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Abstract—Automatic emotion recognition (AER) based on 3D body expressions is a pivotal component of human-centered affective

computing. Despite significant progress, existing methods often struggle to jointly capture multi-scale spatiotemporal features and

bidirectional long-term dependencies, while lacking explainable reasoning mechanisms. To address these challenges, we propose the

Explainable Affective Body Expression Recognition (EABER) framework. Specifically, EABER introduces a Multi-Scale Convolutional

Mamba Network (MSCMNet). It employs multi-receptive-field convolutional modeling to learn multi-scale spatiotemporal representation,

while a bidirectional state-space architecture is used to capture global bidirectional dependencies. Furthermore, EABER incorporates

an LLM-based Emotion–Action Interpreter (EAI-LLM) for final emotion recognition with explainable affective reasoning. The

spatiotemporal Serialization with Unified Masking (STSUM) strategy is introduced into the MSCMNet and EAI-LLM models, facilitating

cross-dataset joint training while preserving fine-grained spatiotemporal information. Experimental results across four diverse datasets

demonstrate that through joint training, the proposed EABER effectively learns shared affective motion patterns, yielding accuracy

improvements of up to 7.83%. Moreover, EABER achieves superior performance in emotion recognition compared to state-of-the-art

methods, and outperforms general-purpose large models, such as GPT-4o and Gemini 1.5 Pro, in explainable affective reasoning.

Index Terms—Explainable AI, Emotion recognition, 3D Skeleton sequences, Multiscale features, State Space Models (SSM), Large

Language Model (LLM).

✦

1 INTRODUCTION

AUTOMATIC emotion recognition (AER), the core tech-
nology enabling machines to perceive, interpret, and

respond to human affective states [1], is the foundation for
developing socialized human–machine collaborative sys-
tems and advancing toward Artificial General Intelligence
(AGI) [2], [3]. In affective computing, compared with tradi-
tional modalities such as text [4], speech [5], and electroen-
cephalography (EEG) [6], [7], body posture and movement
offer distinct advantages in non-intrusive signal acquisition
[8]. Human body language is inherently less susceptible
to environmental interference or voluntary manipulation,
providing a more objective and reliable reflection of an
individual’s internal affective state [9], [10]. Furthermore,
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the large visual scale of the human body facilitates non-
contact perception at a distance [11]. These attributes en-
sure that posture-based emotion recognition remains robust
in unconstrained, real-world scenarios, establishing it as
an indispensable research frontier [12]. Moreover, posture-
derived affective cues can serve as non-intrusive behavioral
biomarkers for clinical applications, particularly in mental
health assessments such as depression [13] and bipolar
disorder [14].

Since affective body movements occur inherently in
three-dimensional space, 3D skeleton data are widely recog-
nized as one of the most intuitive and effective representa-
tions for analysis [15]. Skeleton data precisely encode spatial
coordinates and rotational information of joints, providing
rich spatiotemporal cues essential for decoding the complex
mapping between physical kinematics and affective seman-
tics [16]. With the emergence of cost-effective depth sensors
and advanced real-time pose estimation algorithms [17],
[18], acquiring high-fidelity 3D skeleton data has become
efficient and accessible, further catalyzing research in this
domain.

Despite these advancements, skeleton-based emotion
recognition still faces several critical bottlenecks. First, ex-
isting studies lack the unified architecture that can simul-
taneously extract multi-scale spatiotemporal features and
model bidirectional long-term dynamic dependencies. On
the one hand, body expressions exhibit multi-scale represen-
tations ranging from transient micro-movements to regional
structured posture patterns [19]. Affective states are con-
veyed through both long-term macroscopic postures (e.g.,
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walking with a lowered head) and short-term subtle actions
(e.g., hand tremors) [20]. While prior works highlight the
necessity of analysis across diverse temporal (e.g., 0.5 s to
5 s) [21] and spatial [22] scales, efficiently capturing these
features simultaneously remains a challenge. On the other
hand, accurate decoding of complex emotions relies heavily
on aggregating bidirectional long-range context spanning
both historical and future dynamics [16]. For instance, an
initial arm-raising action can only be disambiguated be-
tween an angry strike or a joyful wave by incorporating the
subsequent long-range trajectory. This necessitates model-
ing global dependencies while integrating past context and
future evolution. However, prevailing architectures like 3D
CNNs, Transformers, and State Space Model (SSM) often
struggle to synergize precise multi-scale modeling with
effective bidirectional global reasoning. Second, current ap-
proaches suffer from a significant lack of interpretability
and the challenge of cross-dataset heterogeneity. Conven-
tional deep learning models are often treated as “black
boxes” [23], producing emotion labels without explaining
how underlying body movements contribute to affective
states, thereby undermining trust in human–machine in-
teraction. Although Large Language Model (LLM) shows
strong potential for explainable affective reasoning [24],
their effective deployment typically depends on large-scale
cross-dataset training, which is challenged by heterogeneity
in joint definitions and sequence lengths [25]. Moreover,
the preservation of fine-grained spatiotemporal information
during skeleton encoding and subsequent LLM integration
remains a significant challenge.

To address these challenges, we propose the Explain-
able Affective Body Expression Recognition (EABER) frame-
work. By jointly modeling multi-scale spatiotemporal rep-
resentations and global bidirectional dependencies, and
further leveraging the semantic reasoning capability of
LLM, EABER achieves high-accuracy emotion recognition
while providing explainable affective reasoning. Specifically,
for the first challenge, we employ a posture RGB image
construction module to transform temporal actions into
translation-invariant texture images. Building upon this,
we design the Multi-Scale Convolutional Mamba Network
(MSCMNet). It leverages Multi-Scale Convolutional Neu-
ral Network (MSCNN) with multi-receptive-field branches
to extract features from micro-movements to structured
postures, and integrates a Bidirectional Mamba (BMamba)
module for efficient modeling of global bidirectional de-
pendencies. To address the second challenge, we extend
and optimize the LLM-based Emotion–Action Interpreter
(EAI-LLM) proposed in our previous work [26]. Specifically,
we replace the original skeleton encoder with MSCMNet
to directly extract rich spatiotemporal features, and intro-
duce the spatiotemporal Serialization with Unified Masking
(STSUM) strategy to enable efficient joint training across
heterogeneous datasets while preserving fine-grained spa-
tiotemporal information. The optimized EAI-LLM enhances
the accuracy of emotion recognition while generating more
informative and explainable emotional descriptions.

Extensive experiments conducted on four datasets
demonstrate that, through joint training, EABER signif-
icantly outperforms state-of-the-art methods. Moreover,
EABER surpasses general-purpose large models, such as

GPT-4o and Gemini 1.5 Pro, in explainable affective descrip-
tion generation, validating its effectiveness in explainable
affective reasoning. The main contributions of this work are
summarized as follows:

• We propose the EABER framework, which integrates
multi-scale spatiotemporal representation learning
with LLM-based affective reasoning, thereby achiev-
ing high recognition accuracy with interpretability.

• We design MSCMNet, which leverages multi-
receptive-field MSCNNs to capture multi-scale fea-
tures and incorporates a BMamba module to effi-
ciently model long-term bidirectional dependencies.

• We introduce the STSUM strategy, which facilitates
efficient cross-dataset joint training while preserving
fine-grained spatiotemporal information during rep-
resentation learning.

The remainder of this paper is organized as follows.
Section 2 reviews related work. Section 3 presents the pro-
posed EABER framework. Section 4 introduces the datasets
and experimental setups. Section 5 reports the experimental
results, and Section 6 concludes the paper.

2 RELATED WORK

2.1 Skeleton-based Affective Body Expression Recog-

nition

AER based on 3D skeleton sequences has evolved into a
pivotal research domain, primarily due to its robustness
in long-range data acquisition [27]. Extensive research has
characterized the spatiotemporal evolution of body move-
ments through diverse deep learning frameworks. Regard-
ing multi-scale feature extraction, Camurri et al. [21] ob-
served that macroscopic body expressions (e.g., walking)
require sustained, whole-body observation, whereas subtle
joint actions (e.g., trembling) necessitate short-term, part-
wise modeling. Early methodologies relied heavily on hand-
crafted features to capture these multi-scale attributes. For
instance, Glowinski et al. [28] identified emotions by ex-
tracting local extrema and peak duration ratios from upper-
body movements. Similarly, Fourati et al. [29] proposed a
comprehensive encoding scheme encompassing over 110
motion features across anatomical, spatial, and postural
dimensions.

The subsequent paradigm shift toward deep learning
has enabled the automated acquisition of hierarchical rep-
resentations. Shirian et al. [30] introduced a Graph Inception
Network (GIN) utilizing multi-branch graph convolutions
to capture multi-scale dependencies. Bhattacharya et al. [31]
developed the STEP framework, which aggregates local
joint features into global posture representations via a hi-
erarchical ST-GCN. To handle temporal variations, Beyan
et al. [19] encoded 3D positions into RGB images repre-
senting different intervals, while Wang et al. [20] utilized
Riemannian networks to capture geometric correlations on
SPD manifolds. Despite these advancements, most existing
methods either decouple spatial and temporal scales or rely
on fixed receptive fields, failing to adaptively integrate tran-
sient micro-movements with regional structured patterns.

Beyond multi-scale modeling, accurate decoding of com-
plex emotions necessitates robust bidirectional long-term
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dynamic modeling. Early sequence-based efforts, such as
those by Sapiński et al. [32], employed RNN and LSTM ar-
chitectures to capture temporal dependencies. Subsequently,
Zhang et al. [33] proposed an attention-based stacked LSTM
(AS-LSTM) to prioritize key affective frames. However,
recurrent architectures inherently struggle with vanishing
gradients in extended sequences. While Transformers have
gained traction due to their superior sequence modeling
[34], [35], the quest for computational efficiency has led
to the adoption of SSM, such as Mamba [36], as linear-
complexity alternatives [37]. Nevertheless, standard SSM is
inherently causal, which restricts the aggregation of future
contextual information. In affective recognition, this absence
of non-causal context is detrimental, as future motion cues
are often essential for disambiguating early-stage emotional
expressions.

In summary, while progress has been made in multi-
scale extraction and long-term modeling, these capabili-
ties remain fragmented. Existing frameworks struggle to
balance rich multi-scale representation with efficient bidi-
rectional reasoning. To address this limitation, we propose
the EABER framework, which integrates multi-scale feature
extraction with a bidirectional state space modeling mecha-
nism for explainable affective body expression recognition.

2.2 Large Language Model

The emergence of LLM, such as ChatGPT [38] and LLaMA
[39], has introduced unprecedented reasoning capabilities
to the field [40]. Driven by the vision-language pre-training
paradigm [41], researchers have begun extending LLM-
based semantic understanding to skeleton-based analysis
[42], [43], offering a promising route to improve the inter-
pretability of traditional models. Current LLM-based skele-
ton analysis primarily utilizes contrastive learning to align
skeleton and text encoder feature spaces. For example, Qu
et al. [44] demonstrated the potential of LLM in decoding
action semantics. Architectures like ActionCLIP [45] and the
GAP framework [46] employ generative prompts to guide
the learning of discriminative skeletal features.

However, utilizing LLM for emotion explanation gener-
ation is still in its infancy. Although Lu et al. [26] pioneered
skeleton tokenization to endow models with preliminary in-
terpretability, robust affective understanding remains chal-
lenging due to some critical issues. Most existing works pri-
oritize cross-modal alignment of encoder outputs [47], while
overlooking the preservation of fine-grained spatiotemporal
dynamics within the encoder itself, which is crucial for
identifying subtle micro-emotions.

To address these limitations, we incorporate EAI-LLM
into the EABER framework. By introducing the STSUM
strategy, our approach effectively alleviates the loss of in-
formation during cross-modal semantic mapping.

3 METHOD

3.1 Overall Architecture

This section details the proposed EABER framework. By
integrating multi-scale spatiotemporal feature extraction
with the semantic reasoning capability of LLM, EABER
establishes an effective mapping from low-level physical

actions to high-level affective semantics, with the aim of
jointly achieving accurate emotion recognition and explain-
able affective reasoning. The overall architecture of EABER
is shown in Fig. 1.

First, the model constructs posture RGB images from
input skeleton sequences (Section 3.2), where joint trajec-
tories are encoded into color channels. This transformation
converts temporal motion into translation-invariant texture
images, providing a standardized input for subsequent deep
networks.

Subsequently, the posture RGB images are fed into
MSCMNet (Section 3.3). To simultaneously capture multi-
scale spatiotemporal features and long-term dynamic
dependencies, MSCMNet employs three parallel multi-
receptive-field branches, where kernels with different recep-
tive fields introduce human kinematic priors to model pat-
terns ranging from transient micro-movements to regional
structured postures. Each branch in MSCMNet is composed
of a stack of MSCNN blocks (see Section 3.3.1), which
jointly models dependencies from whole-body to part-wise
joints. Second, to establish a structured mapping from local
convolutional features to global modeling, the framework
incorporates the STSUM strategy (see Section 3.3.2), mitigat-
ing cross-dataset heterogeneity while preserving joint-level
spatial integrity. Serialized features are then processed by
BMamba (see Section 3.3.3). Leveraging the linear computa-
tional efficiency and selective scanning of SSM, BMamba
enables bidirectional global reasoning. Finally, Adaptive
Branch Fusion (ABF) (see Section 3.3.4) dynamically inte-
grates complementary representations from different recep-
tive fields, producing a highly compact and dimensionally
unified spatiotemporal feature matrix H̄.

To further enhance the reasoning capability of EABER,
we incorporate the EAI-LLM module (Section 3.4). Through
LoRA-based instruction tuning, the model jointly generates
emotion labels and explainable affective reasoning.

3.2 3D Posture Image Construction

To capture complex dynamics, we encode 3D skeletons
into posture RGB images, unifying temporal evolution and
spatial topology into a compact 2D matrix. This represen-
tation enables convolutional networks to model temporal
evolution and spatial structure in a unified 2D format. The
process is shown in the 3D Posture Image Construction
module of Fig. 1.

Formally, for a sequence of T frames with J joints, the
3D coordinates of joint j at frame t are defined as

P t
j = [xt

j , y
t
j , z

t
j ] ∈ R

3, (1)

where xt
j , ytj , and ztj denote the Cartesian coordinates of

joint j at time frame t.
To enhance positional consistency, we perform global

spatial normalization using a torso-related reference joint
of the first frame as the origin:

P̂ t
j = P t

j − P 1
ref = [xt

j − x1
ref, y

t
j − y1ref, z

t
j − z1ref], (2)

where P 1
ref denotes the 3D position of the reference joint

in the first frame. Crucially, the normalization preserves
relative posture structure while retaining essential global
displacement information.
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Fig. 1: Overview of the proposed EABER framework. 3D Posture Image Construction transforms skeleton sequences into
posture RGB images. MSCMNet extracts multi-scale spatiotemporal representations from constructed posture images and
captures global bidirectional dependencies. EAI-LLM interprets the learned representations for emotion recognition with
explainable affective reasoning.

Subsequently, we employ a Logistic nonlinear mapping
to project normalized coordinates into the RGB pixel value
range [0, 255], alleviating the impact of outliers. The map-
ping is formulated as

Ic(j, t) =


255

1 + exp
(
−λ ·

p̂t
j,c−µc

σc

)

 , (3)

where c ∈ {R,G,B} maps to {x, y, z} components, respec-
tively; p̂tj,c represents the normalized coordinate of joint j at
time t in channel c; µc and σc are the mean and standard
deviation of normalized coordinates over all joints and
frames in channel c. The parameter λ controls the sensitivity
of the mapping.

The resulting pseudo-color image is denoted as I ∈
R
J×T×3, where the RGB channels encode the dynamic vari-

ations of the 3D coordinates. In addition to positional infor-
mation, rotational data are encoded using the same strategy
to generate a corresponding rotation posture image. The
position and rotation images are then concatenated along
the joint dimension, forming the final posture RGB tensor,
which serves as the input for subsequent spatiotemporal
feature extraction.

3.3 Multi-Scale Convolutional Mamba Network (MSCM-

Net)

MSCMNet serves as the core spatiotemporal feature ex-
tractor, hierarchically integrating a multi-branch MSCNN
encoder with a BMamba reasoning module. Specifically,
MSCNN captures local multi-scale spatiotemporal patterns,
while BMamba models global bidirectional dependencies,
together enabling more comprehensive spatiotemporal rep-
resentation learning. As illustrated in Fig. 2, it is designed
to capture multi-scale features and long-term dynamic

dependencies through three parallel multi-receptive-field
branches, denoted as S = {s1, s2, s3}.

The workflow of MSCMNet consists of four collabo-
rative stages. First, to handle variable sequence lengths,
it partitions the input into N consecutive subsegments to
construct a standardized input interface. In each branch,
MSCNN layers perform joint spatiotemporal encoding us-
ing kernels with diverse receptive fields, explicitly intro-
ducing human kinematic priors to model patterns from
transient micro-movements to regional structured postures.

To stabilize training and promote feature interac-
tion, MSCMNet incorporates two connectivity mechanisms:
Intra-branch residual connections to prevent degradation
and facilitate gradient propagation in deeper convolutional
transformations, and cross-receptive-field fusion connec-
tions to enable lateral information exchange across parallel
branches with different receptive fields, thereby integrating
complementary local patterns at multiple scales. Although
the convolutional layers excel at extracting local features,
their limited receptive fields necessitate the introduction
of BMamba to capture bidirectional long-range context.
Instead of conventional pooling, the STSUM strategy is
employed to preserve physically interpretable joint-level se-
mantics. Finally, the ABF module adaptively merges multi-
scale embeddings into a compact, semantically rich repre-
sentation H̄, which is subsequently aligned for the subse-
quent EAI-LLM module.

3.3.1 Multi-Scale Convolutional Neural Network (MSCNN)

MSCNN adopts a dual-stream architecture (Fig. 3(a)) to
simultaneously model global human topology and fine-
grained anatomical details. The Coarse-Grained Branch cap-
tures whole-body topological dependencies, while the Fine-
Grained Branch partitions joints into K non-overlapping
local joint subsets {Gk}

K
k=1, each corresponding to a specific
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Fig. 2: The structure of the MSCMNet. (a) MSCNN: Extracts hierarchical spatiotemporal features from posture images using
parallel convolutional branches with diverse receptive fields (7× 7, 5× 5, 3× 3). (b) STSUM: Transforms high-dimensional
feature maps into a standardized sequential format to resolve cross-dataset heterogeneity while preserving essential
skeletal topology. (c) BMamba: Parallel forward and backward scanning paths utilizing selective SSM and an adaptive
gating mechanism enable bidirectional modeling of long-term dynamic dependencies by capturing action initiation and
termination logic. (d) ABF: Adaptively integrates multi-scale representations via a token-wise dynamic gating mechanism
to generate a compact and semantically rich affective embedding.

local body part or joint cluster (e.g., left upper limb or right
lower limb), to extract part-wise semantics.

Formally, the MSCNN module takes the w-th sub-
segment posture image I(w) ∈ R

J×Tw×3 defined in the
previous section as input. To accommodate convolution
operators and unify notation, I(w) is first rearranged into a
channel-first format I(w) ∈ R

Cin×J×Tw (with Cin = 3) and
normalized using Batch Normalization (BN), formulated as
follows:

Ĩ
(w) = BN(I(w)) ∈ R

Cin×J×Tw . (4)

Subsequently, within parallel coarse- and fine-grained
branches, MSCNN performs multi-level feature integration
via coarse-to-fine joint fusion. To be specific, the coarse-
grained output is computed as:

F
(w)
CG = σ

(
WCG ∗ Ĩ(w) + bCG

)
, (5)

where WCG and bCG denote the learnable parameters of
the coarse-grained branch; σ(·) is the LeakyReLU activation
function. While the fine-grained features are extracted via
independent 2D convolutions on joint subsets {Gk}

K
k=1:

F
(w,k)
FG = σ

(
W

(k)
FG ∗ Ĩ(w,k) + b

(k)
FG

)
. (6)

where Ĩ
(w,k) is the feature tensor of the k-th subset given

by:

Ĩ
(w,k) = Sk(Ĩ

(w)) ∈ R
Cin×Jk×Tw , (7)

and Sk(·) denotes the sub-domain selection operator, Jk =
|Gk| is the number of joints in the subset.

After concatenating all subsets along the joint dimension

to form F
(w)
FG , a coarse-to-fine joint fusion mechanism injects

whole-body priors into local features:

F̃
(w)
out = F

(w)
FG ⊕ F

(w)
CG , (8)

where ⊕ denotes element-wise addition. The fused feature
F̃

(w)
out is then processed by a sequence of post-processing

operations. As shown in Fig. 3, the final output F
(w)
MSCNN ∈

R
Cout×J×Tw is obtained after average pooling and point-

wise convolution, providing an anatomically grounded pre-
cursor for temporal modeling, which is defined as

F
(w)
MSCNN = σ

(
Wpost ∗AP

(
σ(F̃

(w)
out )

)
+ bpost

)
, (9)

where AP(·) denotes the average pooling operator for re-
ducing spatial resolution, and Wpost is a 1× 1 convolution
kernel used for inter-channel information interaction and
dimensional mapping.

3.3.2 spatiotemporal Serialization with Unified Masking

(STSUM)

STSUM transforms high-dimensional convolutional maps
into a sequential format compatible with the linear input
requirements of BMamba. Crucially, it employs a unified
masking mechanism to eliminate cross-dataset heterogene-
ity while strictly preserving joint topological information.
Given the feature tensor of the w-th subsegment F(w), which
is rearranged into a joint-first format J × Tw × C , zero-
padding is applied along the joint dimension to a global
maximum Jmax:

F̂
(w) = Pad(F(w)) ∈ R

Jmax×Tw×C . (10)
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BatchNorm

LeakyReLUAvgPooling

Conv K    K

Conv K    K LeakyReLU

Fig. 3: The structure of the Multi-Scale Convolutional Neural
Network (MSCNN) module.

We then perform spatiotemporal flattening into a single
sequence V

(w) ∈ R
(Tw·Jmax)×C . The resulting sequence is

projected to a latent space and augmented with learnable
positional encodings P(w):

Z
(w) = V

(w)
Wp +P

(w) ∈ R
Lseq×D. (11)

where Lseq = Tw · Jmax denotes the sequence length and
D is the embedding dimension. A binary mask M

(w) ∈
{0, 1}Lseq is generated simultaneously to filter noise from
padding, in which positions corresponding to valid joint fea-
tures are marked as 1, while padded positions are marked
as 0. All subsegment tokens and masks are concatenated in
temporal order to form the global sequence Zfull and global
mask Mfull, which are subsequently fed into the BMamba
module for bidirectional long-term contextual reasoning.

3.3.3 Bidirectional Mamba (BMamba)

To capture the global long-term dynamic dependencies in-
herent in affective body expressions, we introduce an SSM-
based Bidirectional Mamba (BMamba) module, as shown
in Fig. 2(c), which overcomes the unidirectional constraints
of standard Mamba by employing parallel forward and

backward scanning paths for full-context reasoning. The
input Zfull ∈ R

L×D (where L = T ·Jmax denotes the global
sequence length), is normalized via Layer Normalization
(LayerNorm) and then split into a main stream E and a
gating stream G. In each branch, features are processed
through Causal Conv1D to extract local neighborhood fea-
tures and then fed into a directional SSM for global scan-
ning:

Hfwd = SSMfwd

(
σ(Conv1Dfwd(E))

)
,

Hbwd = SSMbwd

(
σ(Conv1Dbwd(E))

)
,

(12)

where σ(·) denotes the SiLU activation function. The for-
ward SSMfwd performs recursive state updates from t = 1
to L, capturing the initiation and progression logic of actions
(forward dynamics), while the backward SSMbwd scans
from t = L to 1, focusing on the termination and conver-
gence states of actions. By jointly modeling both forward
progression and backward dependency cues, BMamba pro-
vides a more complete characterization of action causality
than standard unidirectional Mamba, which only captures
one-way temporal evolution.

To effectively integrate bidirectional context and regulate
information flow, BMamba introduces an adaptive gating
mechanism. After SiLU activation, the gating stream G

serves as a modulation factor and interacts with the outputs
of the bidirectional SSM via element-wise multiplication.
The modulated features are then aggregated by addition
and mapped back to the original dimension through a linear
output projection layer. To alleviate gradient vanishing is-
sues in deep networks and enhance feature reuse, a residual
connection is introduced at the end of the module. The final
bidirectionally gated global long-term representation H is
computed as:

Y = [Hfwd ⊗ σ(G)]⊕ [Hbwd ⊗ σ(G)], (13)

H = LN(Zfull + Linearout(Y)). (14)

where ⊗ and ⊕ denote element-wise multiplication and
addition, respectively, LN represents LayerNorm, and
Linearout is the output projection layer. This design endows
the encoder with robust reasoning over the entire motion se-
quence while maintaining linear computational complexity.

3.3.4 Adaptive Branch Fusion (ABF)

The ABF module dynamically integrates complementary
representations from the multi-receptive-field branches. By
discarding pooling in favor of a token-wise dynamic gating
mechanism, ABF assigns distinct weights to each spatiotem-
poral token, ensuring fine-grained complementarity.

Specifically, branch features H
(s) from each recep-

tive field are projected to a shared space H̄
(s). A

lightweight generator then computes attention scores
E

(s) = tanh(H̄(s)
Watt + batt), which are normalized via

Softmax across branch dimension S to generate the gating
map α

(s):

α
(s) = exp(E(s))/

∑

s′∈S

exp(E(s′)). (15)

The final fused representation H̄ is obtained by comput-
ing an element-wise product between each branch feature
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Emotion Recognition Prompt Template 

#Human: <Skeleton> <Skeleton Feature> </Skeleton> Can 

you tell me the emotion of this person? #Assistant:

Emotion Description Prompt Template 

#Human: <Skeleton> <Skeleton Feature> </Skeleton> The 

emotion of this person is [shame], please tell me some 

reasons for it. #Assistant:

Fig. 4: Prompt designs for fine-tuning LLM.

and its corresponding gating map, followed by summation
across all branches:

H̄ =
∑

s∈S

α
(s) ⊙ H̄

(s), (16)

which constitutes a semantically rich affective representa-
tion, aligned via linear projection for the subsequent EAI-
LLM.

3.4 EAI-LLM: Skeleton-Aware Language Model

Although MSCMNet can extract highly discriminative spa-
tiotemporal features from 3D body expressions, conven-
tional classification heads (e.g., fully connected layers) are
limited to producing discrete emotion labels without pro-
viding explainable affective reasoning. To address this limi-
tation, we adopt the EAI-LLM.

In EAI-LLM, we improve the original skeleton encoder
by using MSCMNet. Since MSCMNet has already extracted
spatiotemporal features and STSUM has unified hetero-
geneous skeleton data through masking mechanisms, the
MGST and UST modules in the original EAI-LLM are re-
moved. The remaining LLM-based inference components
are retained for explainable emotion recognition.

LLMs are primarily designed to process natural-
language tokens, whereas skeleton data consist of variable-
length spatiotemporal sequences that do not naturally reside
in the LLM embedding space. To enable emotion prediction
and text-based reasoning from skeleton inputs, we adapt the
LLM using Low-Rank Adaptation (LoRA) [48], which intro-
duces lightweight trainable modules while keeping the pre-
trained weights fixed. For each sample (skeleton sequence,
emotion label, and emotion description), we first extract
768-dimensional spatiotemporal tokens from the skeleton
sequence using MSCMNet. Following common practice in
multimodal LLM [49], we further employ a linear layer
to project these tokens from a 768-dimensional space into
a 4096-dimensional space, thereby making them suitable
for processing by LLM. Furthermore, we incorporate the
contrastive learning-based alignment strategy from EAI-
LLM to align skeletal features with linguistic semantics.
This strategy effectively anchors the spatiotemporal features
from MSCMNet to their corresponding affective meanings,
ensuring the semantic compatibility of skeleton tokens with
the linguistic space before they are fed into the LLM.

We employ two instruction prompts in the LLaMA-
2 dialogue format, one for emotion recognition and the
other for explanation generation, as illustrated in Fig. 4. The

projected skeleton tokens are inserted into the prompt via
a placeholder, and the emotion label is provided as condi-
tioning information for the description task. The skeleton
tokens and prompt tokens are concatenated and fed into
the LLM. Training is performed with a cross-entropy loss
between the predicted tokens and the ground-truth tokens,
while updating only the LoRA parameters (Eq. 17).

LLoRA = Lce(tp, tg), (17)

where Lce(., .) denotes the cross-entropy loss, tp represents
the token sequence (or token distribution) predicted by
the LLM, and tg denotes the corresponding ground-truth
target sequence derived from the annotated labels. For more
details on the EAI-LLM, please refer to the work of [26].

4 EXPERIMENTS

4.1 Datasets

The efficiency and generalizability of the proposed method
were verified on four publicly available emotional gesture
datasets. These datasets were collected using different de-
vices, and participants from various regions were included.
A brief description of these four databases is given below.

EGBM [50]: This dataset was captured by a Kinect V2
sensor at a frame rate of 30 Hz. It contains 560 samples
performed by 16 Polish professional actors. The dataset
includes 7 emotions: happiness, sadness, neutral, anger,
disgust, fear, and surprise. Each sample provides 3D coor-
dinates for 25 body joints.

KDAE [51]: This dataset was recorded using the Noitom
Perception Neuron (PN) system at 125 Hz. It comprises
1,402 samples from 22 Chinese actors, covering the same
7 emotions as EGBM. The original data contains 72 body
markers, from which we selected 24 joints for this study.
Specific details can be found in [20].

Emilya [52]: This dataset was also recorded by the Xsens
MVN system at 120 Hz. It consists of 8,206 samples per-
formed by 12 actors. The actors performed 8 daily actions
(e.g., sitting, walking, lifting) while expressing 8 emotions:
anxiety, pride, happiness, sadness, fear, shame, anger, and
neutral. Each posture segment contains 3D position data for
28 joints.

MPI [53]: This dataset was recorded by the Xsens MVN
motion capture system at a sampling rate of 120 Hz. It
contains 1,447 body motion samples performed by 8 ac-
tors, representing 11 emotions: anger, fear, happiness, pride,
sadness, surprise, relief, disgust, neutral, amusement, and
shame. Each posture segment contains 3D coordinates for
28 body joints.

Emotion Description Annotation: The original datasets
only provide discrete emotion labels. To support the emo-
tion description task, we manually annotated a subset of
the data with fine-grained textual descriptions. Specifically,
we labeled 180 samples from Emilya, 120 samples from
KDAE, and 150 samples from MPI, resulting in a total of
450 skeleton-text pairs for instruction tuning.

4.2 Implementation Details

All experiments are implemented in PyTorch and conducted
on a server with 5 NVIDIA A100 GPUs. The samples shorter
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than 2 seconds are discarded. Each sequence is adjusted to
360 frames by padding with previous frames or uniform
downsampling. For posture image construction, the Logistic
mapping uses λ = 0.01. In MSCMNet, each 360-frame
sequence is split into N = 5 subsegments and processed
by three parallel branches with kernel sizes 7×7, 5×5, and
3×3 (stride 1, “same” padding). Each branch contains four
MSCNN blocks with channel widths 32/64/128/256 and
uses K = 5 joint subsets, followed by average pooling and
a 1×1 convolution. In STSUM, all skeletons are aligned and
padded to Jmax = 28 based on the Emilya 28-joint template,
and then fed into a 2-layer BMamba. ABF projects branch
features to 768 dimensions and applies token-wise gating
to obtain the final 768-dim skeleton tokens for EAI-LLM.
For EAI-LLM, we use LLaMA-2-7B [39] and project the 768-
dim skeleton token to the 4096-dim LLM space. We apply
LoRA and update only the LoRA parameters and projection
layers (rank 64, α = 16, dropout 0.05), while freezing the
pre-trained LLaMA weights. Prompt templates are given in
Sec. 3.4.

For Training Strategy, we adopt a two-stage training
scheme. First, MSCMNet is pre-trained with SGD for 500
epochs (batch size 64, initial lr 0.01) using early stopping; if
the validation loss plateaus for 10 epochs, the learning rate is
decayed. Second, we fine-tune MSCMNet together with the
EAI-LLM via instruction tuning. Following [26], we perform
instruction tuning in the order of emotion description and
then emotion recognition to avoid mutual interference: the
description task is trained for 10,000 steps (global batch size
16, max lr 1 × 10−5), and emotion recognition for 800,000
steps (global batch size 64) with the same LoRA settings.
For all experiments, we use a 4:1 train/test split.

For evaluation, in the recognition task, we parse the emo-
tion label from the generated text and compute accuracy;
outputs with multiple labels or no valid label are counted as
Error, while synonyms/morphological variants are treated
as correct. In the description task, we report BLEU, ROUGE,
and METEOR.

5 RESULT

5.1 Comparisons for Emotion Recognition

To evaluate the efficacy of EABER in AER, we conducted
a comparative analysis with current state-of-the-art (SOTA)
skeleton-based methods. To ensure a fair comparison, all
baseline models were re-implemented and evaluated using
the same training protocols as our framework. As shown in
Table 1, EABER achieved superior performance across most
benchmarks, with the exception of the EGBM dataset, where
it was slightly outperformed by ST-ITE. Specifically, on the
KDAE, Emilya, and MPI datasets, EABER improved the
classification accuracy by 0.24%, 2.02%, and 3.51%, respec-
tively, compared with the best existing methods. Notably, on
the MPI dataset, which features complex categories and sub-
tle micro-motions, EABER achieved an accuracy of 79.93%.
This result represents nearly a 10% performance improve-
ment over the EAI-LLM baseline. These results demonstrate
that EABER enables high-precision and generalizable cross-
dataset emotion recognition by synergizing multi-scale fea-
ture fusion with bidirectional temporal modeling and the
reasoning power of LLM.

TABLE 1: Comparisons of emotion recognition accuracy
(%) with state-of-the-art methods on four datasets. Bold
indicates the best performance for each dataset.

Method EGBM KDAE Emilya MPI

AGCN [54] 22.94 56.58 88.92 46.81

CTR-GCN [55] 63.30 70.46 89.77 63.49

GAP [46] 66.06 67.26 89.16 70.37

EAI-LLM [26] 66.97 71.17 85.44 69.95

Multiscale CNN [19] 78.81 81.46 88.07 73.18

ATSFF [10] 75.26 77.44 85.84 71.01

ST-ITE [20] 82.60 85.91 89.61 76.42

EABER (Ours) 81.44 86.15 91.79 79.93

5.2 Comparisons for Explainable Emotion Description

This subsection evaluates the capability of the model to
generate interpretable affective descriptions. Since existing
multimodal LLM (e.g., GPT-4o, Gemini) do not support
direct 3D skeleton input, we visualized the skeleton se-
quences as videos and tested them using the same prompts.
Table 2 presents the quantitative results, where EABER
outperformed all existing LLM across all linguistic metrics.
These results validate that our MSCMNet and the internal
STSUM strategy effectively extract and preserve multi-scale
spatiotemporal affective cues. This enables the model to
accurately describe key physical features, such as ”head
drooping” or ”shoulder contraction,” rather than generating
hallucinations.

TABLE 2: Comparison of emotion description capabilities
with mainstream LLM. Bold indicates the best performance
for each metric.

Method ROUGE BLEU METEOR

GPT-4o 0.1154 0.0615 0.1942

Gemini 1.5 Pro 0.0982 0.0523 0.1765

EAI-LLM 0.1945 0.1108 0.2096

EABER (Ours) 0.2312 0.1487 0.2246

Furthermore, Fig. 5 visualizes the generation results. The
descriptions generated by EABER exhibit significant con-
sistency with the input sequences. In contrast, while GPT-
4o and Gemini 1.5 Pro generate affective descriptions, their
outputs largely reflect the models’ internal prior knowledge
and often fail to match the specific input sequences. While
EAI-LLM produces results similar to ours, it remains infe-
rior in terms of the specific performance metrics detailed in
Table 2.

5.3 Evaluation of Cross-Dataset Training Strategies

To verify the effectiveness of collaborative learning from
multi-source heterogeneous data, we compared separate
training with joint training paradigms. As shown in Table 3,
the joint training approach yielded significant performance
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Question :  The emotion of this person is sadness, please tell me some 

reasons for it.

GPT-4 : The person in the video might be exhibiting sadness if their 

movements include a forward-leaning upper body and a lowered head. The 

arms remain close to the torso with limited movement, creating a closed 

posture. The steps appear slower and less dynamic, with minimal limb 

extension. They might also show reduced energy, subdued motion, or a 

sense of heaviness in movement. These actions suggest emotional 

withdrawal or low mood, which are common physical manifestations of 

sadness.

Gemini-pro: If the person's posture exhibits a distinct collapse of the upper 

body with the head hanging heavily forward, as if gravity has become 

overwhelmingly strong, it indicates a state of profound dejection. The figure 

displays a lethargic, shuffling gait that looks as though every step requires 

immense effort, which might imply an internal battle with exhaustion or a 

feeling of defeat. This withdrawal into a closed, downward-facing stance 

evokes a sense of isolation, emphasizing a reluctance to face the path 

ahead, which are classic somatic markers of deep sadness or depression.

EAI-LLM: This figure displays sadness, with the head lowered, the upper 

body slightly bent forward, and the arms held close to the torso, reflecting a 

low and withdrawn emotional state.

EABER (Ours): This is a sad person, with the upper body leaning forward, 

the head lowered, and the arms hanging down close to the torso, showing a 

clear amount of sadness.

Input Skeleton

Time

Fig. 5: Examples for emotion description capabilities of
EABER on the Emilya dataset. Underlined text indicates that
the description is unrelated to the input sequences.

gains across all datasets, with accuracy improvements rang-
ing from 4.32% to 7.82%. These results demonstrate that
through joint training, EABER effectively mitigates over-
fitting by learning diverse motion patterns and acquires
shared underlying affective motion laws across domains,
thereby enhancing its generalization capability. This im-
provement may also partly stem from the STSUM strat-
egy, which likely helps capture shared affective information
across heterogeneous datasets while retaining complemen-
tary dataset-specific characteristics.

TABLE 3: Comparison of recognition accuracy (%) between
separate training and joint training across four datasets.
Bold indicates the better performance for each dataset.

Dataset Separate Training Joint Training

EGBM 73.62 81.44

KDAE 81.39 86.15

Emilya 87.47 91.79

MPI 74.80 79.93

To further visualize the optimization effect of joint train-
ing on feature learning, we utilized t-SNE to map the latent
feature distributions of the KDAE test set. As illustrated
in Fig. 6, feature distributions under the separate training
paradigm exhibit significant overlap, indicating difficulty in
distinguishing similar emotions. In contrast, joint training
constructs a more structured feature space with significantly

higher intra-class compactness and inter-class separability.
This confirms that EABER optimizes the data structure of
spatiotemporal features under joint training, building more
discriminative affective representations. Consequently, all
subsequent experiments utilized the joint training strategy
unless otherwise specified.

(a) Separate Training (b) Joint Training

NeutralSadness AngerHappiness

Fear SurpriseDisgust

Fig. 6: The t-SNE visualization of learned feature embed-
dings on the KDAE dataset under (a) separate training and
(b) joint training.

5.4 Ablation Studies

5.4.1 Effectiveness of Multi-Receptive-Field Branches

MSCMNet extracts multi-scale spatiotemporal features
through the fusion of multiple receptive-field branches. To
validate this mechanism, we conducted ablation experi-
ments by denoting the three branches as S1(3×3), S2(5×5),
and S3(7 × 7). We tested single-branch, dual-branch, and
the full triple-branch configurations, with results shown in
Fig. 7. The results indicate that multi-receptive-field combi-
nations generally outperform single-receptive-field configu-
rations, confirming the limitations of a fixed kernel size in
balancing transient micro-motions and regional structural
patterns. Among dual-branch combinations, the S1 + S3

configuration performed best, suggesting that the feature
span between the smallest and largest receptive fields pro-
vides highly discriminative complementary information.
Nevertheless, the full S1 + S2 + S3 architecture consistently
achieved the highest accuracy, improving performance by
1.09%–3.59% over S1 + S3, which underscores the necessity
of the triple-branch synergy in capturing complex affective
postures.

5.4.2 Effectiveness of MSCNN and BMamba Architectures

To verify the architectural rationale of MSCNN and
BMamba, we performed progressive ablation studies on
the Coarse-Grained (CG) branch, Fine-Grained (FG) branch,
and the bidirectional scanning mechanism. Table 4 sum-
marizes the results.The experiments show that a single-
dimensional joint representation is insufficient to cap-
ture the full complexity of affective expression. When us-
ing Mamba or BMamba, combining both branches (CG
+ FG) improved average accuracy by 3.19%–9.34% and
3.31%–7.38%, respectively, proving the strong complemen-
tarity between global topology and local anatomical details.
Furthermore, BMamba consistently outperformed unidirec-
tional Mamba across all configurations, demonstrating its
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Fig. 7: Comparison of recognition accuracies (%) between
different receptive-field branch combinations in MSCMNet
on the (a) EGBM dataset, (b) KDAE dataset, (c) Emilya
dataset, and (d) MPI dataset.

TABLE 4: Comparison of recognition accuracy (%) between
different internal configurations of MSCNN and BMamba
across four datasets. Bold indicates the best performance for
each dataset.

EGBM KDAE Emilya MPI

CG + Mamba 67.85 74.70 83.30 69.73

CG + BMamba 74.26 76.37 87.63 74.12

FG + Mamba 72.40 74.24 85.53 71.79

FG + BMamba 77.15 78.77 87.25 76.62

CG + FG + Mamba 78.74 83.58 90.55 74.98

CG + FG + BMamba (Ours) 81.44 86.15 91.79 79.93

ability to extract both forward dynamics and backward ter-
mination cues for more complete spatiotemporal modeling.
Ultimately, the full configuration (CG + FG + BMamba)
achieved the highest accuracy across all datasets.As shown
in the radar charts in Fig. 8, our proposed configura-
tion provides the most balanced and superior performance
across all emotion categories, reinforcing that the synergy
between MSCNN’s multi-granularity fusion and BMamba’s
bidirectional modeling enhances both overall precision and
robustness.

5.4.3 Effectiveness of STSUM

The STSUM strategy was designed to reconstruct joint in-
formation while preserving fine-grained topology for the
EAI-LLM. We compared STSUM with five spatial aggre-
gation methods: (1) GAP, (2) GMP, (3) SAP, (4) HD-GCN,
and (5) GJZM. Evaluation results are shown in Tables 5
and 6. As indicated in Table 5, STSUM yielded the best
results on most datasets. Compared to traditional pooling
(GAP/GMP), STSUM improved accuracy by 3.82%–7.25%,
confirming that mandatory spatial compression leads to
the loss of critical local motion details. Even compared to
advanced methods like SAP, HD-GCN, and GJZM, STSUM
achieved the highest accuracy on three datasets, demon-
strating its ability to capture posture dynamics under cross-
dataset heterogeneity.

In the explanation generation task (Table 6), GAP and
GMP suffered a significant performance drop, support-

TABLE 5: Comparison of recognition accuracy (%) between
different spatial aggregation strategies across four datasets.
Bold indicates the best performance for each dataset.

EGBM KDAE Emilya MPI

GAP [56] 75.41 82.33 85.98 73.14

GMP [57] 74.19 81.66 85.74 73.53

SAP [58] 76.75 82.30 86.54 74.11

HD-GCN [59] 78.22 84.53 86.38 77.62

GJZM [60] 82.02 84.29 87.71 74.36

STSUM (Ours) 81.44 86.15 91.79 79.93

TABLE 6: Comparison of emotion description capabilities
between different spatial aggregation strategies across four
datasets. Bold indicates the best performance for each met-
ric.

Method ROUGE BLEU METEOR

GAP [56] 0.0926 0.0851 0.1139

GMP [57] 0.1044 0.0861 0.1294

SAP [58] 0.1839 0.1374 0.1659

HD-GCN [59] 0.1627 0.1248 0.1763

GJZM [60] 0.2216 0.1572 0.1931

STSUM (Ours) 0.2312 0.1487 0.2246

ing our hypothesis that traditional pooling causes Spa-
tial Semantic Collapse. While GJZM slightly outperformed
STSUM in BLEU score, STSUM achieved the highest
ROUGE and METEOR scores. This indicates that by pre-
serving full joint topology and motion trajectories, STSUM
provides high-fidelity inputs for downstream LLM, effec-
tively mitigating the hallucination phenomenon in genera-
tive tasks.

6 CONCLUSION

This study introduces the Explainable Affective Body Ex-
pression Recognition (EABER) framework, providing a uni-
fied and interpretable solution for decoding the complex
mapping between emotional body motions and high-level
affective semantics. By integrating the MSCMNet with
the LLM-based EAI-LLM, the proposed framework effec-
tively captures affective cues ranging from transient micro-
movements to global long-term dynamic dependencies,
achieving explainable emotion recognition. Specifically, the
MSCNN module utilizes multi-receptive-field branches to
learn multi-scale spatiotemporal representations, while the
BMamba module enables efficient bidirectional global rea-
soning over entire action sequences with linear compu-
tational complexity. Furthermore, the introduction of the
STSUM strategy successfully resolves the structural dis-
crepancies across heterogeneous datasets, facilitating large-
scale joint training and knowledge integration. Extensive
experimental results demonstrate that EABER significantly
outperforms state-of-the-art methods in emotion recognition
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Fig. 8: Comparison of recognition accuracies (%) between different MSCNN and BMamba architectures across various
emotion classes on the (a) EGBM dataset, (b) KDAE dataset, (c) Emilya dataset, and (d) MPI dataset.

accuracy and achieves superior performance in generat-
ing physically grounded affective descriptions compared to
general-purpose models like GPT-4o and Gemini 1.5 Pro.

Although EABER offers explainable affective reason-
ing from 3D body expressions, future work will focus on
improving practicality and scalability. We will reduce the
cost of LLM fine-tuning and deployment via knowledge
distillation and lightweight parameter-efficient adaptation,
and further mitigate the reliance on manually annotated
skeleton–text pairs through self-supervised alignment. In
the future, we also intend to extend EABER into an explain-
able affect–disease reasoning framework for clinical health-
care. By leveraging posture-derived behavioral biomarkers,
future work will explore the application of our framework
to clinically relevant scenarios, including mental health as-
sessments (e.g., depression and bipolar disorder) and neu-
rodegenerative disease monitoring (e.g., Parkinson’s dis-
ease). In addition, we plan to incorporate complementary
clinical modalities, such as questionnaire-based assessments
and electronic medical records, to develop a more robust
multimodal framework for personalized early detection and
longitudinal evaluation.
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