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Abstract

Micro-Action Recognition (MAR) has gained increasing at-
tention due to its crucial role as a form of non-verbal com-
munication in social interactions, with promising potential
for applications in human communication and emotion analy-
sis. However, current approaches often overlook the inherent
ambiguity in micro-actions, which arises from the wide cate-
gory range and subtle visual differences between categories.
This oversight hampers the accuracy of micro-action recogni-
tion. In this paper, we propose a novel Prototypical Calibrat-
ing Ambiguous Network (PCAN) to unleash and mitigate the
ambiguity of MAR. Firstly, we employ a hierarchical action-
tree to identify the ambiguous sample, categorizing them into
distinct sets of ambiguous samples of false negatives and false
positives, considering both body- and action-level categories.
Secondly, we implement an ambiguous contrastive refine-
ment module to calibrate these ambiguous samples by regu-
lating the distance between ambiguous samples and their cor-
responding prototypes. This calibration process aims to pull
false negative (FN) samples closer to their respective proto-
types and push false positive (FP) samples apart from their
affiliated prototypes. In addition, we propose a new prototyp-
ical diversity amplification loss to strengthen the model’s ca-
pacity by amplifying the differences between different proto-
types. Finally, we propose a prototype-guided rectification to
rectify prediction by incorporating the representability of pro-
totypes. Extensive experiments conducted on the benchmark
dataset demonstrate the superior performance of our method
compared to existing approaches.

1 Introduction

Human body actions are an important form of non-verbal
communication in social interactions (Aviezer, Trope, and
Todorov 2012). In recent years, there has been increasing in-
terest in human-centric action understanding (Balazia et al.
2022; Liu et al. 2021; Chen et al. 2023; Guo et al. 2024a;
Li et al. 2023b, 2024b). For instance, body language in nat-
uralistic multiview group conversations influences percep-
tions of leadership and relationships during social interac-
tions (Balazia et al. 2022; Li et al. 2023a). Micro-Action
(MA), as a subset, has emerged as a significant research area
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Figure 1: TOP: Micro-Action Recognition (MAR) aims to
recognize the body-level and action-level micro-action cat-
egories, particularly when dealing with ambiguous samples.
For example, “touching shoulder” and “touching neck” be-
long to the “body-hand” but exhibit subtle visual differences.
BOTTOM: Our approach is motivated by the need to ad-
dress ambiguities in MAR. We begin by identifying am-
biguous samples (marked in X) that are prone to misclas-
sification. Subsequently, we construct prototypes for each
category within the body and action levels, and then align
the ambiguous samples with the corresponding prototypes
within the feature space. Please Zoom in for details.

due to its potential applications in human-to-human commu-
nication and analyzing human emotional states (Liu et al.
2021; Chen et al. 2023; Guo et al. 20244a,b; Li et al. 2024a).

As body language is an essential part of understanding hu-
man emotions according to psychological studies (Shiffrar,
Kaiser, and Chouchourelou 2011; Aviezer, Trope, and
Todorov 2012), iMiGUE (Liu et al. 2021) and SMG (Chen
et al. 2023) explored spontaneous micro-gestures in upper
limbs driven by a person’s inner feelings, revealing the deep
emotional states hidden behind the subtle actions. To bet-
ter analyze and understand the spontaneous micro-actions,
whole-body movement, and fine-grained action labels are



crucial. Therefore, (Guo et al. 2024a) collected a large-
scale spontaneous whole-body micro-actions dataset that in-
cludes the head, hands, and upper and lower limbs, using
face-to-face psychological interviews way. This work ex-
tends micro-action from the upper limb to the whole body
and builds coarse-to-grained action understanding, bench-
marking the datasets, and bringing challenges for human-
centric micro-action understanding and analysis. Compared
to generic action recognition (Lin, Gan, and Han 2019; Fe-
ichtenhofer et al. 2019; Liu et al. 2025; Mou et al. 2024)
and skeleton-based action recognition (Wang and Koniusz
2023; Zhu et al. 2022; Hao et al. 2021), micro-actions en-
compass a multitude of approximate intricate samples, ex-
tending across various body regions.

As shown in Fig. 1, MAR aims to recognize categories
at the body-level and the action-level. Body-level category
denotes the body part of micro-action occurring, such as
body, body-hand, and leg-hand. Action-level category de-
notes the exact name of micro-actions. Intuitively, body-
level and action-level categories enjoy the nature of hierar-
chy. The actions of “touching shoulder” and “touching neck”
are very similar, both involving hand movement around the
upper body. However, current methods typically overlook
the inherent ambiguity in micro-actions. To reduce the am-
biguity in MAR, one solution is to build prototypes that rep-
resent the features of each category. However, most of the
existing works on few-shot (Zhu et al. 2021; Wang et al.
2024) or egocentric action recognition (Wang et al. 2021;
Dai et al. 2023) and can not be directly applied to tackle the
challenges associated with action ambiguity in MAR.

To address the challenges of ambiguity of micro-actions,
we propose a Prototypical Calibrating Ambiguous Network
(PCAN). As shown in Fig 2, PCAN contains the follow-
ing designs: 1) Ambiguous Samples Identification (§3.2).
Guided by preliminary predicted scores from the backbone
model, we initially identify ambiguous samples at body-
level and action-level. Concurrently, we mine confidence
samples - those correctly classified based on the predicted
scores - to capture the fundamental essence and overar-
ching characteristics of action, ensuring the integrity of
the prototypes. 2) Ambiguous Samples Contrastive Cali-
bration (§3.3). The identified ambiguous samples are fur-
ther categorized into false negative (IFN) and false posi-
tive (FP). We then apply contrastive refinement to enhance
the representability of prototypes by pulling FN samples
closer to their corresponding prototypes and pushing FIP
samples away. Additionally, we amplify the differences be-
tween distinct prototypes to strengthen the model’s ability
to understand inter-class differences. 3) Prototype-guided
Rectification (§3.4). Considering that prototypes represent
the intrinsic characteristics of each category, we propose a
prototype-guided prediction rectification module. By evalu-
ating the similarities between input samples and prototypes,
this module refines the model’s classification outcomes for
MAR. Overall, our contributions are summarized as follows.

* We attempt to address the ambiguity of micro-actions
with prototype learning, wherein prototypes serve as ef-
fective representations for discerning micro-actions, pro-
viding a compact representation for each category.
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* We build a prototype-guided rectification approach is im-
plemented to enhance model prediction performance. By
evaluating dissimilarities between input samples and pro-
totypes corresponding to different categories, prediction
outcomes are rectified.

» Extensive experiments conducted on the public micro-
action dataset, MA-52, validate the effectiveness of the
proposed method. Comparative analysis highlights the
effectiveness of the prototypical calibrating ambiguous
network in micro-action recognition.

2 Related Work

Micro-Action Recognition Micro-Actions (Guo et al.
2024a) refer to subtle and rapid movements that occur across
various body parts (Liu et al. 2021; Chen et al. 2023; Liu
et al. 2024). Existing researches primarily adopt the generic
action recognition methods (e.g., 2D CNN based (Lin,
Gan, and Han 2019), 3D CNN based (Tran et al. 2015),
GCN-based (Yan, Xiong, and Lin 2018), and Transformer-
based (Liu et al. 2022)) to realize micro-action recognition.
However, addressing the challenges of subtle differences
and high similarity remains difficult with generic action
recognition methods. Effectively capturing micro-actions
demands in-depth understanding and specialized modeling.
We conduct experiments on the first human-centered whole-
body micro-action dataset named MA-52 (Guo et al. 2024a).
It stands out for its extensive range of micro-action cat-
egories and abundant samples, encompassing both similar
and distinct micro-action categories.

Prototype Learning for Action Recognition Prototype
learning aims to obtain representative feature representa-
tion, and has demonstrated substantial potential in address-
ing the challenges of few-shot scenarios (Zhu et al. 2021;
Wang et al. 2024), egocentric perspectives (Wang et al.
2021; Dai et al. 2023), and early action prediction in ac-
tion recognition (Camporese et al. 2023). However, in the
domain of micro-action recognition, action ambiguity re-
mains a significant challenge due to the subtle differences
between actions, which can lead to misclassification. Previ-
ous prototype learning methods can partially mitigate this is-
sue by creating more discriminative and representative pro-
totypes. Despite these advancements, they do not fully re-
solve the challenges associated with action ambiguity in
micro-actions. In this work, we separate the ambiguous sam-
ples into sets of false positives and false negatives with the
guidance of prototype learning and calibrate these ambigu-
ous samples according to the prototypical distance measure-
ment with their affiliated prototypes.

Ambiguous/Hard Sample Learning The ambiguous sam-
ples are difficult to classify or distinguish clearly due to fac-
tors such as similar actions, occlusion, variety, or data qual-
ity issues (Xia et al. 2023). In recent years, effectively dis-
tinguishing ambiguous samples has proven a difficult chal-
lenge (Li et al. 2020, 2021; Zhou, Liu, and Wang 2023). For
example, (Zhou, Liu, and Wang 2023) utilized prototypical
contrastive learning to constrain the distance between confi-
dent samples and ambiguous samples to improve the recog-
nition of ambiguous actions that are quite similar and easily
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Figure 2: The overview of Prototypical Calibrating Ambiguous Network (PCAN). In Ambiguous Samples Identification
(§3.2), we discover ambiguous samples (FN and FP) through the preliminary prediction scores. In Ambiguous Samples Con-
trastive Calibration (§3.3), we use contrastive prototype calibration and prototype diversity amplification losses to calibrate
the prototypes and eliminate the influence of ambiguous samples. In Prototype-guided Rectification (§3.4), we incorporate
the similarity between established prototypes and video embedding for action-level category prediction.

misclassified. However, all of the above methods only con-
sider prototypes at a certain grain and lack consideration of
cascade coarse- and fine-grained label categories. We pro-
pose cascade prototypes that work to discover and calibrate
ambiguous samples between these micro-actions in order to
reduce the category ambiguity between them.

3 Methodology
3.1 Preliminary and Core Idea

Preliminary. Give a video V, the Micro-Action Recog-
nition (MAR) task (Guo et al. 2024a) predicts the micro-
action categories at body-level Vyoqy € {1,2,..., Np} and
at action-level Yyt € {1,2,...,Na}, where Np and Ny
denotes the number of body and action categories, respec-
tively. PoseConv3D (Duan et al. 2022) is a novel framework
for RGB-Pose dual-modality action recognition. Concretely,
the input RGB data D p and skeleton data Dp,,. are fed
to separate 3D-CNN based encoder £ and Ep to extract
the feature. After that, the predictions of the RGB/Pose are
combined through late fusion to compute class scores for
action recognition. In this work, we conduct experiments on
PoseConv3D to validate the motivation to remove ambiguity
in MAR. Considering that RGB and Pose are parallel oper-
ations, we take the RGB branch as an example to elaborate.

Core Idea. In this study, we argue that the misclassifica-
tion in MAR primarily arises from the inherent ambiguity in
subtle differences among action-level categories. To address
this, we first identify the ambiguous samples at the body and
action levels, which are based on the preliminary classifica-
tion results. Simultaneously, we mine the confidence sam-
ples to build body- and action-level prototypes. Then, we uti-
lize a hierarchical contrastive calibration mechanism to re-
duce ambiguity by regulating the distance between ambigu-
ous samples and their corresponding prototypes. Finally, we
leverage the representability of the prototype to perform
prototype-guided rectification for action-level classification.
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3.2 Ambiguous Samples Identification

Action-tree Hierarchy Modeling. In micro-action recog-
nition, the categories at the body level and action level nat-
urally follow a hierarchical structure. Namely, the Micro-
Action existing “body—<action” structural feature, namely,
each action-level category belongs to a specific primary
body-level category. For instance, MA “B1: nodding” has
a corresponding body label “B: head”. Inspired by this, we
propose a hierarchical action-tree structure to model the re-
lation between body- and action-level categories. Let F; €
R? be the learned feature from the backbone of a sample
¢ and two classifiers CLSg(-) and CLS 4(+) to predict the
probability of action-level and body-level category of F;. To
inject the hierarchy structure into action prediction, we build
the hierarchical action probability ¢ :

g7 =X-CLSE(F;,) ®CLSA(F;)) =A- g ®qa, (1)

where ) is a hyper-parameter that is optimally set to 1 and
discussed in §4.3, and & is the operation to incorporate the
body- and action-level probabilities. gg and ¢4 denote the
body-level and action-level probability, respectively. To op-
timize ¢, we define a hierarchical probabilistic loss Ly p to
maximize the marginal probability of action-grained predic-
tions by aggregating the structural information of the rele-
vant labels defined as described in the action-tree:

exp(q5T)
Np+N N
dim1 exp(qy)
where ¢§7 is the probability score corresponding to the in-

dex of ground truth of the action-level label. Note that ¢ is
only used in loss Ly p.

2)

Lyp = —log

Ambiguous Samples. As stated in §1, the ambiguity of
micro-actions is caused by the minor differences in action-
level, which will hinder the model from achieving optimal
results. Based on the classification results from classifiers
CLSp and CLS 4, we can identify the ambiguous samples.
(i) Ambiguous Samples - FN set. In the classification task,



FN (False Negative) refers to instances where the model in-
correctly predicts the negative class when the true class is
positive. If we merely consider the body-grained, instances
of body misclassified as other categories are termed as false
negatives (FNp). We also can consider both body- and
action-level predictions. If body-level is correct but action-
level is wrong, it is denoted as FN 45 ; if both body-level and
action-level are wrong, it is denoted as FN 4o; if body-level
is wrong but action-level is correct, it is denoted as FN 43.
(ii) Ambiguous Samples - FP set. In action-level, if sam-
ples from other categories are mistakenly classified as the
current category, they are labeled as FIP 4 samples. This split
is evaluated solely at the action-grained level. Instances from
other categories misclassified as the referred body-grained
category are referred to as false positives (FPPg). Please note
that the identification of ambiguous samples occurs online
during training, and we built ambiguous sample sets for both
body-level and action-level categories.

Hierarchical Prototype Initialization. Considering the
two-level category in MAR, we define the body-level pro-
totypes as Pg = {p1,p2,...,Pny}, and the action-level
prototypes as P4 = {p1,p2,...,pn,}. P € RVeXd and
P, ¢ RVaxd gerve as the stable estimate of the clustering
center for each micro-action category. Initially, these proto-
types are randomly initialized and then optimized through-
out the training process. In prototype learning, correctly pre-
dicted samples capture the fundamental essence and overar-
ching characteristics of an action. These samples are consid-
ered confident samples. The body-level confident sample set
is defined as TP for samples that correctly predicted their
body-level labels. Considering the ambiguity of action-level,
the samples predicted at both body-level and action-level are
called confident sample sets, denoted as TP 4. Thus, we have
Qrp = {TPp, TP 4}, which represents two kinds of confi-
dent samples in the body- and action-level prototypes.

Online Prototype Update. Since the confidence samples
(Q7p) usually have better intra-class consistency, we use it
to update the prototype representation of the corresponding
category k by exponential moving average (EMA) (Ye et al.
2019; Wu et al. 2018; Wang et al. 2022):

1 re
pe=0=p) 5 D Fito o}
TP ;cqk

TP

3

where F; is the feature of i-th sample, p?"“ is the prototype

before updating, N, is the size of TP sample set Q7 p un-
der category k, and p is a momentum term and empirically
set to 0.9 as in (Zhou, Liu, and Wang 2023).

3.3 Ambiguous Samples Contrastive Calibration

Through the above operations, we obtained ambiguous sam-
ples and prototypes. However, the ambiguous samples and
prototypes are misaligned in the feature space due to the
ambiguity of micro-actions. To address this issue, we uti-
lize a contrastive prototype loss (Zhou, Liu, and Wang 2023;
Wang et al. 2022) to regulate the distance between ambigu-
ous samples and their prototypes. Concretely, we aim for FIP
samples to be distant from the misassigned prototype and
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for FN samples to be close to the correct prototype. Here,
we use the action-level prototype and ambiguous samples as
examples to detail the contrastive calibration. The approach
of action-level calibration is analogous.

Prototypical Contrastive Calibration For the ambiguous
sample sets Qp (FN samples) and Qpp (FP samples), we
first estimate their mean values as the center representations
in the feature space:

X 1
e 5 B b
w

icQhy

where k is action category, w denotes the type of ambigu-
ous samples in the FN set Qpy = {FN41,FNg5, FN 45}
defined in §3.2. N* and N% are the sizes of sample sets
Q]}ﬁ and Q. , under category k, respectively.

(i) Ambiguous Samples - FN set. The auxiliary term v;

is used to calibrate the model’s predictions for true action
categories as,

1 —dis(Fy,pk), if NE>0andi € Q5
o, otherwise,

where dis(,) denotes the cosine distance between two fea-
tures. This operation brings the ambiguous samples closer to
the confidence samples (i.e., prototypes) in the feature space.
This adjustment helps rectify the predicted logits of the am-
biguous samples, aligning them more closely with the cor-
rect action categories. By minimizing v, the model more
accurately identifies the ambiguous samples, as a smaller
value indicates that the ambiguous samples are in closer
proximity to the prototypes. (ii) Ambiguous Samples - FP
set. For ambiguous samples FP in set Q2pp, we define the
auxiliary term W, which serves to adjust the predictions for
non-true action categories as,

o-|

where U¥ is the penalty term for sample sets in {2 p, which
can keep the ambiguous samples in {2 p away from the con-
fidence samples in the feature space. By minimizing ¥, the
distance between ambiguous samples and prototypes can be
increased, thus mitigating the risk of the model incorrectly
classifying ambiguous samples as action category k.

In order to keep false positive (FP in Qrp) samples dis-
tant from prototype and false negative (FN in ) samples
close to the prototype, we define a matrix Z¢ to represent the

distance between the ambiguous samples and their prototype
as follows:
ifi € Qpp,

{ Z7 =7 -dis(Fi,pr) — (1 — qi)Vy,
(7

27" =7 dis(Fi,pr) — (1 - qi) Vs,
where p; denotes the prototype feature of action k, 7 is a
hyper-parameter and is set to 0.125, ¢;;, is the probability of
sample ¢ in micro-action k. Thus, the prototype contrastive

(s (&)

1+ dis(F;, pkp),if NEp > 0andi € Ok p;
0, otherwise,

(6)



calibration loss £ pc ¢ is formulated as follows:

w
i

ﬁPCC == Z 10g z dis(F; T
zeﬂ“’ e“i + Z e i>DL)
ZFP (8)
E log i
ZFP dis(F;,p;)-1°
JEQrP + Z k€ (Fips)

where w € {FN41,FN 5, FN43} denotes the type of am-
biguous samples in 2z defined in Sec. 3.2. We employ
a1, g, and «g as the weights to balance the set of {2, and
discussed in §4.3.

Prototypical Diversity Amplification As stated in §1, the
ambiguity is caused by the high similarity of action-level
categories under the same body part. For instance, head
movements like “head up” and “nodding” enjoy similar mo-
tion patterns, leading to difficulty in differentiation. To mit-
igate the influence of high similarity among different cate-
gories, a prototypical diversity amplification is designed to
amplify the diversity among different categories:

Na Na

2 oo

Jj=11i=1

©))

Lppa =
| pi |||| Pg I’

where p; and p; stand for action-level prototypes.

3.4 Prototype-guided Rectification

In the previous section, we established prototypes for each
category, providing a clear reference that represents the in-
trinsic characteristics of different categories. Building on
this, we propose a prototype-guided rectification module
that rectifies prediction results by analyzing the cosine simi-
larity between input samples and established prototypes. By
comparing the cosine similarity between prototypes and out-
put features, we can capture subtle differences missed in the
initial prediction. This adjustment refines the final predic-
tion, improving both accuracy and reliability. The final pre-
diction probability of sample F; is as follows:

Foct,i = WiF; + by + - dis(WaF; + by, Py), (10)

Yneti = aTE max(SoftMax(Fuerq)), (11)

YEVact
where W, € R™Na and W, € R™N4 are two learn-
able matrices to transform the embedding F;. b; and b, are
two biases. P4 is the prototypes of action-level categories.
~ serves as a balancing weight. For body-level probability
Yio dy,i» We adopt a body-level classifier to predict it.

3.5 Model Optimization

We use the cross-entropy loss as the basic objective for the
micro-action recognition task, denoted as Lo g. Consider-
ing that PCAN is RGB-Pose dual-modality based, we im-
plement losses Lo g, Lgp, Lpcc and Lpp 4 in both RGB
and Pose. Finally, the total loss is formulated as follows:

L=Lcg+Luyp+ Lpcc+BLPDA, (12)

where [ is the balance hyperparameters for the loss term.
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Body Action Body Action All
Method Top-1|Top-1 Top-5|Fluacro Fluniero|Flmacro Flmiero|Flmean
TSN [CVPR'18] 59.22134.46 73.34| 52.50 59.22 28.52 34.46 | 43.67
TIN [AAAT20] 73.26|52.81 85.37| 66.99 7326 | 39.82 52.81 | 5822
TSM [CVPR'18] 77.64|56.75 87.47| 70.98 77.64 | 40.19 56.75 | 61.39
MANet [TCSVT 24| 78.95|61.33 88.83| 72.87 78.95 49.22  61.33 | 65.59
C3D [CVPR'14] 74.04152.22 86.97| 66.60 74.04 | 40.86 52.22 | 58.43
I3D [CVPR’17] 78.16|57.07 88.67| 71.56 78.16 | 39.84 57.07 | 61.66
SlowFast [ICCV'19] 77.18159.60 88.54| 70.61 77.18 4496  59.60 | 63.09
VSwinT [CVPR 22] 77.95|57.23 87.99| 71.25 77.95 38.53 57.23 | 61.24
TimesFormer [ICML'21]|69.17|40.67 82.67| 6190 69.17 3438 40.67 | 51.53
Uniformer [ICLR 22| 79.03|58.89 87.29| 71.80 79.03 | 48.01 58.89 | 64.43
STGCN [CVPR’18] 69.87149.61 79.54| 61.53 69.87 34.64 49.61 | 53.91
2s-AGCN [CVPR’19] 70.07 |49.48 78.27| 61.30 70.07 34.64 49.48 | 53.87
CTRGCN [ICCV'21] 72.06|52.61 81.22| 63.46 72.06 37.79 5261 56.48
B2C-AFM [TIP 24] 78.34|57.12 88.45| 72.53 7834 | 44.12 57.12 | 63.03
PoseConv3D (RGB) 77.77|56.30 86.11| 69.87 77.77 35.80 56.30 | 59.93
PoseConv3D (Pose) 74.60/50.93 84.98| 67.31 74.60 31.07 5093 | 55.98
PoseConv3D [CVPR'22][80.95[63.52 90.23| 74.96 80.95 | 47.20 63.52 | 66.66
Ours (RGB) 79.36|60.03 87.65| 72.37 79.36 | 4329 60.03 | 63.76
Ours (Pose) 76.99|56.51 87.13| 71.33  76.99 4228 56.51 | 61.78
Ours 82.30/66.74 91.75| 77.02 82.30 | 53.83 66.74 | 69.97

Table 1: Performance comparison of micro-action recogni-
tion on the MA-52 dataset. Top-1/5 are Top-1/5 accuracy.

4 Experiments
4.1 Experimental Setup

Micro-Action Dataset. MA-52 (Guo et al. 2024a)
is a large-scale human-centered whole-body micro-action
dataset that takes an interview format to record uncon-
scious human micro-action behaviors. It contains micro-
actions in the whole body, including the body, head, up-
per, and lower limbs. The dataset contains 22,422 (22.4K)
videos interviewed from 205 participants with annotations
categorized into two levels: 7 body-level and 52 action-level
micro-action categories, making it a large-scale dataset of
the largest samples and micro-action categories that we are
aware of to date. The dataset consists of 11,250, 5,586, and
5,586 instances in training/validation/test, respectively.
Evaluation Metrics. Following the practice (Guo et al.
2024a,b), we adopt the metrics of Top-1/-5 accuracy and
macro and micro F1 scores of body and action levels to eval-
uate the performance of the proposed model. F1,,¢,,, is used
as a general evaluation metric, and its formula is as follows:
Flmean — (Flbody _|_F1b0d) +F1acnon+F1actton)/4.

macro micro macro micro

13)

Implementation Details. For each video, each frame is re-
sized into 224 x 224. For model training, we adopt the SGD
optimizer with a learning rate of 0.0075, a momentum of 0.9,
a weight decay of le-4, and a batch size of 10. The learning
rate is reduced by a factor of 10 at the 15th and 30th epochs,
and the model is trained with 40 epochs. In Eq. 10, we set
v = 1 for the RGB branch and v = 5 for the Pose branch.
In Eq. 12, we set 8 = 5 for the RGB branch and § = 5 for
the Pose branch.

4.2 Comparison with the State-Of-The-Art

As depicted in Tab. 1, we compare our method with classi-
cal methods in 5 groups, namely, 1) 2D CNN based (i.e.,
TSN (2018), TIN (2020), TSM (2019) and MANet (2024a)),
2) 3D CNN based (i.e., C3D (2015), I3D (2017) and Slow-
Fast (2019)), 3) Transformer-based (i.e., VSwinT (2022),

"https://github.com/VUT-HFUT/Micro- Action



Body Action Body Action All
TOp—l TOp- 1 TOP'S Fliacro Flmicro | Flimacro  Flmicro | Flmean
0 | 81.76 | 66.34 91.80 | 76.26 81.76 52.69 66.34 | 69.26
0.1]81.99|6627 91.14| 76.65 81.99 52.28 66.27 | 69.30
10 | 81.95 | 66.29 91.48 | 76.69 81.95 51.82 66.29 | 69.19
1 8230|6674 91.75| 77.02 8230 | 5383 66.74 | 69.97

Table 2: Ablation for A in £ p on the MA-52 dataset.

o s Body Action Body Action All

1 %2 ™ Top-1|Top-1 Top-5|Flmacro Flmicro|Flmacro Flmicro|Flmean
T 1 1 [82.04[66.41 91.64| 7659 82.04 | 53.44 66.61 | 69.67
1 0.1 0.181.90|66.47 91.51| 76.09 81.90 | 52.79 6647 | 69.31
0.1 1 0.5(81.92]66.13 91.60| 76.31 81.92 52.49  66.13 | 69.21
1 0.5 1 |81.83/66.06 91.34| 75.89 81.83 52.23 66.06 | 69.00
1 0.1 0.5(82.01|66.67 91.48| 76.32 8201 | 53.00 66.67 | 69.50
1 0.5 0.1/82.30|66.74 91.75| 77.02 8230 | 53.83 66.74 | 69.97

Table 3: Ablation results for different weights of ambiguous
sample sets on the MA-52 dataset. a1, as and g are weights
for FN 41, FN 4o and FN 43, respectively.

TimesFormer (2021) and Uniformer (2023c)), 4)
GCN based (STGCN (2018), 2s-AGCN (2019) and
CTRGCN (2021)), and 5) Dual-modality based (B2C-
AFM (2023) and PoseConv3D (2022)). In 2D CNN based
methods, MANet achieves 65.59% on F1,,c,,, While the
CTRGCN (Chen et al. 2021) in GCN-based methods only
achieves 56.48%, which is 9.11% lower than MANet.
This is due to the fact that skeleton information is more
susceptible to the quality of key points obtained by the pose
estimator, and micro-actions usually have short durations
and low action amplitudes, which leads to the difficulty in
improving the performance of the GCN-based methods. On
the action-level F1 ;.. metric, PoseConv3D (RGB) and
PoseConv3D (Pose) achieve 56.30% and 50.93%, and the
performance can reach 63.52% with two-modality fusion.
Whereas our method achieves 60.03% and 56.51% for RGB
and Pose branches, the performance can be improved to
66.74% after fusion. This proves that the proposed prototype
calibration method can be effective for multiple modalities.
The Flyacro in the action-level categories of our method
reaches 53.83%, which is 6.63% higher than PoseConv3D,
indicating that we are able to distinguish the ambiguous
samples effectively. It proves the proposed method can
improve the recognition accuracy in micro-action across
different action-level categories.

4.3 Ablation Studies

Action-tree Hierarchy Modeling. The body-level micro-
actions are represented as parent nodes in the action-tree,
while the action-level micro-actions are depicted as child
nodes positioned under their corresponding parent nodes,
which models the hierarchical structural relationship. In
Tab. 2, we conduct ablation experiments with the hyper-
parameter A in Eq. 1 on the RGB branch. When A = 0, it
signifies that the action-level probabilities are not influenced
by the action-tree structure. Regarding the F'1,,,,c0 score for
action-level, A = 1 yields a 1.14% improvement compared
to A = 0. This proves that the proposed action-tree structure
effectively improves the accuracy of identifying action-level
micro-actions.
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Figure 3: Top-1 Accuracy (%) on ambiguous micro-actions
for the MA-52 dataset.

Ambiguous Samples Contrastive Calibration. Here, we
explore the impact of hyper-parameters on ambiguous sam-
ple sets FN 41, FN 49, and FN 43 as stated in prototype iden-
tification. Each of these sets represents distinct types of am-
biguous samples. For FN 41, the model correctly captures
most of the general features of the sample, but makes er-
rors in the action-level category. Hence, we assign a higher
weight to emphasize the model’s inaccuracies in the finer de-
tails. For FN 45, while the model fails at both scales, errors
at the higher are more critical than those at FN 41. For FN 43,
these ambiguous samples result from the model’s misread-
ing of the overall characteristics, so we assign them lower
weights. We experiment with various weight configurations
to investigate the importance of different types of ambigu-
ous sample sets, as shown in Tab. 3. The optimal result
is achieved when weights for FN 41, FN 45, and FN 43 de-
creased step by step. This indicates that the FN 4; set signif-
icantly contributes to the calibration of ambiguous samples.
Despite the model accurately classifying overall actions, it
struggles with similar micro-action categories, necessitating
further calibration. Additionally, when body-level labels are
incorrectly predicted, including FN 4o and FN 43 samples,
they are often attributed to factors like data noise or sam-
ple imbalance. Compared to the FN4; set, these samples
are less reliable and of lower quality. Therefore, they require
further calibration with a separate cluster center and a rela-
tively low-weight assignment.

4.4 Ambiguous Micro-actions Statistic Analysis

To evaluate the effectiveness of PCAN on ambiguous micro-
actions recognition, we split the action categories in MA-
52 into 3 distinct difficulty levels, i.e., “easy”, “medium”,
and “hard”. Concretely, based on the recognition results
of PoseConv3D (Duan et al. 2022), we gather action with
accuracy lower than 50% as the hard level, between 50%
and 60% as the medium level, and over 60% as the easy
level. The comparison results are shown in Fig. 3. Due to
the high similarity among ambiguous micro-actions, many
micro-action categories are usually hard to recognize (Guo
et al. 2024a). Compared to baseline, our method shows a
significant improvement of 11.8% in the hard-level cate-
gories, demonstrating its ability to distinguish ambiguous
samples. Additionally, our method also exhibits improve-
ments of 5.8% and 0.6% on the medium- and easy-level cat-
egories, indicating high recognition accuracy.
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Figure 5: The group-wise Top-1 accuracy improvement (%) of our method compared to PoseConv3D on the MA-52 dataset.

4.5 Qualitative Analysis

Visualization of Recognition Results. As shown in Fig 4,
we visualize the predicted distributions of four ambiguous
categories. In case (a), for the micro-action of “playing ob-
ject”, the focus should be on hand movements, whereas the
baseline method places excessive emphasis on the associated
head movement of “bowing head”. Cases (b) and (c) are two
ambiguous categories with extremely similar appearances.
In contrast, our PCAN method of utilizing body- and action-
level cascade prototypes can effectively constrain and cali-
brate the ambiguous samples, prompting the model to dis-
tinguish similar samples more effectively. Case (d) shows
that although our method failed to classify this particular in-
stance, it still achieves great improvement in all samples. We
attribute this misclassification to the high similarity in mo-
tion patterns between these two samples. Effectively iden-
tifying and calibrating ambiguous samples in micro-action
recognition tasks still remains a substantial challenge.

Visualization of Accuracy Distribution. To evaluate the
recognition accuracy of PCAN on action-level categories,
we also give detailed statistics of the top-1 accuracy im-
provement of PCAN compared to PoseConv3D. As shown
in Fig. 5, there is an improvement of 35 categories in action-
level, with the same accuracy in 8 categories and a slight de-
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crease in 9 categories. All body-level categories in the MA-
52 dataset are boosted in subcategories. Specifically, 75%
action-level categories are boost under “Body” label, 66.7%
in “Head”, 84.6% in “Upper limb”, 60% in “Head-hand”
and 75% in “Leg-hand”. It is obvious that PCAN improves
by more than 10% on 16 action-level categories compared to
PoseConv3D, with the highest improvement of 56% on the
“pushing glasses” category.

5 Conclusion

In this paper, we presented a prototypical calibrating am-
biguous network that discovers and calibrates ambiguous
samples for MAR via the body- and action-level prototypes.
The ambiguous samples are categorized into false negatives
(FN) and false positives (FP), and we apply a hierarchi-
cal contrastive refinement to calibrate these ambiguous sam-
ples by adjusting their proximity to prototypes. We also pre-
sented to amplify the diversity between prototypes to en-
hance the model’s discriminativity. Experimental results on
the benchmark dataset showed our method corrects a signif-
icant number of hard ambiguous samples, underscoring the
accuracy gains from prototype calibration. We believe that
this work can inspire further research in other recognition
tasks with a multitude of intricate samples.
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