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Abstract

In the literature, existing human-centric emotional motion
generation methods primarily focus on boosting performance
within a single scale-fixed dataset, largely neglecting the
flexible and scale-increasing motion scenarios (e.g., sports,
dance), whereas effectively learning these newly emerging
scenarios can significantly enhance the model’s real-world
generalization ability. Inspired by this, this paper proposes
a new LLM-Centric Lifelong Empathic Motion Generation
(L2-EMG) task, which aims to equip LLMs with the ca-
pability to continually acquire emotional motion generation
knowledge across different unseen scenarios, potentially con-
tributing to building a closed-loop and self-evolving embod-
ied agent equipped with both empathy and intelligence. Fur-
ther, this paper poses two key challenges in the L2-EMG task,
i.e., the emotion decoupling challenge and the scenario adapt-
ing challenge. To this end, this paper proposes an Emotion-
Transferable and Scenario-Adapted Mixture of Experts (ES-
MokE) approach which designs a causal-guided emotion de-
coupling block and a scenario-adapted expert constructing
block to address the two challenges, respectively. Especially,
this paper constructs multiple L*-EMG datasets to validate
the effectiveness of the ES-MoE approach. Extensive evalua-
tions show that ES-MoE outperforms advanced baselines.

Introduction

Human motion generation technology focuses on generating
either 3D static motions (i.e., poses (Feng et al. 2023)) or
3D sequential motions (i.e., motions (Guo et al. 2020; Mao
et al. 2019; Tevet et al. 2023)) based on condition signals,
which mainly include text (Guo et al. 2022; Tevet et al. 2023;
Zhang et al. 2023a) and speech (Tseng et al. 2023; Li et al.
2022), and has broad applications in virtual reality, the meta-
verse, and game development. Recently, some works (Yu
et al. 2024b; Chen et al. 2024) begin to consider introduc-
ing emotional information into the motion generation pro-
cess due to its potential applications in the field of empathic
robots and emotional virtual avatars. However, due to the re-
liance on specialized equipment for motion data collection
and the complexity of emotion annotation processes, exist-
ing human motion generation datasets struggle to achieve
rapid dynamic updates that are synchronized with real-world
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scenarios. This lag in data updates causes deployed models
to continuously encounter unseen motion scenarios, lead-
ing to issues with model generalization decay. Furthermore,
even when datasets are updated in a timely manner, consid-
ering limited storage and computational budgets, storing all
historical data and repeatedly retraining models remains ex-
pensive and almost unfeasible.

With these in mind, this paper proposes a LLM-Centric
Lifelong Empathic Motion Generation (L?-EMG) task,
which enables Large Language Models (LLMs) to contin-
ually learn emotional motion generation abilities across dif-
ferent unseen scenarios. It can powerfully contribute to de-
veloping an empathetic and intelligent embodied agent with
closed-loop self-evolving. Specifically, the L2-EMG task se-
quentially trains LLM on datasets from different unseen mo-
tion scenarios, continually learning the emotional genera-
tion for new scenarios while preventing the forgetting of
motion generation knowledge learned from previous scenar-
i0s. As illustrated in Figure 1, for scenarios “Daily Life”
and “Sports”, the model can accurately generate emotional
motions that align with the descriptions “walk” and “jog”,
while consistently expressing their shared emotion label
“Sad”. In this paper, we believe that this new task at least
faces two key challenges, which are illustrated as follows.

On the one hand, ensuring the sustainable transfer of emo-
tional representation commonality across scenarios during
lifelong learning is challenging, namely the emotion decou-
pling challenge. The diversity of emotions is not limited to
the singularity of a scenario; that is, the motion in each in-
dividual scenario contains a variety of emotions. Thus, the
model needs to effectively decouple emotional representa-
tions with cross-scenario transferability while learning the
motion generation style of a specific scenario. As illustrated
in Figure 1, two motions from different scenarios— “Shows”’
(training) and “Sports”(unseen)—both express the “Sad”
emotion. We expect the model to capture invariant emo-
tional features (e.g., reduced limb movement and lowered
head) from scenario “Shows” and transfer them to scenario
“Sports”. Therefore, this paper believes that a well-behaved
approach should be able to decouple emotional represen-
tation commonality during cross-scenario lifelong learning
and transfer it to new scenarios.

On the other hand, ensuring that the uniqueness of each
motion scenario is not forgotten during cross-scenario life-
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Figure 1: Examples of three scenarios to illustrate our L2-EMG task for continual generation. Red words indicate emotional
information in the input, while red boxes highlight the expected emotional motion expressions for the shared emotion Sad.

long learning is also challenging, namely the scenario adapt-
ing challenge. Human motion types are diverse and can be
categorized into various scenarios, so the model needs to
learn the personalized expressions of motion in each sce-
nario while forgetting as little as possible when learning new
scenarios. For example, Figure 1 shows motions from three
different scenarios. In the second scenario, the “Shows”
scenario expresses emotions in a more exaggerated man-
ner, while in the third scenario, the “Sports” scenario con-
veys emotions through more professional and skill-oriented
movements. Therefore, this paper believes that a better-
behaved approach should be able to capture the uniqueness
of each scenario during cross-scenario lifelong learning and
avoid catastrophic forgetting when learning new scenarios.

To address the above challenges, this paper proposes
an Emotion-Transferable and Scenario-Adapted Mixture of
Experts (ES-MoE) approach, which enables cross-scenario
lifelong learning and emotion-enriched human motion gen-
eration. Specifically, inspired by recent causal decoupling
works (Wang et al. 2022; Liu et al. 2023a), ES-MoE de-
signs a causal-guided emotion decoupling block to decou-
ple and highlight the common emotional representations
shared across different motion scenarios. Then, ES-MoE de-
signs a scenario-adapted expert constructing block based
on the MoE (Jacobs et al. 1991; Yu et al. 2024a) architec-
ture to learn scenario-specific expressions and facilitate ef-
ficient knowledge transfer. Furthermore, we construct mul-
tiple L2-EMG datasets to validate the effectiveness of ES-
MoE. Comprehensive experiments demonstrate that ES-
MOoE achieves significant improvements compared to the ad-
vanced lifelong learning baselines.

Related Work

Human Motion Generation. Human motion generation
produces diverse and realistic 3D motions from various con-
trols, such as text (Zhang et al. 2023a; Guo et al. 2023),
audio (Tseng et al. 2023; Li et al. 2022), pose (Liu et al.
2023b; Mao et al. 2019), and trajectories. Earlier works
(Ghosh et al. 2021; Guo et al. 2022; Tevet et al. 2022) build
shared latent spaces to learn input-motion relations, while
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recent diffusion-based approaches (Chen et al. 2023; Zhang
et al. 2023b) (e.g., MotionDiffuse (Zhang et al. 2024a),
MDM (Tevet et al. 2023), EDGE (Tseng et al. 2023)) further
improve motion quality. Other works (Zhang et al. 2023a,
2024b; Jiang et al. 2023; Yang et al. 2024) explore discrete
motion representations via VQ-VAE (Oord 2017). Recent
efforts incorporate emotion understanding (Yu et al. 2024b;
Chen et al. 2024) for emotion-controllable generation. Un-
like them, we propose a new L2-EMG task to enhance life-
long learning in T2M models across expanding motion sce-
narios, enabling intelligent and empathetic embodied agents.

Lifelong Learning. Lifelong (continual) learning im-
proves future-task generalization while mitigating catas-
trophic forgetting. Existing methods include parameter reg-
ularization (Lopez-Paz and Ranzato 2017; Isele and Cos-
gun 2018; Zhang et al. 2025), replay (Kirkpatrick et al.
2016; Isele and Cosgun 2018), and model expansion (Gao
et al. 2024; Zhao et al. 2024). Regularization preserves past
knowledge (e.g., EWC (Kirkpatrick et al. 2016)); replay
rehearses stored samples; and expansion methods (Wang
et al. 2023a; Zhao et al. 2024) allocate task-specific pa-
rameters, with SAPT (Zhao et al. 2024) enabling selective
sharing. MoE-based architectures (Jacobs et al. 1991; Yu
et al. 2024a) have recently shown strong potential in contin-
ual learning. Building on these insights, we introduce ES-
MOoE for the L2-EMG task, which incorporates a causal-
guided emotion decoupling block and a scenario-adapted ex-
pert construction block to continually learn emotional mo-
tion generation across diverse scenarios.

Approach

In this paper, we propose the L2-EMG task, which aims to
enable the model to retain and utilize the emotional mo-
tion generation abilities learned from different scenarios
and generate natural emotional motions that are appropri-
ate for the new scenario, even when facing entirely new,
unseen motion scenarios. Our L2-EMG task is formulated
as follows: {S7,Ss,...,S,} represent n different motion
scenarios, and { D1, Ds, ..., Dy, } represent the correspond-
ing datasets for these scenarios, where each dataset D; =
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Figure 2: ES-MoE overview: (a) Motion Tokenizer training phase; (b) overall architecture of our approach; (c)/(d) causal-guided
emotion decoupling block and scenario-adapted expert constructing block, respectively; (e)/(f) causal intervention graph.

{(st, t;-, mté)};yz'il has the size of IV; and contains scenario-
specific instructions s?, text descriptions t; of motions, and
output motion tokens mt§. We train the model sequentially
on the {D1, Do, ..., D,} datasets. At each time step %, the
model only has access to the D; dataset, with the goal that
the model learns to generate motions for the scenario at time
1 without forgetting the scenarios learned before time .

To address the L2-EMG task, we propose the ES-MoE
framework (Figure 2). It contains a Motion Tokenizer that
encodes motion sequences into motion tokens, a causal-
guided emotion decoupling block that handles emotion de-
coupling, and a scenario-adapted expert constructing block
that enables effective scenario adaptation.

Motion Tokenizer

To convert 3D human motion data into tokens, we use a VQ-
VAE (Vector Quantized Variational AutoEncoder) (Oord
2017) as the motion tokenizer. As shown in Figure 2 (a),
the motion tokenizer consists of two main components: the
motion encoder £, which encodes the motion sequence into
discrete tokens, and the motion decoder D, which decodes
the motion tokens back into the motion sequence.
Specifically, the input to the motion tokenizer is a human
motion sequence mo, and the output is the reconstructed
motion sequence mo’. At first, motion encoder £ encodes
the human motion sequence mo into the motion feature em-
bedding e. Next, a quantization operation Quan(-) is ap-
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plied to transform the motion feature embedding e into z,
a sequence of code vectors, from the learnable codebook
C = {ci,ca,...,ck}, where k is the size of the codebook
and each code vector in the codebook is associated with a
discrete token. The quantization operation refers to finding
the code vectors in the codebook that are most similar to
the motion feature embedding e, which can be mathemati-
cally written as:z = {z1, ..., %, ..., 24, },2; = Quan(e;) =
arg min ||le; — c;l|2,

where ¢ € (1,de) and ¢; € C. de represents the number
of columns in the motion embedding e. e; and z; represent
the row vectors of e and its quantized output, respectively.
Finally, the decoder D can decode quantized code tokens
into reconstructed motion sequences mo’.

Causal-Guided Emotion Decoupling Block

In this paper, we leverage the causal intervention technique
(Pearl et al. 2018) and design a causal-guided emotion de-
coupling block to decouple the emotional representation
commonality in the motion and further emphasize the com-
monality of emotion in lifelong learning across different sce-
narios. This block consists of two parts: the causal interven-
tion graph aiming to decouple emotion via the front-door ad-
justment strategy (Pearl et al. 2018), and the deconfounded
causal attention that implements this strategy through atten-
tion mechanisms in the L2-EMG task, as described below:
Causal Intervention Graph for Emotion Decoupling.
First, to accurately model the causal relation in the de-



coupling process, we construct a causal intervention graph
as shown in Figure 2 (c). Here, X represents the model’s
input features, including motion and emotion information.
M denotes the decoupled feature representation. Y denotes
the motion’s emotion category, and C represents emotion-
irrelevant confounding factors, such as shallow motion se-
mantics. X - M — Y is a front-door path from X to Y,
representing the causal effect of the input features X on the
emotion category Y. X <— C — Y is a back-door path from X
to Y, representing the causal effect of the confounding fac-
tors C on the features X and emotion category Y.

To mitigate the causal influence of emotion-irrelevant
confounding factors C and further decouple the emotion in-
formation in the features, we adopt a front-door adjustment
strategy to alleviate the issue where the model is confused
by shallow motion semantics when identifying emotion in-
formation. Specifically, we use the do-operator (Pearl et al.
2018) to intervene on X = x to realize the causal effect of
X — Y and reduce the influence of C on X, thereby block-
ing the back-door path X <— C — Y. Afterward, we use the
front-door adjustment strategy to further compute the causal
effect of X — M — Y ((e) to (f) in Figure 2), which can be
mathematically written as P(Y|do(X = z)) =:

S PM=m[X)Y PX=z)P(Y|X=2,M=m)] (1)

Deconfounded Causal Attention for Emotion Decou-
pling. Next, we implement the front-door adjustment strat-
egy via the attention mechanism to decouple and highlight
emotion information in the input feature X. Specifically, we
adopt the Normalized Weighted Geometric Mean (NWGM)
(Srivastava et al. 2014; Xu et al. 2015) approximation to im-
plement the front-door adjustment strategy in Equation 1:

P(Y|do(X = x)) = Softmax(¢(sz, Sm)) (2)

where do is do-operator (Pearl et al. 2018). ¢(-) is the pa-
rameter network that simulates the predictive distribution
PYX=2M=m).s, =,  PM=m|f(X))x and
sm = »_, P(X = z[g(X))m represent the estimated re-
sults of self-sampling and cross-sampling, respectively. f(-)
and g(-) are the networks that generate query embeddings
for input features X. The generated query embeddings x and
m correspond to the variables z and m, respectively. While
self-sampling helps the model decouple emotion informa-
tion, it remains susceptible to confounding factors. Cross-
sampling is thus employed to learn true emotional common-
alities from other samples.

We implement the operation of self-sampling and
cross-sampling via the attention mechanism. Specifically,
the self-sampling result s, is computed by: s,
Vo - Softmax(Q,| K,,,), where Q,, comes from f(X).
Vm and K, are obtained by linear transformation of the
current input features X. The cross-sampling result s,, is
calculated by: s, = Vg - Softmax(Q/ Kg), where Q.
comes from g(X). Vg and K are obtained from a global
dictionary which is compressed from the training set. We
perform K-means clustering (Wong 1979) on the training set
samples to initialize this global dictionary. By learning emo-
tion commonality representations from other samples, the
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Algorithm 1: ES-MoE for lifelong learning on scenario ¢
1:

Input: Pre-trained mdoel parameters 6; Trained expert param-
eters {Af0; | j = 1,...,i — 1}, i-th expert parameters A6; to
be trained

Output: Final updated model parameters 6’

Obtain the emotion-highlighted input h

Construct the i-th expert parameters Af; = A;B,; for the cur-
rent scenario based on the LoRA method
Calculate the expert weights W;

Aggregate the parameters of all experts to obtain
the final updated model weights 6’

> Eq.(4)

cross-sampling result s, can effectively decouple the emo-
tion information in the input. Finally, we concatenate and
integrate s, and s,,, using a Feed-Forward Network (FFN)
with parameters W and b, and finally obtain the emotion-
highlighted input h = W (FFN/(s,) ® FFNy(s;,)) + b.

To better decouple the emotional commonality represen-
tation, we also design an emotional constraint loss. Specifi-
cally, we input the integrated features h into a simple emo-
tion classification network. This network consists of several
fully connected layers, each followed by a ReLU activa-
tion function to introduce non-linearity. Finally, the Soft-
max function outputs the probability distribution of emo-
tional categories. We use the cross-entropy loss function to
calculate the difference between the model’s predicted emo-
tional category probabilities and the true motion emotion la-
bel: Leymo = CrossEntropy (ye, 9. ), where y. and g, repre-
sent the true motion emotion label and the prediction result
of the classification network, respectively.

Scenario-Adapted Expert Constructing Block

Further, we design a scenario-adapted expert constructing
block based on the MoE (Jacobs et al. 1991; Yu et al. 2024a)
architecture to adapt to the gradually increasing motion sce-
narios and enable efficient knowledge transfer across differ-
ent motion scenarios. Algorithm 1 introduces the process of
constructing experts when encountering a new ¢-th motion
scenario, and two main processes are detailed as follows:

LoRA Experts Construction. To enable the model to ef-
fectively learn and retain knowledge across different mo-
tion scenarios, we design multiple experts for different sce-
narios based on LoRA (Hu et al. 2022). Specifically, we
train the model sequentially on n different motion scenarios
{51, 54, ...,S,}. Ateach time step ¢, our training objective
is:

> Li(for(t),mt),0 =0,001,..,A0;  (3)

(t,mt)eD;

arg min
0/

where D; represents the dataset of i-th scenario. fyp, repre-
sents the model with weight §’. Af; represents the change
in model parameters after training on the ¢-th scenario.
Given the simplicity and effectiveness of the LoRA
method, we use the LoRA module with parameters repre-
sented as A; x B; to simulate the parameter updates after
training on the ¢-th scenario. For each motion scenario S;,



U #Daily Life #Sports #Dance #Shows #Game #Animation #Instrument Play #Acrobatics Total
nseen
5407 2191 2068 1101 1618 1719 3903 1909 19916
Mixed #Scenariol #Scenario2 #Scenario3 #Scenario4 #Scenario5 #Scenario6 #Scenario7 #Scenario8 Total
ixe
2489 2489 2489 2489 2489 2489 2489 2493 19916

Table 1: Statistics of our constructed L2-EMG dataset. Unseen and Mixed denote two ways of splitting our dataset.

we assign a LoORA module as the motion generation expert
for that scenario. Since motion scenarios are inherently in-
terrelated, we adopt a Mixture of Experts (MoE) architec-
ture to complete the motion generation task corresponding
to the i-th scenario, which integrates the experts that have
already been trained up to time step 4, rather than solely re-
lying on the experts trained at time step ¢. The model param-
eters after training at the i-th time step can be represented
as: 0/ =043 W;A0; =0+ 375, W;A;Bj, where
represents pre-trained model parameters. Af; = A;B; rep-
resents the parameters of the LoRA expert corresponding to
the ¢-th scenario. W; represents the weight of the ¢-th expert,
measuring the expert’s contribution.

Gating Network Construction. Next, we design a gat-
ing network Gate(-) to generate weight W for each LoRA
expert. Specifically, the implementation is divided into three
steps: 1) First, we use orthogonal initialization (Saxe et al.
2014; Peng et al. 2024) to generate a set of mutually or-
thogonal expert keys, ensuring discrimination between dif-
ferent experts in the key feature space. 2) Then, we process
h, the emotion-highlighted input sequence in above Section,
through a learnable down and up projection layer (Zhao et al.
2024) and map it to a query embedding aligned with the ex-
pert key dimension. 3) Finally, we compute the dot product
similarity between the query vector and each expert key to
generate the weight of each expert, which can be denoted as:

6QueryEmbedding(h) TK;

W; = Gate(h,K;) = 4)

2271 eQueryEmbedding(h) T -K;

where h represents the emotion-highlighted input. K; rep-
resents the key vector of ¢-th expert.

At time step ¢, only the LoRA matrix and key vector of
the ¢-th expert are trained, while the query embedding net-
work remains trainable. To avoid over-reliance on previously
trained experts, we randomly mask trained experts from par-
ticipating in weight assignments depending on the training
time point. Among the remaining experts, we select the top
k most relevant ones based on their weight sizes and recal-
culate the weights using the Softmax function.

Optimization for ES-MoE

Our model training consists of two stages. First, we train a
VQ-VAE-based motion tokenizer that encodes motion se-
quences into tokens and reconstructs the original motion.
Second, we sequentially fine-tune the LLM using motion
generation datasets from different scenarios.

Stagel. Motion Tokenizer Training. To train VQ-VAE
as a motion tokenizer, we follow T2M-GPT to set the op-
timization goal L,q. L., consists of three main compo-

33543

nents: the motion reconstruction loss L., the embedding
loss Lemped, and the commitment 10ss L .ommit, Which can
be denoted as: L,q = Ly¢ + Lembed + Leommit-

Stage2. Continual Scenario Tuning. In the second stage,
we construct multiple L2-EMG datasets (detailed in Sec-
tion 4.1) to endow the model with the ability to continu-
ally generate emotional motions across diverse motion sce-
narios. Then, we sequentially fine-tune the model on these
datasets from different scenarios using the instruction “Gen-
erate a motion sequence that aligns with the following emo-
tional text description.” The loss in the second stage can be
expressed as: L = Ly, + Aemo- Here, L, denotes the
LLM next-token prediction loss, and L., denotes the emo-
tion classification loss mentioned in Causal-Guided Emotion
Decoupling Block, and A controls the weight of L.

Experimental Settings

Dataset Construction. We build two datasets correspond-
ing to ES-MoE’s two training stages. (1) For the motion
tokenizer training stage, we construct a text-motion pair
dataset using EmotionalT2M (Yu et al. 2024b) and selected
subsets of Motion-X (Lin et al. 2023). Samples contain
an emotional motion description and its motion sequence.
Since EmotionalT2M is small, we expand it with Motion-
X, whose texts and emotion labels are merged following
(Yu et al. 2024b) using ChatGLM (Zeng et al. 2023). The
processed Motion-X data is then combined with Emotion-
alT2M. (2) For the continual scenario training stage, we
encode motions into discrete motion tokens via the trained
tokenizer and convert them into instruction data. We cate-
gorize all samples into eight scenarios based on annotated
scenario labels, with two annotators and expert adjudica-
tion (Kappa = 0.85). (3) To evaluate L2-EMG, we design
two lifelong learning settings: the Unseen L2-EMG dataset,
which sequentially fine-tunes across eight scenario-specific
subsets, and the Mixed L2-EMG dataset, which randomly
mixes scenarios to mimic real-world incremental data. Each
subset has a primary scenario with fewer motions from oth-
ers and is split into train/val/test (0.8/0.05/0.15). More de-
tails are provided in Table 1.

Evaluation Metrics. Following prior studies (Guo et al.
2022; Yu et al. 2024b), let fi,j7 Tijs di7j7 mi 5, wfi’j denote
the widely-used motion generation metrics, i.e., FID, top-
1 R-Precision, diversity, multimodality score, and weighted
Fl-score of the generated motions in scenario j after the
model has been trained on scenario 7, respectively. Based on
these, the evaluation metrics for our ES-MOoE are calculated
as follows: Average FID (AF) of all generated motions with
different scenarios after training on the final motion scenario

N. It is computed by AFy = + Zjvzl fn.j; Average R-



Unseen L2-EMG Dataset

Mixed L?-EMG Dataset

Backbone Approach

AF| ART ADtT AMM?T AWFt FR| AF| ARt ADT AMM{ AWF{ FR|

LLaMA2 MTL 1.05 0.281 9.63 1.56 0.383 - 1.05 0.281 9.63 1.56 0.383 -
(Non-CL)  SeqLoRA 3,58 0.157 8.83 1.10 0.198 6.70 2.61 0.195 9.32 1.07 0.239  5.17
LwF-LoRA 438 0.164 844 0.95 0.152 576 336 0215 8.81 1.27 0.188  3.70
LLaMA?2 EPI 221 0.180 9.86 1.47 0256 489 199 0.207 09.13 1.33 0.283  1.51
(CL) O-LoRA 235 0214 9.29 1.18 0282 275 220 0236 9.82 1.29 0.296  -0.42
Prog-Prompt  7.30 0.102 6.75 1.84 0.128 7.16 577 0.153 8.12 1.87 0.134  5.09
SAPT 2.12  0.237 9.61 1.59 0313 -0.54 1.65 0245 947 1.82 0.327 -1.97
ES-MoE 1.89 0241 9.74 1.47 0340 -1.03 139 0.259 9.87 1.65 0.347 -3.03
LLaMA2  w/o CGED 207 0.248 9.53 1.39 0.312 -0.75 1.70 0.247 9.44 1.77 0.305 -1.74
(Ours) w/o SAMoE 248 0.206 9.08 1.78 0286 326 196 0.229 9.28 1.58 0.273  0.83
w/0 Lemo 201 0.232 945 1.42 0.326 -0.86 152 0.237 9.75 1.52 0.336  -2.59

Table 2: Comparison of our ES-MoE approach with other approaches on the L2-EMG dataset. ‘’(‘}’) indicates that the values

are better if the metric is larger (smaller).

Precision (AR): The average text-motion match top-1 pre-
cision of all generated motions with different scenarios af-
ter training on the final motion scenario N. It is computed
by ARy = Z;V:1 rN.;; Average Diversity (AD) per-
formance of all scenarios after training on the final motion
scenario V. It is computed by ADy = % Z;V:1 dn,j; Av-
erage MultiModality (AMM) performance of all scenar-
ios after training on the final motion scenario N. It is com-
puted by AMMy = % S my ;: Average Weight F1-
score (AWF) to evaluate the emotion performance of gen-
erated motions proposed by (Yu et al. 2024b). We com-
pute AWF after training on the final motion scenario N.
It is computed by AW F'y % Zjvzl wfn,;; Forget-
ting Rate (FR) of the model on the first N — 1 motion
scenarios after training on the final motion scenario N,
measuring how much knowledge has been forgotten dur-
ing the lifelong learning process. It is computed by Fly
ﬁ Z;\Sl (maxff:_jl Tk —TN;j)s

Implementation Details and Baselines. The baselines
we choose include: Multi-Task Learning (MTL, which trains
a model on multiple tasks simultaneously), SEQ-LoRA (se-
quentially fine-tuning the model using the LoRA method in
a predefined order). LWF-LoRA (Li et al. 2018), EPI (Wang
et al. 2023b), O-LoRA (Wang et al. 2023a), Prog-Prompt
(Razdaibiedina et al. 2023), and SAPT (Zhao et al. 2024). In
the continual scenario tuning stage, we use LLaMA 2 (7B)
(llama.com/llama?2) as the backbone of all baselines and ES-
MOoE, and fine-tune it with LoRA for a fair comparison. Fol-
lowing prior works (Wang et al. 2023a), we compute the re-
sults of all CL baselines three times with different scenario
orders and take the average as the final score.

Results and Discussion

Main Experimental Results. Table 2 presents a compara-
tive analysis of different approaches on the L2-EMG dataset.
From this table, we can see that: 1) Performance on Unseen
L2-EMG Dataset. On the Unseen L2-EMG Dataset, our
ES-MoE approach outperforms other baselines on almost
all metrics. For instance, compared to the best-performing
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baseline, SAPT, ES-MoE achieves better results on the AF,
AR, and AD metrics, suggesting that it generates more nat-
ural, coherent, and text-aligned motions in diverse scenar-
i0s. On the AMM metric, ES-MoE achieves comparable
results, indicating that the motions generated by ES-MoE
are diverse and rich. Moreover, ES-MoE also achieves bet-
ter performance in the AWF and FR metrics, further con-
firming its effectiveness in decoupling emotional informa-
tion from motions and its flexibility in adapting to entirely
new motion scenarios. 2) Performance on Mixed L2-EMG
Dataset. On the Mixed L2-EMG Dataset which better aligns
with real-world applications, our ES-MoE approach also
surpasses other baselines on most metrics. This indicates
that ES-MoE is not only effective at decoupling emotional
information and generating realistic and natural emotional
motions but also adapts well to the real-world scenario.

Effectiveness Study for Emotion Decoupling. To val-
idate ES-MoE’s effectiveness in addressing the emotion
decoupling challenge, we conduct ablation studies (Table
2). Specifically, w/o CGED and w/o L., denote set-
tings where the Causal-Guided Emotion Decoupling Block
(CGED) and the L, do not work, respectively. From this
table, we can see that: 1) w/o CGED performs worse on both
unseen and mixed datasets, especially in AWF score. This
justifies the effectiveness of the CGED block in decoupling
emotional commonality and enabling the generation of more
emotionally expressive motions. 2) w/o L., also shows a
performance drop in AWF and AR on both datasets. This
further demonstrates the effectiveness of the CGED block in
addressing the challenge of emotional decoupling.

Effectiveness Study for Scenario Adapting. To validate
the capability of ES-MoE in addressing the scenario adap-
tation challenge, we conduct related experiments, as shown
in Table 2. Specifically, w/o SAMOE refers to the setting
where the Scenario-Adaptive Mixture of Experts(SAMOoE)
does not work. From this table, we can see that: w/o SAMoE
shows a significant performance drop on both types of
datasets compared to ES-MoE, with all metrics substantially
decreased, especially AF and AR. This demonstrates that
scenario-adapted experts can efficiently adapt to newly in-
troduced motion scenarios, justifying the effectiveness of



SAPT(unseen) ES-MoE(unseen)

4.0 4.0

2.34 228

|

-3.0

|

-3.0

35 35

2.362.18 2.07 1.73

2.412.04 243 1.84 2.22 2.03

-2.5 -2.5

2.15 2.26 2.59 2.01 236 1.812.392.20

-2.0 -2.0

2.472.09 2.48 2.20 1.91 2.12 2.11 2.00 1.79 2.00

1.5 15

2.19 2.40 2.20 2.12 1.87 2.51 1.78 2.35 2.06 2.32 2.37 2.33

2.282.13 2.36 2.05 1.99 2.42 1.94 1o 1.96 2.08 1.74 1.91 2.14 1.67 1.83 10

SAPT(mixed)

ES-MoE(mixed)

4.0

175

|

-3.0

35

1.77
-2.5
1.66 1.72

R

1.80 1.75 1.74 1.7

. 168 .. 1.72. 173

-2.0

I1.5
1.0

Figure 3: Detailed AF results of four approaches on L2-EMG (Unseen), L2-EMG (Mixed), where bluer represents severe
forgetting of generation ability across different motion scenarios, indicating low performance; redder represents strong retention
of generation ability across different motion scenarios, indicating high performance.

Emotional Text
A man walks forward and
swings his arms, appearing
sadly disappointed.
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Figure 4: Visualization of motions generated by ES-MoE and other baselines. Red boxes indicate more precise emotional
expressions achieved by ES-MoE, whereas black boxes indicate the limitations observed in motions generated by the baselines.

SAMOE in addressing the scenario adapting challenge.

Forgetting Analysis across Different Scenarios. We vi-
sualize the FID performance of SAPT (best baseline) and
ES-MoE on Unseen and Mixed L2-EMG datasets in Fig-
ure 3. Each matrix entry (i, j) denotes the FID score on
the j-th scenario after training on the i-th scenario. Re-
sults show: 1) Final-scenario tests show no clear perfor-
mance drop—sometimes improvement—indicating minimal
forgetting in cross-scenario lifelong learning. 2) SAPT and
ES-MoE achieve effective knowledge transfer, with ES-
MOoE consistently yielding lower FID, reflecting more accu-
rate emotion decoupling and stronger scenario adaptability.

Qualitative Analysis via Visualization. Figure 4 shows
visual comparisons of motions generated by ES-MoE and
other methods. We observe: 1) All methods capture basic
patterns such as walking and arm swinging, but O-LoRA of-
ten produces incoherent or uncoordinated motions—for ex-
ample, in the first case, it swings both arms while walking,
causing unnatural movement. 2) SAPT shows limited emo-
tional understanding. In the second case, although it gener-
ates a coherent waving motion, the amplitude is too small
to convey the intended angry emotion. In contrast, ES-MoE
produces coordinated motions that accurately express the
target emotion and match the scenario.
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Conclusion

In this paper, we propose a new and challenging LLM-
Centric Lifelong Empathic Motion Generation (L2-EMG)
task aimed at enhancing the lifelong learning ability of
existing motion generation models in unseen scenarios.
To address the L2-EMG task, we propose an Emotion-
Transferable and Scenario-Adapted Mixture of Experts (ES-
MoE) approach. The ES-MoE method consists of a causal-
guided emotion decoupling block and a scenario-adapted ex-
pert constructing block, designed to tackle the challenges
of the sustainable transfer of common emotional repre-
sentations and the non-forgetting of scenario-specific mo-
tion characteristics, respectively. To comprehensively eval-
uate the ES-MoE approach, we construct multiple L2-
EMG datasets. Experimental results on the L2-EMG dataset
demonstrate the superior performance of ES-MoE compared
to several state-of-the-art baselines. In our future work, we
would like to transfer our ES-MoE approach to other tasks
across diverse scenarios, e.g., human-scenario interaction
motion generation (Jiang et al. 2024; Li et al. 2024), where
scenario continual adaptation remains a key challenge in this
task. Additionally, we also would like to use emotional mo-
tions as conditional guidance to assist humanoid robot con-
trol (Mao et al. 2024), in order to empower these humanoid
robots with not only intelligence but also empathetic ability.
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