates are primarily observed in the M bucket,
indicating that the key challenge is in videos with dense in-
stances. Overall, the future direction for MMAD should
focus on improving the detection of instances with low cov-
erage and short length.

5.5. Visualization of Prediction

Additionally, we present the qualitative visualization of the
detection results in Fig. 8. For the first sample, the action
of “D3: shaking legs” only shows minor visual changes be-
tween frames and lasts almost the entire video. Meanwhile,
“B2: shaking head” sometimes co-occurs. From the top 10
predicted proposals, we can see that the proposed method
can identify the action boundaries and categories accurately.
The second example involves the actions of “C4: stretching
arms”, “C5: waving” and “B3: turning head” across the “B:
head” and “C: upper limb”, our method can also detect these
co-occurring actions accurately.

B2: shaking head|
tioU - o~
0
o8 et

) "R =
glegs| & | . ¥ D3: shaking legs’ ==
—
-mrvy 29

D3: shaking legs, D: lower limb

gt-02
gt-01 B2: shaking head, B: head
gt-00 B2: shaking head, B: head
pred-00 D3: shaking legs, D: lower limb
pred-01 B2: shaking head, B: head
pred-02 —{ [ B82: shaking head, B: head
pred-03 B3: turning head, B: head
pred-04 —| NG B1: nodding, B: head
pred-05 I  B2: shaking head, B: head
pred-06 B2: shaking head, B: head
pred-07 B1: nodding, B: head
pred-08 I s3: turning head, B: head
pred-09 B2: shaking head, B: head

B3: turning head
7 N ’

|
Im—|
(a:sretching arms|

gt-02 CA4: stretching arms,
gt-01 B3: turning head, B: head
gt-00 C5: waving, C: upper limb
pred-00
pred-01
pred-02 C4: stretching arms, C: upper limb
pred-03 —{ N ::: turning head, B: head
pred-04 —| I G3: turning head, B: head
pred-05 —| ca: stretching arms, c: upper timb> [ N AR
pred-06 — c1: lllustrative gestures, C: upper limb [ NG
pred-07 B3: turning head, B: head
pred-08 B3: turning head, B: head
pred-09

B3: turning head, B: head
C5: waving, C: upper limb

C4: stretching arms, C: upper limb

Figure 8. Qualitative visualization of the prediction. In the ver-
tical axis, gt-¢ represents the ¢-th ground truth, while pred-i de-
notes the i-th micro-action proposal. The color bar represents the
tloU value between the proposal and the ground truth.

6. Conclusions

In this paper, we introduced the Multi-label Micro-Action
Detection (MMAD) to tackle the challenge of identifying
co-occurring micro-actions in real scenarios. To facili-
tate this, we developed the Multi-label Micro-Action-52
(MMA-52) dataset, tailored for in-depth analysis and ex-
ploration of complex human micro-actions. We evaluated
10 baseline models for conventional action detection on the
MMA-52 dataset. Besides, we proposed an initial solution
with a dual-path spatio-temporal adapter to model the spa-
tial variations and temporal correlations separately. The er-
ror analysis suggests that there is still a big challenge in de-
tecting micro-actions with low coverage or short length. We
hope these efforts could encourage the research community
to pay more attention to the task of multi-label micro-action
recognition and facilitate new advances in human body be-
havior analysis.
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