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ABSTRACT ACM Reference Format:

The Micro-Action Analysis Grand Challenge (MAC 2026) builds
on MAC 2024 and MAC 2025, with a specific focus on fine-grained
micro-action understanding. This edition targets the automatic
analysis of subtle whole-body behaviors using computer vision
and machine learning. Micro-actions are spontaneous, often fleet-
ing body movements that reflect genuine emotions and intentions,
yet are difficult to recognize and distinguish due to their subtle
appearance. MAC 2026 comprises three tasks, Micro-Action Recog-
nition (MAR), Multi-label Micro-Action Detection (MMAD), and a
newly introduced task on Fine-grained Micro-Action Understand-
ing (FMAU), based on the MA-52, MMA-52, and MABench datasets,
which contain 52 micro-action categories and 8 annotated body
parts. The goal is to promote innovative research on fine-grained
whole-body micro-actions, establish strong benchmarks, and ad-
vance technologies for human behavior understanding and emo-
tional state analysis.

CCS CONCEPTS

« Computing methodologies — Computer vision; - Human-
centered computing — Human computer interaction (HCI).

KEYWORDS

Human Behavior Analysis, Micro-action Recognition, Multi-label
Micro-Action Detection, Fine-grained Micro-Action Understanding
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1 INTRODUCTION

Recently, there has been a lot of interest in empowering intelligent
machines with the capabilities for understanding human behav-
iors [28, 33]. Micro-action behavior analysis has become an impor-
tant research topic due to its potential applications in human-to-
human communication and human emotion state analysis. Micro-
action offers insights into the feelings and intentions of individuals
and is important for human-oriented applications, such as emotion
recognition and psychological assessment. It can also benefit a wide
range of human-centered applications, e.g., police interrogation,
in-vehicle scenarios, clinical diagnosis , depression analysis, and
business negotiation.

In previous works, efforts have been made mainly on facial ex-
pressions [11, 16, 26, 39, 41], speech [12, 17, 23, 42], or expressive
body gestures [1, 3] to interpret classical expressive emotions. As
the computer vision and multimedia communities delve deeper into
human emotion state analysis, facial micro-expression and body
micro-gesture (mainly referring to upper-limb micro-movements)
have received more attention in recent years [3, 6, 13, 25, 37], they
all emphasize and explore the link between human micro-behavior
and human emotions. Despite this, automatic human behavior anal-
ysis based on human whole-body micro-actions (compared to
micro-gestures, micro-actions include the micro-movements
of head, body, gestures, and lower-limb) remains largely unex-
plored due to the lack of suitable datasets; and the identification,
differentiation, and understanding of micro-actions pose challenges,
because they are subtle compared to normal action. Different from
existing mainstream challenges (such as AVEC [31], EmotiW [10],
MuSe [4] and FME [7]) for human-centered emotion analysis, we
mainly focus on a fundamental study, the whole-body micro-action
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Figure 1: Overview of the 3rd Micro Action analysis grand Challenge (MAC): (a) data collection through professional psycholog-
ical interviews, (b) Task 1: Micro-Action Recognition (MAR): single action occurrence; (c) Task 2: Multi-label Micro-Action
Detection (MMAD): multi-action co-occurrence; and (d) Task 3: Fine-grained Micro-Action Understanding (FMAU). MAC 2026

focuses on the fine-grained micro-action understanding

based human behavior analysis, and provide a common platform
and benchmark test sets for performance evaluation.

In MAC 2026, we present the 3rd challenge for whole-body micro-
action analysis, as shown in Figure 1. We have fully annotated the
MA-52 and MMA-52 datasets over the past two years, and both
contain 52 micro-action categories along with seven body parts,
covering a wide range of realistic micro-actions from 205 subjects,
spanning children, youth, adults, and elderly participants. Building
on these datasets, MAC 2026 consists of three tracks: Micro-action
Recognition (MAR), Multi-label Micro-action Detection (MMAD),
and Fine-grained Micro-Action Understanding (FMAU). The third
track, Fine-grained Micro-Action Understanding, is newly intro-
duced in MAC 2026 to push models toward more detailed, context-
aware interpretation of subtle actions.

We present analyses of our novel datasets as well as evaluations
of baseline approaches for all three tracks in MAC 2026. All collected
datasets and baseline implementations will be publicly available on
the MAC 2026 website!. Participants will submit their results on our
MAC 2026 website, and the top 3 teams in each track are required
to submit a paper in ACM MM format describing their results and
the methods that produced them. These papers will undergo peer
review by the technical program committee. We have carefully
outlined the key schedule (data & code availability, evaluation set
release, paper submission deadlines, etc.) on our MAC 2026 project
website, which we are preparing to launch. Sec. 6.2 also presents our
planned Challenge schedule, which is consistent with the project
website.

In addition, considering the complexity and continuity of the
challenge, we plan to organize a series of challenges over at least
the next 3-5 years. The next effort is to extend the existing datasets
by adding annotations of human emotional states, linking human

1Competition pages: https://sites.google.com/view/micro-action

micro-action with emotional expression for a deeper understanding
of human mental states. The audio descriptions can also be released
as cues to link micro-actions with emotions. We expect that a se-
ries of challenges will bring together researchers from all over the
world to focus on this new research direction and find more valu-
able challenges to advance technologies in the deep psychological
assessment and human emotion state analysis communities.

2 RELATED WORK

This section is a summary of the current state-of-the-art methods
in automatic micro-action analysis with a focus on (i) micro-action
behavior analysis and (ii) multi-label micro-action detection.

2.1 Micro-action Behavior Analysis

Currently, the research on human micro-behavior mainly focuses
on micro-expressions [6, 7, 13, 37] and micro-gesture (mainly re-
ferring to upper-limb micro-movements) [2, 3, 18, 25]. The famous
Facial Micro-Expression Grand Challenge (FME) [7] has contin-
ued to attract a large number of multimedia researchers in recent
years. As for micro-gesture, Liu et al. [25] proposed a micro-gesture
dataset named iMiGUE, which contained 32 micro-gesture labels
and 5 body-grained labels. Chen et al. [3] proposed SMG dataset
consisting of 3,692 spontaneous gesture clips was built through a
story-telling game under the setting of positive and negative emo-
tions. On the basis of iMiGUE and SMG, the MiGA competition
organized at [JCAI 20232 and IJCAI 2024° takes further discussion
for finer levels of human movement like micro-actions, as well as
to explore the links between gestures and hidden emotions.
Macro-bodily behaviours [1, 29, 30] in social interaction have
also been explored. The BBSI (bodily behaviors in social interaction)

21st MiGA competition: https://cv-ac.github.io/MiGA2023/
32nd MiGA competition: https://cv-ac.github.io/MiGA2/
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dataset [1] adopts a naturalistic multi-view group conversation way
to study the influence of body language in the context of social
phenomena such as leadership, rapport, or liking. BBSI discusses
human social interaction with only 15 body macro movements such
as “gesture”, “adjusting clothing”, “scratching”. BBSI was further
applied to the MultiMediate Grand Challenge [30] at ACM Multime-
dia 2023 to explore two key human social behaviour analysis tasks:
engagement estimation and bodily behavior recognition in social
interactions. These works reveal that micro-action recognition
and detection is more challenging in terms of subtle detail capture.

In brief, previous works explored the micro-gestures of the upper
limbs and head [28, 44] or coarse-grained body movements (with
merely 15 categories) in social interactions [1, 30]. In contrast, in
this challenge, unlike the aforementioned works and competitions,
we collect and analyze the spontaneous whole-body micro-actions
that include the head, hands, and upper and lower limbs. In sum-
mary, the advantages of the dataset we collected are as follows:
1) multiple types of micro-actions, e.g., 52 categories vs. 15 of the
BBSI dataset; 2) large-scale data, e.g., 17,974 samples vs. 3,692 of
the iMiGUE dataset; 3) diverse and large-scale participants, e.g.,
205 persons from children, youth, adult and elder vs. 32 youth ath-
letes of the iMiGUE dataset, and 4) micro-actions are composed of
body movements throughout the whole body. This facilitates the
acquisition of rich leg and foot movements, such as “crossing legs”
and “stretching feet”. Micro-actions in the lower body contain rich
information related to psychological and mental states, with the
same significance comparable to those of facial expressions and
gestures.

2.2 Multi-label Micro-Action Detection

There is almost no publicly available dataset specifically designed
for academic use in multi-label micro-action detection. Considering
the frequent co-occurrence of human micro-actions in real life, i.e.,
the same micro-action may be repeated over time and different
micro-actions may occur at the same time, multi-label micro-action
detection (MMAD) is necessary for a deeper understanding of hu-
man bodily behavior. The MMAD task can be applied to fields such
as video surveillance and behavioral analysis, which is of great
significance. Therefore, we propose this challenge task. Herein, we
review the approximate task and technology: multi-label normal ac-
tion detection (localization). Charades[34] and MultiTHUMOS[43]
are two commonly used multi-label action detection datasets, de-
rived from indoor actions and sports videos on YouTube, respec-
tively. In addition, two studies have contributed valuable insights
to the field of multi-label action detection. Tirupattur et al. [36]
introduced an attention-based Multi-label Action Dependency layer
(MLAD) into their model, which demonstrated significant improve-
ments in co-occurrence dependencies and temporal dependencies
of actions. Tan et al. [35] presented an end-to-end action detection
model (PointTAD) that leverages learnable query points for precise
localization and differentiation of actions in multi-label videos. We
apply these classic methods to the MMAD task, and the experimen-
tal results are presented in Section 5.2. The unique challenges of
MMAD lie in the small movement amplitudes and brief durations of
micro-actions in the case of multi-action concurrency, which calls

Table 1: Definition of micro-actions in different parts of the
whole body in datasets MA-52 and MMA-52. Micro-actions
occurring in the lower-body are in the grey cells, and the rest
are in the upper-body.

Part Micro-action

Body  Shaking body (A1); Turning around (A2);
(A)  Sitting straightly (A3); Shrugging (A4); Rising up (A5);

Head Nodding (B1); Shaking head (B2); Turning head (B3);
(B) Tilting head (B4); Bowing head (B5); Head up (B6);

Upper Illustrative gestures (C1);

limb  Other finger movements (C2);

©) Hands touching fingers (C3);
Stretching arms (C4); Waving (C5);
Scratching arms (C6); Spreading hands (C7);
Playing objects (C8); Putting hands together (C9);
Retracting arms (C10); Pointing oneself (C11);
Clenching fist (C12); Rubbing hands (C13);

Lower Tiptoe (D1); Retracting feet (D2);
limb  Shaking legs (D3); Stretching feet (D4);
(D) Closing legs (D5); Spread legs (D6);
Curling legs (D7); Crossing legs (D8);

Body  Scratching or touching chest (E1);
-hand  Scratching or touching neck (E2);
(E) Scratching or touching back (E3);
Arms akimbo (E4); Crossing arms (E5);
Scratching or touching shoulder (E6);

Head Touching nose (F1); Scratching or touching face (F2);
-hand Playing or tidying hair (F3);
(F) Scratching or touching hindbrain (F4);
Pushing glasses (F5); Rubbing eyes (F6);
Scratching or touching forehead (F7);
Touching ears (F8); Covering mouth (F9);
Covering face (F10);

Leg  Touching legs (G1);
-hand Patting legs (G2);
(G)  Scratching legs (G3); Scratching feet (G4);

for further research and innovation in the development of effective
models tailored to address these intricacies.

3 CHALLENGE DATASET

3.1 Dataset Construction

To support the Micro-Actions Analysis Challenge (MAC 2026), we
have collected three spontaneous whole-body micro-action video
datasets consisting of 52 action categories through psychological
interviews [14]. Figure 1 illustrates the data collection process and
provides sample annotations from the two new datasets, which
correspond to the two tasks in MAC 2026.
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Figure 2: The overall distribution of the micro-action categories of 7 body parts in MAC 2026 datasets. (1) Above: MA-52 dataset.
(2) Below: MMA-52 dataset (Log representation of histogram length). Detailed definition of micro-actions are introduced in

Table 1.
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Figure 3: Data statistics of MA-Bench. Action category definitions are consistent with the Micro-Action-52 dataset [14].

Data collection. We recruited 205 volunteers who were in- dataset (MMA-52), designed for task MAR and task MMAD, and
formed about the requirements for data collection and provided MA-Bench designed for fine-grained micro-actin understanding
their signed informed consent for academic purposes. Professional respectively.
face-to-face psychological interviews were conducted under the The MA-52 dataset consists of trimmed video samples with sin-
guidance of the Symptom Checklist 90 (SCL90) test, which is a gle micro-action (MA) annotations, as shown in Figure 1(b). The
comprehensive 90-item psychological assessment questionnaire [9]. duration of these samples ranges from 1 second to 7 seconds, with
The interviews were recorded using a high-resolution 1920x1080 an average duration of 1.9 seconds and a total span of 12.29 hours.
camera to capture authentic and spontaneous micro-behaviors. It is During the annotation of the MA-52 dataset, our focus was on anno-
important to note that the volunteers were not instructed to adopt tating the beginning and ending segments of a single micro-action
specific gestures or postures but were encouraged to express their occurrence, to avoid annotating multiple micro-action behaviors
true spirit or state-of-mind naturally. To ensure participants’ com- within the same time period. This approach ensures clarity and
fort and relaxation, they remained seated during the interview. The accuracy of the annotations, resulting in a consistent and reliable
collected micro-actions are defined in Table 1 and categorized using dataset.

a two-level labeling system: body-grained categories (body, head, The MMA-52 dataset includes video samples of multiple micro-
upper limb, lower limb, head-hand, body-hand, and leg-hand) and actions (MMA) with overlapping and intersecting occurrences, as
action-grained categories (52 different micro-action categories). As shown in Figure 1 (c). The duration of these samples ranges from 5
discussed in Section 2, previous works mainly focused on collecting seconds to 15 seconds, with an average duration of 10.61 seconds
upper-limb movements, while our dataset includes several lower- and a total duration of 30.44 hours.

limb movements such as “shaking legs”, “crossing legs”, “tiptoe”, The MA-Bench dataset consists of 1,000 carefully curated micro-
and “scratching feet”. action videos covering all 52 categories. The videos have an av-

Annotations of two datasets. We have created three datasets erage duration of 2.12 seconds, with a maximum length of 5.01
based on the collected interview videos in this challenge: the Micro- seconds. Through the semi-automatic annotation pipeline, we con-
Action-52 dataset (MA-52) and the Multi-Label Micro-Action-52 struct 12,000 challenging question—answer (QA) pairs organized
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Figure 4: Data distribution over the gender and age of respon-
dents on the MA-52 dataset.

in a three-tier hierarchical architecture encompassing eight fine-
grained micro-action understanding tasks. The dataset statistics of
MABench is illustrated in Fig. 3.

We believe that these datasets can serve as new benchmarks
in micro-action emotion analysis, especially within the Chinese
research community.

3.2 Dataset Split

MAC 2026 focuses on three tasks as shown in Figure 1. The tasks
are detailed in Section 4. This part introduces and explains the data
set labeling information as shown in Figures 1(b) and (c) and the
partitioning of the data set.

3.2.1 MA-52 for Micro-Action Recognition.

Training data. The micro-action recognition (MAR) task dataset
is derived from the MA-52 [14] dataset, which contains a total of
22,422 micro-action video samples. The training, validation, and
test sets are distributed in a 2:1:1 ratio, resulting in 11,250, 5,586, and
5,586 samples, respectively. We also provide a text file containing
annotation information with the following properties:

e id: Unique ID for each video.

e label: Presented as a number. Each number represents an
action-level micro-action category and has a corresponding
body-part label. The affiliation between body part labels and
micro-action labels can be found in Table. 1.

Evaluation data. Taking into account factors such as competition
time, computational resources, and server pressure, we randomly
select 1/5 of the test data [14] from each micro-action category as
the test set for the MAR task, resulting in a sample size of 1,138.
Table ?? presents the dataset partitioning for the micro-action recog-
nition (MAR) task, with sample sizes of 11,250, 5,586, and 1,138 for
the training, validation, and test sets, respectively.

3.2.2  MMA-52 for Multi-label Micro-Action Detection.

Training data. The training and validation sets of the MMA-52
dataset consist of 6,515 and 1,974 samples for the multi-label micro-
action detection (MMAD) task, respectively. We provide a JSON file
in which each data sample is stored as a dictionary. The properties
in the JSON file are as follows.

e id: Unique ID for each video.

e subset: Indicates whether the data belongs to the training,
validation, or test.

e duration: The total duration of the entire video.

Task Partition Samples Duration
Training 11,250 6.19h
MAR Validation 5,586 3.05h
Test 1,138 0.71h
Training 4,534 12.91h
MMAD Validation 1,475 4.34h
Test 492 1.42h

Table 2: Statistical information for the MA-52 and MMA-52
datasets in MAC.

Validation set Test set

0.0 0.0 0.0
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Start index Start index
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End index

End index
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Start index

Figure 5: The distribution of micro-action instances of the
MMA-52 dataset. The start and end indexes indicate the nor-
malized starting and end times of micro-action instances.
The deeper the color, the greater the density of the distribu-
tions.

e actions: It contains a list of multiple items, with each item
consisting of three numbers. The first number represents
the category of a micro-action, while the second and third
numbers represent the start and end times of the action,
respectively.

Evaluation data. Taking into account factors such as competition
time, server computing power, and workload, we collected 492 data
entries as the competition’s test set. Despite the relatively small
dataset size, we carefully considered factors such as the proportion
of each action category to the total and label length and sought to
balance the distribution of each category as much as possible. The
test set segmentation file provides only video IDs.

3.2.3 MA-Bench for Fine-grained Micro-Action Understanding. Train-
ing data. To facilitate fine-grained micro-action understanding, we
introduce MA-Bench-Train, a micro-action training corpus de-
signed for adapting multimodal large language models (MLLMs) to
subtle whole-body motions. MA-Bench-Train contains 20,510 short
micro-action clips collected from 166 participants under a cross-
subject setting (no participant overlap with the evaluation bench-
mark). Each clip is paired with a structured micro-action cap-
tion, describing the observed motion with explicit spatio-temporal
details. Concretely, each caption is organized into five fields: (1)
Overall Overview, (2) Timeline Description, (3) Key Part Details, (4)
Judgment Basis, and (5) Conclusive Summary. These structured an-
notations provide fine-grained supervision for training models to
perceive subtle motions and to articulate motion evidence.



Evaluation data. We further introduce MA-Bench, a benchmark
for fine-grained micro-action understanding. MA-Bench comprises
1,000 curated micro-action videos (covering all 52 categories) with
an average duration of 2.12s (maximum 5.01s), and a total of 12,000
question—-answer pairs. The benchmark follows a three-tier eval-
uation architecture with eight tasks, ranging from perceptual
recognition to relational comprehension and interpretive reasoning.
For evaluation, we provide the video clips and questions; partici-
pants are required to predict the answers in the required formats
(close-ended / open-ended) on the hidden test set.

3.3 Dataset Analysis

Figure 2 shows the distribution of the micro-actions in datasets
MA-52 and MMA-52. To collect spontaneous micro-actions, we
aimed to minimize interference with the respondents’ bodily action
expressions and capture as many varied and rich micro-actions as
possible. In order to ensure the reliability and representativeness of
the data, conscious efforts were made to achieve a balance in gender
and age demographics, as depicted in Figure 4. The proportion of
males to females among the respondents was close to 1:1, and there
was a relatively even age distribution. However, some micro-actions
such as “nodding” and “shaking head” were notably more common
than others like “rubbing eyes” or “touching ears”. This resulted in a
long-tailed distribution where the frequency of sample occurrences
varied significantly across different micro-action categories. It is
challenging to avoid such data imbalance in wild data collection
environments, and participants need to be aware of the impact of
data distribution.

4 CHALLENGE DESCRIPTION

The aim of this challenge is to develop and benchmark models
that are capable of human micro-action recognition (MAR), multi-
label micro-action detection (MMAD), fine-grained micro-action
understanding (FMAU). The MA-52 dataset is used for the MAR task,
the MMA-52 dataset is used for the MMAD task, and MA-Bench
is used for the FMAU task. These three datasets have the distinct
advantage of the high-quality annotation of human whole-body
micro-actions. We then describe task definitions for both challenge
tasks.

4.1 Track 1: Micro-Action Recognition

Micro-Action Recognition (MAR) aims to recognize and distin-
guish subtle body actions that typically occur in a brief instant.
The MAR task is similar to conventional action recognition, as it
involves using video instances as input and requires precise and
efficient algorithms. However, it is uniquely complex due to the
presence of low-amplitude fluctuations in gestures and postures.

Micro-Action Annotations. We review the data annotation process
here. The annotations for micro-action recognition have several
specificities. In this task, we focus on single micro-action recog-
nition. For example, a person consistently maintains the action
of “curling legs”. Each action sample is labeled with both a body-
grained label and an action-grained label. The former is based on
the region where the action occurs, including “body”, “head”, “upper
limb”, “lower limb”, “body-hand”, “head-hand” and “leg-hand”. The

latter labels are the sub-action categories under the body-grained
labels, totaling 52 micro-action categories.

Task Definition. We consider a human micro-action video defined
asV ={l,I,..., I}, where T is the length of the video. Our goal is
to classify the micro-action category contained in the video by se-
lecting it from a set of pre-defined micro-action labels {1, . ..,C}. We
annotate the affiliation relationship between body parts y; € [1, B]
and micro-actions y. € [1,C], where B and C represent the total
number of body parts and micro-action categories, respectively.

4.2 Track 2: Multi-label Micro-Action Detection

Considering the co-occurrence of human micro-actions, i.e., the
same micro-action may be repeated in time and different micro-
actions may occur at the same time, multi-label micro-action detec-
tion (MMAD) is necessary for a deeper understanding of human
bodily behavior. Multi-label Micro-Action Detection (MMAD)
refers to the task of identifying and localizing all micro-actions
in a given uncut and densely annotated video, determining their
corresponding start and end times, as well as their categories. This
task takes an entire video as input and requires a model capable
of accurately capturing both long-term and short-term action re-
lationships to detect and locate multiple micro-actions. Designing
a model for MMAD is more challenging due to the brief duration
and small magnitude of micro-actions.

Multi-Label Micro-Action Annotations. The annotation process for
multi-label micro-action is similar to that of micro-action recog-
nition but with a focus on the time when the action undergoes a
change and disregarding the duration of the action. For instance, for
the action "stretching feet" we annotate only the duration during
which the human foot transitions from a retracted state to an ex-
tended state, without annotating the duration during which the foot
remains continuously extended. When referring to the 52 action
categories in Micro-Action Recognition, we extend these action
categories to the Multi-label Micro-Action Detection Task.

Task Definition. For a video sequence of length T, each time step
t includes a ground-truth action label y; . € {0,1}, where ¢ €
{1,...,C} denotes an action category. For each time step, the action
detection model is tasked with predicting the category probability
e € [0,1].

4.3 Track 3: Fine-grained Micro-Action
Understanding

Fine-grained Micro-Action Understanding aims to evaluate whether
a model can perceive, compare, and reason about subtle whole-body
micro-actions beyond label prediction. Following MA-Bench, we
formulate this track as a video question answering problem.

Task Definition. Given a micro-action video V = {I1, L, ..., It} and
aquestion g, the model is required to output an answer d. Depending
on the task type, d can be: (i) a single-choice option, (ii) a Yes/No
decision, or (iii) an open-ended textual response.

Three-tier Task Taxonomy. The evaluation contains eight tasks grouped
into three tiers:

Tier-1: Perceptual Recognition. (1) Coarse-grained Micro-
Action Recognition (CMAR): recognize the body-grained label (7



body parts). (2) Fine-grained Micro-Action Recognition (FMAR):

recognize the action-grained label (52 micro-action categories).

Tier-2: Relational Comprehension. These tasks evaluate whether

models can understand fine-grained relations and dependencies
among micro-actions; questions are organized in a Yes/No format.
(3) Single Action Detail (SAD): query fine-grained motion at-
tributes (e.g., direction, amplitude) of a single micro-action. (4)
Multiple Action Detail (MAD): query details of multiple micro-
actions, including co-occurrence and inter-action comparison. (5)
Micro-Action Sequence (MAS): query temporal ordering rela-
tions between micro-actions. (6) Part-Proximity Relation (PPR):
query spatial proximity relations among body parts during micro-
actions.

Tier-3: Interpretive Reasoning. (7) Micro-Action Descrip-
tive Understanding (MADU): generate a detailed description of
the micro-action video with motion evidence. (8) Micro-Action
Reasoning and Explanation (MARE): provide an explanatory
reasoning process and (optionally) infer the most plausible coarse-
and fine-grained micro-action labels.

4.4 Evaluation Metric

4.4.1 Micro-Action Recognition Task.

Participants are required to submit a “.csv” formatted file, which
will be evaluated on the unpublished test set. Considering the di-
versity of micro-actions involving body parts and micro-action
categories, we adopt multiple evaluation metrics for this task. Acc-
Top1, Acc-Top5 accuracy of micro-action categories are used to
ensure the accurate recognition of micro-actions. To address the
long-tail problem of data, we adopt the F1 score to evaluate model
performance. Herein, F1,,4c,0 calculates the unweighted mean for
each action category, independent of the sample size for the specific
category. F1,,;c,, treats all samples equally and is less influenced
by any category with a predominant number of micro-actions. We
consider F1 score with both “micro” and “macro” calculations.
Furthermore, since we provide labels with different annotation
granularities (body-grained and action-grained), we measure the
prediction results from these two aspects. Additionally, we use
F1,,c4n as the performance metric, and its formula is as follows:
+F1?

micro

F1?

macro

+F1¢

+F15 micro , (l)

macro
4

Flimean =
where “b” and “c” denote the label granularity of body-part and
micro-action categories, respectively.

4.4.2  Multi-label Mirco-Action Detection Task.

Participants are required to submit a “txt” formatted file, which will
be evaluated on the unpublished test set. Similar to typical multi-
label normal action detection tasks [5, 35, 36], we use frame-based
mean Average Precision (mAP) as the evaluation metric for the
MMAD task. Additionally, to assess the effectiveness of the model
in modeling relationships between different actions, we introduce
action dependency metrics for model evaluation. Specifically,
the calculation formula for mAP is as follows:

C
1
mAP = - Z AP, ()
i=1

Method ‘ Acc-Top1 (Action)  Acc-Top5 (Action) ‘ Flmean
VSwinT-T [27] 58.88 89.72 64.45
VSwinT-S [27] 58.88 89.63 65.64
VSwinT-B [27] 58.17 89.89 63.55
VSwinT-L [27] 58.35 90.25 63.94

Table 3: Baseline results for Micro-Action Recognition under
different variants of Video Swin Transformer [27].

where C represents the total number of categories, AP; denotes the
frame based average precision for the i-th category.

4.4.3  Fine-grained Micro-Action Understanding Task.
Participants are required to submit predictions for all questions
in MA-Bench. We adopt different metrics for closed-ended and
open-ended questions.

Closed-ended evaluation. For CMAR, FMAR, SAD, MAD, MAS,
and PPR, we report Accuracy (%), i.e., the percentage of correctly
predicted answers. We further compute a Closed-AVG score as the
mean accuracy over the six closed-ended tasks.

Open-ended evaluation. For MADU and MARE, we adopt
an LLM-as-Judge protocol to automatically score free-form re-
sponses. Specifically, each response is evaluated on a 0-5 scale
under three difficulty levels (L1-L3). We report per-level scores
(MADU-L1/L2/L3 and MARE-L1/L2/L3), and compute:

13
Open-AVG = > (MADUY, + MAREL,). (3)

i=1
5 BASELINES & RESULTS

5.1 Micro-Action Recognition

Baseline. Video Swin Transformer (VSwinT) [27], which is consid-
ered a high-performing and versatile method for video-based action
recognition tasks, can serve as a strong comparative baseline for the
participants. We use it as the baseline for Micro-Action Recognition
(MAR) task. VSwinT [27] introduces an inductive bias of locality in
video Transformers, resulting in a better speed-accuracy trade-off
compared to previous approaches that compute self-attention glob-
ally, even with spatio-temporal factorization. We believe that such
a baseline not only provides a high-performance starting point but
also inspires participants to develop more innovative solutions.

Results. As shown in Table 3, both the Tiny and Small versions
(VSwinT-T & VSwinT-S) of the VSwinT benchmark achieve 58.88%
on the micro-action accuracy Acc-Topl metric, while the Acc-Top5
result is highest on the Large version at 90.25%. The evaluation
metrics for the combined evaluation of body-part and micro-action
labels are highest on the Small version at 65.64%. It is important
to note that in the experiments described above, the body-part
prediction results are derived from the affiliation of micro-action
prediction results for convenience. We encourage the participants
to generate the prediction results of body-parts and micro-actions
separately.

Analysis & Main challenges. The primary challenges of the MAR
task are as follows: 1) Subtle Changes in Movement. Micro-
actions refer to subtle and rapid muscle movements that occur



across various body parts, such as the head, hands, arms, legs, and
feet. Identifying and distinguishing between these subtle variations
in movement is a complex task. 2) Approximate inter-class dif-
ferences. Categorizing samples from the same body part under
distinct actions becomes complicated due to visual similarities. For
example, it can be difficult to differentiate between “looking up” and
“nodding” in a video clip. The former involves elevating the head,
while the latter is characterized by repeated upward and downward
head motions. 3) Data imbalance. As discussed in Section 3.3,
the problem of long-tailed distribution of data persists due to the
diversity of micro-actions and the difficulty in ignoring individual
differences.

5.2 Multi-label Micro-Action Detection

Baselines. To facilitate participants in the MMAD, we have released
the baseline code of MS-TCT [5], PointTAD [35], and AdaTAD [24],
which are utilized in multi-label normal action localization tasks.
MS-TCT designed a multi-scale temporal encoder to capture short-
and long-term information. PointTAD proposes an end-to-end
query-based action detector that utilizes learnable query points
to detect important frames for participating action instances, cap-
turing significant features of actions. AdaTAD employs a parameter-
efficient tuning mechanism by integrating temporal-informative
Adapter modules into the backbone, aiming to reduce training re-
source consumption while enhancing model performance.

Results. As shown in Table 5, we report the results of three base-
lines for the MMAD task, among which AdaTAD-B achieves rela-
tively high performance on Detection-mAP. Compared to the MAR
task results presented in Table 3, the detection accuracy of the
three baselines is significantly lower on the MMAD task, indicat-
ing that the MMAD task poses greater challenges. For the three
baselines, MS-TCT models both long-term and short-term action
dependencies. PointTAD leverages flexible learnable query points
and achieves action localization and distinction through end-to-end
training. AdaTAD uses VideoMAE as the backbone and introduces
parameter-efficient tuning to enhance the model’s performance on
the MMAD task while reducing resource consumption. Therefore,
we encourage participants to actively explore more reliable and
efficient methods to address the challenging MMAD task.

Analysis & Main challenges. The main challenges faced by the
MMAD task include: 1) Subtle Changes in Movement. 2) Dense
Action Labeling: Every frame of the video may contain multiple
action boundaries that require precise detection and labeling. 3)
Data imbalance as discussed in Section 3.3. 4) Difficulties in
Simultaneously Capturing Long-Term and Short-Term Tem-
poral Relationships: The distribution of micro-actions in the real
world can be challenging, as multiple actions may occur over dif-
ferent terms, and background information about the actions may
be limited. Understanding the long-term and short-term depen-
dencies between micro-actions is crucial for the model to make
accurate predictions. For example, actions like "stretching feet"
and "retracting feet" may exhibit strong temporal relationships,
requiring effective time modeling techniques to detect densely la-
beled actions. 5) A Significant Challenge: Capturing Action Co-
occurrence Relationships: Micro-actions not only have strong

relationships over different terms but may also exhibit strong ac-
tion co-occurrence relationships among different body-grained cat-
egories of micro-actions within the same term. For instance, hand
movements may often co-occur with facial expressions, so consid-
ering the co-occurrence relationships between actions could have
a positive impact on prediction performance.

5.3 Fine-grained Micro-Action Understanding

Baselines. We provide a strong MLLM baseline for Track 3 using
an open-source vision-language model, e.g., Qwen3-VL-8B. Follow-
ing MA-Bench, we extract visual inputs by uniformly sampling 8
frames from each video, corresponding to approximately 3 fps, to
preserve fine-grained temporal cues while maintaining computa-
tional efficiency. The sampled frames are then fed into the model,
which is prompted to answer questions in the required output
formats.

In addition, to enable participants to explore model adaptation,
we release MA-Bench-Train as training data. We report a fine-
tuned baseline by adapting the backbone on MA-Bench-Train with
parameter-efficient tuning methods (e.g., LoRA), which improves
both perceptual recognition and interpretive reasoning on subtle
micro-actions.

Results. Table 4 summarizes baseline performance. Overall, fine-
tuning on MA-Bench-Train brings clear improvements on both
Closed-AVG accuracy and Open-AVG reasoning scores, demon-
strating the effectiveness of structured micro-action captions for
enhancing fine-grained micro-action understanding.

Analysis & Main challenges. Track 3 poses additional challenges
beyond Track 1/2: 1) Fine-grained motion evidence ground-
ing. Models must capture subtle temporal changes and associate
them with explicit body parts and motion attributes. 2) Relational
reasoning under micro-action co-occurrence. Understanding
temporal ordering (MAS) and spatial proximity relations (PPR) is
difficult due to small motion amplitudes and short durations. 3) In-
terpretable open-ended reasoning. For MADU/MARE, models
need to generate faithful descriptions and reasoning steps, which
requires aligning vision perception with structured language gen-
eration.

6 CHALLENGE SCHEDULE & ORGANIZERS

6.1 Challenge History

The 1st Micro-Action Analysis Grand Challenge (MAC 2024)* [15]
is hosted at ACM MM 2024, Melbourne, Australia, and the 2nd
Micro-Action Analysis Grand Challenge (MAC 2025)3

In 2024, the achievements of this challenge are summarized as
follows:

(1) Large participants. This challenge attracted over 43 teams
from 37 research institutions worldwide, including pres-
tigious organizations such as the Max Planck Institute, Ts-
inghua University, Peking University, Zhejiang University,
Shanghai Jiaotong University, the Institute of Automation
at the Chinese Academy of Sciences, China Mobile, and

4MAC 2024 pages: https://sites.google.com/view/micro-action2024
SMAC 2025 pages: https://sites.google.com/view/micro-action2025
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https://sites.google.com/view/micro-action2025

Closed-ended
CMAR FMAR SAD MAD MAS PPR
Acc. Acc.  Acc.

Methods

Open-ended
MADU MARE
Acc. Acc. Acc. AVG L1 L2 L3 | L1 L2 L3 ‘AVG

Qwen3-VL-8B (zero-shot)

| 3223 37.11 56.10 53.69 47.94 54.74|46.97 [0.50 0.51 0.47]1.18 1.00 0.84]0.75

Qwen3-VL-8B + MA-Bench-Train (one-shot) | 47.90 32.60 60.30 59.65 50.00 53.60 |50.68|1.50 1.67 1.54|1.98 1.78 1.67 | 1.69

Table 4: Baseline results for Track 3 Fine-grained Micro-Action Understanding on MA-Bench. Closed-ended tasks are evaluated
by Accuracy (%), while open-ended tasks are evaluated by LLM-as-Judge scores (0-5). Open-AVG averages six level scores across

MADU and MARE.
Method Detection-mAP
@0.2 @0.5 @0.7 AVG
MS-TCT [5] 5.72 391 2.16 3.51
PointTAD [35] 9.46 3.79 1.02 451
AdaTAD-B [24] 28.31 19.25 9.69 17.64

Table 5: Baseline results for Multi-label Micro-Action Detec-
tion.

Unisound Al Technology Co., Ltd., highlighting the event’s
global appeal and significance in both academia and industry.
(2) Broader audience. This challenge garnered significant at-
tention, with more than 30 scholars attending in person, ac-
tively engaging with the presentations, exchanging insights,
and fostering discussions on cutting-edge advancements
in the field. Their participation not only underscored the
event’s impact and relevance but also facilitated meaningful
academic and industry collaborations, further amplifying
the challenge’s influence within the research community.
(3) Significant improvements. The champion of Track 1
(Micro-Action Recognition) is from the University of Science
and Technology of China, which developed an ensemble-
based method [19] built upon InterVideoV2 [40]. By incor-
porating hybrid loss functions, their approach improved the
top-1 action-level accuracy from 58.88% to 70.83%. The
champion of Track 2 (Micro-Action Detection) was a collab-
orative team from the University of Science and Technology
of China and Unisound AL They introduced a temporal infor-
mation aggregation method [45] based on VideoMAE [38],
which increased the mean average precision (mAP) from
17.64% to 27.27%. Although these methods have achieved
notable progress, the inherent challenges of micro-action
analysis, such as subtle motion variations and complex tem-
poral dependencies, indicate that there is still significant
room for further research and improvement in this field.

If this challenge continues to be approved, we firmly believe
it will have an even greater impact on the research community.
With strong global participation, active scholarly engagement, and
significant technical advancements, it has already proven its value
in fostering innovation. Future editions can further drive progress
in micro-action analysis, inspiring new methodologies and break-
throughs for both academia and industry.

6.2 Challenge Schedule

When setting up the Challenge schedule, we take into account the
participants’ schedules, the complexity of the challenge tasks, and
the rationalization of the timeline.

o April 30, 2026. Data, baseline paper, and code are available.
e July 1, 2026. Evaluation datasets release.

e July 8, 2026. Results submission deadline.

e July 15, 2026. Paper submission deadline.

e July 30, 2026. Paper acceptance notification.

e August 6, 2026. Deadline for camera-ready papers.

Practically, we will work closely with the ACM Multimedia Con-
ference organizers to make reasonable adjustments to the above
schedule, if needed, based on the actual progress of the Challenge.
Additional participant notes are provided in the “Evaluation” sec-
tion of the MAC website®. If participants have any questions, they
are welcome to contact us via the email address listed on the web-
site.

6.3 Challenge Organizers

MAC 2026 is organized by senior researchers specializing in human
affective computing and multimedia computing. The organizers are
made up of experienced members from around the world who have
organized several challenges in the past few years. All organizers
will be responsible for coordinating, publicizing, reviewing, and
judging the challenge submissions, as described in the proposal.
For example, Prof. Dan Guo has led initiatives such as an ACM
TOMM special issue and the 1st micro-action analysis grand chal-
lenge at ACM MM 2024 and the 2nd micro-action analysis grand
challenge at ACM MM 2025. Prof. Xiaobai Li has successfully orga-
nized Challenge RePSS [20], FME [7], MEGC’23 [8] MEGC’24 [32]
in the multimedia community. Prof. Guoying Zhao has successfully
organized MuSe 2021 [4], FME [7], MRAC’23 [21], MER 2023 [22].
Prof. Meng Wang has chaired lots of related topics and has been
highly influential in the field of multimedia computing and affective
computing.

e Dan Guo (Senior Member, IEEE) (https://scholar.google.
com/citations?user=DSEONuMAAAAYJ) is a Professor with
the School of Computer Science and Information Engineer-
ing, Hefei University of Technology, China. Her research in-
terests include visual sentiment analysis, micro-action analy-
sis, and body language understanding. She has published 43
papers including top-tier journals and conferences such as

®MAC pages: https://sites.google.com/view/micro-action
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TPAMI, TIP, TMM, CVPR, ACM MM, AAAI IJCAIL, ACM SI-
GIR, ECCV. She regularly serves as a PC Member for top-tier
conferences and prestigious journals in multimedia and arti-
ficial intelligence, like ACM Multimedia, I[JCAI, AAAI, CVPR,
and ECCV. Organization experiences: She also serves as
an SPC Member for I[JCAI 2021, and Area Chair for ACM
MM 2024. She has organized special issue of “Deep Learning
for Robust Human Body Language Understanding” on ACM
TOMM, and the special issue of “Trustworthy Cross-Modal
Reasoning for Video-Language Understanding” on the CVIU
journal.

Xiaobai Li (Senior Member, IEEE) (https://scholar.google.
com/citations?user=JTFfexYAAAA]) is a ZJU100 professor at
the College of Computer Science and Technology, Zhejiang
University, China. She also works as an adjunct professor at
the Center for Machine Vision and Signal Analysis (CMVS),
University of Oulu, Finland. She received her Ph.D. from
CMVS in 2017 and was funded by the Academy of Finland
postdoc position in 2019. She worked as a tenure track assis-
tant professor at CMVS from 2020 to 2022. Her research fo-
cuses on analyzing subtle information from facial videos, in-
cluding micro-expression analysis, remote physiological sig-
nals measurement, and related applications. Organization
experiences: Dr. Xiaobai Li has organized multiple compe-
titions and other academic activities, e.g., the 1st RePSS with
CVPR 2020, the 2nd RePSS with ICCV 2021, the 3rd RePSS
with IJCAI 2024, the 3rd facial micro-expressions grand chal-
lenge (MEGC) with FG 2020, the 4th to the 7th MEGC with
ACM MM 2021 to ACM MM 2024.

Kun Li (Member, IEEE) (https://scholar.google.com/
citations?user=UQ_bInoAAAA]J) is a Postdoctoral Fellow at
the United Arab Emirates University, United Arab Emirates.
He received his Ph.D. degree from Hefei University of
Technology, China, in 2023. He regularly serves as a PC
Member for top-tier conferences and prestigious journals
in multimedia and artificial intelligence, like ICLR, CVPR,
ECCV, ACM Multimedia, and AAAIL He won 9 times
championships in top-tier conference challenges, such as
Micro-Gesture Recognition in MiGA at IJCAI 2023, 2024
and 2025. Organization experiences: He serves as Area
Chair for IJCNN 2025, and as a Program Committee member
for CVPR, ECCV, ICCV, ICLR, and ACM Multimedia. He
also organized the 1st Micro-Action Grand Challenge at
ACM Multimedia 2024 as the lead Data Chair, the 2nd
Micro-Action Grand Challenge at ACM Multimedia 2025
as the organizer, and MultiMediate 2025 as the Program
Committee.

Haoyu Chen (Member, IEEE) (https://scholar.google.com/
citations?user=QgbraMIAAAA]) is a Tenure-track Assistant
Professor at CMVS, University of Oulu, Finland. He received
his Ph.D. from CMVS, University of Oulu in 2022, and was a
Postdoctoral Researcher with University of Oulu, CMVS. His
current research interests include Emotion Al and human
behaviour understanding. His publications are including top-
tier journals and conferences, such as NeurIPS, AAAI CVPR,
ICCV, TIP, JCV, etc. He won the *The second prize of IEEE
Finland Jt. Chapter SP/CAS Best Paper Award’ in 2022. He

won the 2nd Place on Action Recognition Track of ECCV
2020 VIPriors Challenges. Organization experiences: As-
sist. Prof. Haoyu Chen has organized the 1st MiGA workshop
& challenge on IJCAI 2023, serving as the leading data chair.
He also organized the 2nd and 3rd MiGA workshop & chal-
lenge on IJCAI 2024 and IJCAI 2025, and 1st to 2nd MAC on
ACM MM 2024 and ACM MM 2025.

Guoying Zhao (IEEE, IAPR, AAIA Fellow, Member of
Academia Europaea) (https://scholar.google.com/citations?
user=hzywrFMAAAAY]) is currently an Academy Professor
with the Academy of Finland and (tenured) full professor
with the CMVS, University of Oulu, Finland. She received
a Ph.D. degree in computer science from the Chinese Acad-
emy of Sciences in 2005 and then joined the University of
Oulu as a senior researcher. Her research interests include
image and video descriptors, facial expression and micro-
expression recognition, emotional gesture analysis, affec-
tive computing, and biometrics. Organization experiences:
Prof. Zhao is general co-chair of ICIPMC 2022, ICBEA 2020,
2019, panel chair for FG 2023, program co-chair for ACM
International Conference on Multimodal Interaction (ICMI
2021), co-publicity chair for FG2018 and Late Breaking Re-
sults Co-Chairs of ICMI 2019. She has co-organized 20 in-
ternational workshops/special sessions with CVPR, ICCV,
ECCV, JJCAL, etc. regarding topics covering computer vision,
machine learning, affective computing, and psychology. For
example: “Multimodal Sentiment Analysis in Real-life Me-
dia Challenge and Workshop” with ACM Multimedia 2021;
“CEFRL: Compact and Efficient Feature Representation and
Learning in Computer Vision” with ICCV 2017.

Meng Wang (IEEE, IAPR Fellow) (https://scholar.google.
com/citations?user=rHagaalAAAA]) is a Professor with the
School of Computer Science and Information Engineering,
Hefei University of Technology, China. He received his Ph.D.
from University of Science and Technology of China in 2008.
His current research interests include multimedia content
analysis, computer vision, and pattern recognition. He is an
Associate Editor of IEEE TPAMI, IEEE TKDE, IEEE TCSVT,
and the IEEE TNNLS. He published 600+ papers (G-scholar
H-index 98, citation 37000+) in journals and conferences. He
was a recipient of the ACM SIGMM Rising Star Award 2014.
He received multiple Best Paper Awards, such as the Best
Paper Award from ACM MM 2009, ACM MM 2010, MMM
2010, and ICIMCS 2012, the Best Deom Award from ACM
MM 2012, and the Best Student Paper Award from ICDM
2014. Organization experiences: Prof. Wang has organized
several academic conferences, such as the General Co-Chair
of ICMR 2021, PCM 2018 and MMM 2013, and the Program
Co-Chair of ICIMCS 2013.

All organizers will collaborate with ACM Multimedia Confer-
ence Organizers to promote this Grand Challenge and encourage
researcher participation.
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7 CONCLUSION & FUTURE CHALLENGES

We introduce MAC 2026, the third edition of our grand challenge
on human whole-body micro-action recognition and multi-label ac-
tion detection under well-defined conditions, and present baseline
approaches for each track. Building on the progress from previ-
ous years, MAC 2026 further emphasizes fine-grained micro-action
analysis driven by multimodal large models (MLLMs), aiming to
exploit their powerful cross-modal representation and reasoning
capabilities. To foster continued development in this direction, we
are collecting and annotating new emotion labels and audio de-
scriptions based on the interview videos. With these extended re-
sources, we aim to more deeply investigate the relationship between
micro-actions and human emotional states, and to leverage audio
information as a key cue connecting them. Looking ahead, we will
continue to release more human-centered tasks in future editions
of the challenge, such as micro-action-based emotion recognition
and joint audio-video understanding for both micro-action recog-
nition and emotion recognition, ultimately advancing the study of
micro-actions in relation to intrinsic emotions and personality.

A COMMITMENT

We commit to establishing and maintaining a dedicated website for
our Grand Challenge for a minimum of three years. This site will
host essential information, including challenge goals, participation
guidelines, datasets, and task details. Regular updates will ensure
access to the latest information and resources, fostering community
engagement and collaboration.
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