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In this supplementary material, we present:

Section 1: Training and inference details of DEMOGEN.

Section 2: Ablations on the hyper-parameters of
DEMOGEN-EXP.

Section 3: Ablations on orthogonalization loss Loy
weight o, for DEMOGEN-OSS.

Section 4: Ablations on orthogonalization loss Loy
weight o, and semantic consistency loss Lsc weight oz,

for DEMOGEN-SC.

Section 5: Additional results of multi-concept motion
generation.

Section 6: Ablation studies on the number of decom-
posed motion concepts K.

Section 7: Additional results on motion temporal compo-
sition.

Section 8: Inference time comparison.

Section 9: Text-to-motion evaluation on the extended
HumanML3D, i.e., DeCompML.

Section 10: Additional results of our compositional
training paradigm on MLD and MotionDiffuse.

Section 11: Ablations on text embeddings.

Section 12: Comparison with discrete representation-
based text-to-motion models.

Section 13: More details on datasets and evaluation
metrics.

1. Implementation Details

1.1. Training

For motion VAE, we apply downsampling in both the tem-
poral and spatial dimensions to obtain a latent feature z €
RL*N;j*di, - \where L' is the latent feature length with a
downsampling rate of 4. N; and d),, denote the number
of joints and latent feature dimension, which are set to 7
and 32, respectively. The VAE is initialized with pretrained
weights from [4] for fair comparison. For the diffusion
model, we use a 5-layer transformer with a dimension of
256. The learning rate is initialized at 0.0002 and subse-
quently reduced to 0.00002 following 50,000 training itera-
tions.

On the extended HumanML3D dataset, ie., De-
CompML, we finetune the latent diffusion models of two
recent state-of-the-art approaches, EnergyMoGen [10] and
SALAD [4], for 100K iterations and 300 epochs. The learn-
ing rates are set to 0.00001 and 0.00002, respectively. For
the experiments in Section 10, we apply our compositional
training paradigm to two classic and representative meth-
ods: MLD [8] and MotionDiffuse [11]. We follow their
original training configurations.

1.2. Inference

During inference, we sample 50 diffusion steps to gener-
ate motion from texts. The pseudocode for text-to-motion
generation (DEMOGEN-EXxP, -OSS, -SC) and composi-
tional motion generation (DEMOGEN-EXP) inference is il-
lustrated in Algorithm 1. Note that DEMOGEN-EXP adopts
a text replacement rate 7 during training, enabling high-
quality text-to-motion generation by duplicating the single
textual description. The ablation study for 7 is provided
in Section 2. Our model is trained with K = 2, but it
can still support a larger number of concept compositions
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Algorithm 1 Text-to-Motion Generation and Compositional Motion Generation

1: Require: Frozen VAE decoder D, denoising network €y, diffusion timestep 7', text
embeddings C = {c; }< |, a latent feature zp ~ N(0,1)

2. fort=1T,...,1do
3 if mod is latent-aware then
1 K
4 Epred < fzkzlee('zhclwt)
5 end if
6:  if mod is semantic-aware then
7 €Epred < € (zt7 C7 t)
8 end if
9:  // Run denoising step

/I Replace the cross-attention with DCA

10: Zt—1 = ﬁ('zt - ntepred) +N(073t1)
11: where oy = 1 — f4, oy = H§=1 a;, and n; = .

12: end for

Algorithm 2 Decompositional Motion Generation

Require: Frozen VAE decoder D, denoising network ey, diffusion timestep 7', text
embeddings C = {c; }H< |, a set of latent features {25 }5 | with z% ~ N(0,1)

2. fort=1T,...,1do

/I For both latent-aware and semantic-aware settings

4 fork=1,... Kdo
€];red — 69(Zf,ck,t)

6: /I Run denoising step
k _ 1 k k 2
21 = Ve, (Zt - ntepred) +N(07 ﬁt-[)
8: where oy, = 1 — B, oy = Hle g, and gy = \}%
end for
10: end for

by averaging energy scores based on Algorithm 1. For ex-
ample, we directly average the conditional distribution of
3 concepts on the MTT dataset. Furthermore, Algorithm 2
presents the pseudocode for decompositional motion gener-
ation, where decomposed concepts can be recombined us-
ing Algorithm 1.

2. Ablations on DEMOGEN-EXP

We conduct ablative experiments for DEMOGEN-EXP on
HumanML3D, DeCompML, and MTT. Text-to-motion re-
sults are provided in Table 1. As 7 increases from 0.0 to
0.7, we observe that the model consistently shows improved
R-Precision, FID, and MM-Dist. The results for compo-
sitional motion generation on the DeCompML dataset (in
Table 2) demonstrate similar findings. 7 =0.7 achieves the
best results under both latent-aware and semantic-aware set-
tings. We also investigate the impact of 7 on a more compli-
cated benchmark, i.e., MTT. As shown in Table 3, we find
that the latent-aware DEMOGEN-EXP significantly outper-
forms the current state-of-the-art model, i.e., EnergyMo-

Gen [10] across all settings of 7. As for the semantic-aware
model, we achieve improvements in most metrics, such as
R-Precision, TMR-Score, and Transition distance, except
for a decline in FID.

It is worth noting that the semantic-aware model per-
forms better when the input conditions remain within the
training distribution (HumanML3D and DeCompML). In
contrast, the latent-aware model demonstrates stronger gen-
eralization in out-of-domain scenarios (MTT). Please note
that all experimental results in Table 1-3 are obtained using
models trained on the HumanML3D dataset (with decom-
posed textual descriptions from DeCompML).

3. Ablations on DEMOGEN-OSS

We study the impact of orthogonalization loss weight «, in
DEMOGEN-OSS, and the results are reported in Table 4.
All tested values of «, deliver competitive performance.
Notably, a, = 2.0 yields the best performance for the
latent-aware configuration, while o, = 1.0 performs best
under the semantic-aware setting.



R-Precision 1

T Top-T Top-2 Top-3 FID | MM-Dist |  Diversity —
latent-aware
0.0 0.532%F005 (726004 (820003 (255012 9 9goat012 g ryorElll
03  0.562F004 (756004 (.844F003 108+ 004 9 753+017 9.766+-104
0.5  0.565T0%  .757t003  (.845%F:003  (095+004 9 757H 0L 9.849%-102
0.7 0.569%00% 07600 0.850%t004 (.078%+003 2708012 9 774%.099
semantic-aware

0.0 0564093  (.756F004  (.845F:002 (097016 9 764E012 g 7RgE05T
03  0.579%04  (.769%003  (.858%:003 (9 118+ 007 9 ggq+-009 9.858+:054
0.5 0.583%002  (.774%+004 865+ 002  (0.100+006  2,632+006 9.807+:063
0.7 0.586%0%% 776003  (.863%002  (.116F%% = 2.623*008 9.873+057

Table 1. Ablation of text replacement rate 7 in DEMOGEN-EXP for text-to-motion on the HumanML3D test set. Bold and underlined

denote the best and second-best results, respectively.

R-Precision 1

T Top-1 Top-2 Top-3 FID | MM-Dist |  Diversity —
latent-aware
0.0  0.544F005 (738005 (830003 (0,089 006 9850+ 010 g 73+09
0.3  0.551%F005  (.743%006 (. 834%:004 (9 109* 007 9,817+ 023 9.735%104
0.5  0.550F00%  (.743+002  (.834+:003 (9 93+ 007 2817+ 015 9.803+105
0.7 0.559+004 (754004 (g gq2+004 (g g9E 005 9 75g8E014 g 75GE-115
semantic-aware

0.0  0.547%F004 (737002 (go7E004 (163010 9 goH-007 9.864%:056
03  0.561F09%  .750F003 (841003 (.111F096 9 765+010 9.809+062
0.5  0.565T04  .757F004  (.845F:003 (095006 9 790+012 g g7q+056
0.7 056794 0760+ 003  (0.846+002  (.102+007  2719+009 g 786+ 058

Table 2. Ablation of text replacement rate 7 in DEMOGEN-EXP for motion composition on DeCompML.

4. Ablations on Loss Weights a,. and o, for
DEMOGEN-SC

The results are provided in Table 5. We first conduct an
ablation study on the scaling loss weight a., building on
the findings presented in Section 3. We then further exam-
ine the performance of the model without orthogonalization
loss. For the latent-aware DEMOGEN-SC, although set-
ting oy to 1 slightly degrades performance, we retain this
value to encourage the model to learn from the decomposed
text. Conversely, for the semantic-aware model, setting o
to 1 achieves the best performance. Meanwhile, the per-
formance decreases when the orthogonalization loss is re-
moved, further demonstrating its effectiveness.

5. Additional Results of Multi-concept Motion
Generation

The results are shown in Table 6. We observe that the
semantic-aware setting surpasses the latent-aware setting on
both DEMOGEN-OSS and DEMOGEN-SC, indicating its
stronger ability to generate motions from a single complex
textual description. Please refer to Table 3 for the results
and analysis of motion composition.

6. Ablation Studies on the Number of Decom-
posed Motion Concepts /X

We explore the effect of the number of decomposed motion
concepts K on HumanML3D. GPT-4.1 is used to generate
decomposed texts with three or four components (see Sec-



R-Precision TMR-Score 1 Transition

Methods R@It R@37 | M2T  M2M | TP igtance |
latent-aware
EnergyMoGen (latent) |97 196 | 0547 0521 | 0917 1.6
DEMOGEN-EXP (7=0.0) 16.5 31.9 0.594 0.566 | 0.630 1.7
DEMOGEN-EXP (7=0.3) 16.3 31.7 0.594  0.570 | 0.607 1.6
DEMOGEN-EXP (7=0.5) 15.3 31.1 0.596 0.563 | 0.648 1.5
DEMOGEN-EXP (7=0.7) 16.2 31.9 0.597 0.570 | 0.621 1.6
semantic-aware

EnergyMoGen (semantic) ‘ 15.1 27.5 ‘ 0.585  0.567 ‘ 0.569 2.2
DEMOGEN-EXP (7=0.0) 13.5 27.1 0.577 0.560 | 0.606 2.1
DEMOGEN-EXP (7=0.3) 14.1 28.2 0.581  0.563 | 0.648 1.8
DEMOGEN-EXP (7=0.5) 15.2 30.1 0.594 0.564 | 0.643 1.8
DEMOGEN-EXP (7=0.7) 14.8 29.3 0.584 0.568 | 0.631 1.8

Table 3. Quantitative comparison on the MTT [6] dataset. We compare our approach with EnergyMoGen and analyze the impact of the

text replacement rate 7.

R-Precision 1

Qo Top-1 Top-2 Top-3 FID | MM-Dist |  Diversity —
latent-aware
0.0 0.582%005 (771003 () gE5E.003 () 138005 9 G49+-008 9.851+147
0.1  0.584F007 (771005 () g57E-001 0.097%+:004 9 641+016 9.781%+:096
0.5  0.584%003 775004 (860t 003  (.092+005  929+:009 g 729+145
1.0 0.583%:003 (. 772%005  (g57+003 g g7qt004 9 G35+-009 9.799+-107
2.0 0.588*%004 g 778+002 g gE1IEV03 (. 92+003 2625007 g 779%120
semantic-aware
0.0 0.583F004 (771003 (856003  0.093%F005 9 649+009 g 7gyE123
0.1  0.583*005  776+002 (861003  (.113%005 2.648+ 011 9.928+112
0.5 0.583%08  0.776%003  0.861F092  (.112%F09%  2662+010 9.929+126
1.0  0.584+002 (g 774%003  (g5g*F-001 104+ 005  2637F014  gg77E127
20 0.578F004  (.769%003 (855004 (107004 9 geHE010 9.905% 114

Table 4. Ablation of orthogonalization loss weight o, for DEMOGEN-OSS on the HumanML3D test set. We find that a,, =2 and
a, =1 yield the best performance for latent-aware and semantic-aware DEMOGEN-OSS, respectively.

tion 13 for more details), and a latent-aware DEMOGEN-
EXP is trained accordingly. As shown in Table 7, with
an increasing number of decomposed motion concepts K,
several key metrics, including FID and R-Precision, con-
sistently decline on DEMOGEN-EXP. We believe that the
decrease is mainly due to the limited information in Hu-
manML3D texts, which constrains the extraction of high-
quality components under three- or four-part decomposi-
tions. To verify this, we further conduct experiments on
DEMOGEN-OSS, which does not require decomposed tex-

tual instructions. We find that K = 4 achieves performance
comparable to that of K = 2. Furthermore, we conduct ex-
periments on energy aggregation methods, i.e., summation
and averaging over K concepts. Table 8 shows that, com-
pared with mean aggregation, summation leads to worse
FID.



R-Precision 1

Q, Qe Top-T Top-2 Top-3 FID | MM-Dist |  Diversity —
latent-aware
20 0.1 0569992 761%004 847+ 006 g q112F006 9 71+ 016 g 7gzE125
20 05  0.560F00% 7561003 (0.846F 002  (.152%:004 9 754+010 9.935+116
20 1.0 0.565T003  .757F004 (846003 (.121F005 9 739+.009 9.933+131
0.0 1.0 0560004  752%:004 (g gq5E003 185+ 008 9 7494006 9.976+151
semantic-aware
1.0 0.1  0.564F003  (.755+006 (9 g8q5+005 (132007 9 741+016 9.954+182
1.0 05 0557003 (751%E002 () gq1E 003 (g 174E006 9 774E.012 0.924+:154
1.0 1.0 0.565%%2 (758+003  (846+003  (.138+005 977010 g 769+-158
0.0 1.0 0561003 (7555004 () gqq+003 g RO 004  9.734+009 g 71a+145

Table 5. Ablation of loss hyper-parameters in DEMOGEN-SC on the HumanML3D test set.

R-Precision TMR-Score 1 Transition
Methods R@IT R@31 | M2T MM | TPV disance |
Multi-concept motion generation (single text)
DEMOGEN-OSS(latent) 14.9 29.5 0.584 0.57 0.580 2.6
DEMOGEN-OSS (semantic) 154 29.2 0.585 0.571 | 0.598 24
DEMOGEN-SC (latent) 14.3 29.7 0.578  0.568 | 0.585 2.7
DEMOGEN-SC (semantic) 14.8 29.1 0.578 0.569 | 0.575 2.6

Table 6. Quantitative results on MTT [6]. We present the multi-concept generation results of the semantic-aware DEMOGEN. The

metrics are computed following STMC [6].

7. Additional Results on Motion Temporal
Composition

We also present results for long-motion generation on the
HumanML3D dataset. The results in Table 9 show that
our model outperforms existing state-of-the-art approaches.
Our approach is implemented using the “first take” from
PriorMDM [7]. Please note that InfiniDreamer [12] is
specifically designed for long-motion generation, while our
approach offers a general training paradigm that improves
multiple tasks.

8. Inference Time Comparison

We compare the inference time of our approach with ex-
isting state-of-the-art methods in Table 10. All experiments
are conducted using a batch size of 1 on a single V100 GPU.

9. Text-to-motion Evaluation on the De-
CompML Dataset

In Section 4.5 of the main paper, we demonstrate that lever-
aging the decomposed motions as additional training data

can improve text-to-motion performance. In Table 11, we
provide complementary evaluation metrics and further val-
idate our dataset by presenting results on a classical VQ-
VAE-based approach, i.e., T2ZM-GPT [9]. The improve-
ment for SALAD is mainly reflected in the FID metric,
which we attribute to its already strong performance in
terms of R-precision and MM-Dist. Both T2M-GPT and
EnergyMoGen show improvements in motion smoothness
(FID) and text-motion consistency (R-precision and MM-
Dist).

10. Additional Results of Our Compositional
Training Paradigm on MLD and Motion-
Diffuse

To comprehensively validate our approach, we apply the
compositional training paradigm to MLD [8] and Motion-
Diffuse [1 1], the results are presented in Table 12. We train
both models based on orthogonal self-supervision (OSS)
under a latent-aware setting. Notably, we find that Mo-
tionDiffuse achieves better performance when predicting
x(. The experimental results demonstrate that our approach
serves as a general training paradigm, which can be seam-



R-Precision 1

K Top-1 Top-2 Top-3 FID | MM-Dist |  Diversity —
DEMOGEN-EXP

2 0.569%94 076009  0.850t0%% 0.078%F09 2708+ 012  9.774%099

3 0.556=:005  (.749%-005 0.840*003  (.110*+005 2.786+-016 9.820+:133

4 (0.553F005 (g 748%F:004 () g36+:002 () 157+005 9 7g5+.011 g 7gg3+116
DEMOGEN-OSS

2 0.588*F004 (o 778t002 () gF1+003 92+ 003 2 25+007 g 77gE120

4 0.584*F007 776002 (.862%:002  (.100% 006 2.636+016 9.801%+-247

Table 7. Ablation on the number of decomposed concepts X on the HumanML3D test set.

R-Precision 1

Top-1 Top-2 Top-3 FID | MM-Dist |  Diversity —
mean value  0.569F:00%  (.760%:005  (.850%-004  (.078%003 9. 708+012 g 774%099
summation ~ 0.568%00%  (0.760%003  0.850%002 (119011 9713+007 g g31+149

Table 8. Ablation study of different energy aggregation methods.

Methods R-Precision 1 FID | (motion) FID | (transition)
PriorMDM* 0.603 £0.009 1.36 £0.03 3.19+0.29
InfiniDreamer*  0.679 £ 0.007  0.47 £0.12 2.04 £0.28
latent-Exp (Ours) 0.679 £0.008  0.34 £ 0.05 2.01 £0.17

Table 9. Quantitative results on HumanML3D. x results are
from InfiniDreamer [12]. R-Precision denotes the Top-3 accuracy.

Methods‘FineMoGen EMG SALAD‘semantic-Exp latent-Exp
AIT (s) ‘ 2.54 0.66 0.61 ‘ 0.80 0.65

Table 10. Inference time. AIT (s) indicates Average Inference
Time per sentence in seconds.

lessly integrated with existing diffusion models.

11. Ablations on Text Embedding

For DEMOGEN-OSS and DEMOGEN-SC, we split word-
level text features along feature dimensions and intro-
duce additional layers (e.g., Transformers and MLPs) to
learn the decomposition patterns. Results of latent-aware
DEMOGEN-OSS in Table 13 show that global embeddings
largely degrade performance, whereas using two separate
networks on non-split embeddings (with Loy ) results in a
minor drop.

12. Comparison with Discrete Representation-
based Text-to-Motion Models

Since our method is diffusion-based, the main paper only
includes comparisons with diffusion-based methods. Ta-
ble 14 shows that our approach also largely outperforms dis-
crete representation-based methods, i.e., M2D2M [1] and
MoMask [3], in Top-1,2,3 accuracy and MM-Dist, while
achieving comparable FID.

13. More Details on Datasets and Evaluation
Metrics

13.1. DeCompML

This section describes how decomposed text in De-
CompML is generated. We utilize a large language model
and design prompts to automatically perform the decompo-
sition of the given text. The text prompt is shown in Ta-
ble 15. We experiment with multiple large language mod-
els, including GPT-40, GPT-4.1, GPT-5, and GPT-OSS-
120B (OpenAI’s 120B open-source model). GPT-OSS-
120B and GPT-40 often fail to effectively decompose the
text, frequently producing empty outputs. GPT-5 requires
longer inference time and sometimes generates additional
irrelevant content. Therefore, we ultimately select GPT-4.1
for our decomposition tasks.

13.2. Evaluation Metrics

We evaluate text-driven human motion generation using the
models and metrics from Guo et al. [2]. Motion quality



R-Precision 1

Method Top-1 Top-2 Top-3 FID | MM-Dist |  Diversity —
T2M-GPT [9] 0.491%+:003  (.680F:003 (. 775+:002 (116004 3 118+011 9.761%081
T2M-GPT [9]* 0.497%+:004 (685002 (9 780+003 (. 102+008 3 (17+007 g 748+ 074
EnergyMoGen [10]  0.523%09%  .715%002  (.815+:002  (188+:006 9 915+007 g 488+-09
EnergyMoGen [10]*  0.526500  .718+%:002  (,818+:003 (0 147+:004 9 ggq+009 g 399+.084
SALAD [4] 0.581%003  (.769+003 (857002 (76002 9 G49+-009 9.696+:096
SALAD [4]* 0.580%003  (.769%003 (. g57%003 () g0E005 9651009 g 379149

Table 11. Quantitative comparison on the HumanML3D test set. * denotes that the model is finetuned on DeCompML.

R-Precision 1

Method Top-1 Top-2 Top-3 FID | MM-Dist |  Diversity —
MLD [8] 0.481%003  ( g73+:003 779002 (g 473013 3196+ 010 g 794+.082
DEMOGEN-MLD [8] 0.490% 003 .680% 004 (7761003 (.288+:005 3 194+ 01l g 785+ 115
MotionDiffuse [11] 0.491%F 001 681001 (. 782+001 () 630+ 00T 3113£001 g 410%049
MotionDiffuse [11]% 0.523+002 () 714%:004 g g7+:002 () og7E005 9 g19%010 g g56+107
DEMOGEN-MotionDiffuse [11]8  0.527%002  0.719%003  (.820%:004 (141006 2 9pg+:009 g gog+096

Table 12. Quantitative results on the HumanML3D test set. § indicates that we train MotionDiffuse using an x-prediction objective

and apply DDIM for inference.

is measured by FID, text-motion alignment by R-Precision
and MM-Dist, and diversity by Diversity and Multimodal-
ity metrics. The feature sets of ground-truth and generated
motions are denoted as m and m, respectively.

R-Precision. For each motion sequence, we use 32 text
descriptions (one ground-truth and 31 randomly selected
mismatched) and rank them based on the Euclidean dis-
tance between motion and text embeddings. We report Top-
1, Top-2, and Top-3 accuracy for motion-to-text retrieval.

FID. The Fréchet Inception Distance (FID) serves as a
key indicator of the realism and quality of synthetic mo-
tions. It calculates the statistical difference between the fea-
ture space of the generated samples (1) and the real data
(m):

FID = ||ptsi — pm || + TR(Zs5 + S — 20/ 00 Zm ). (1)

Here, 1 represents the feature set mean, and X is the co-
variance matrix. A key property is that lower values of FID
imply higher fidelity to the real data distribution.

MM-Dist. We compute the average Euclidean distance
between each text embedding and the corresponding motion
embedding generated from that text, providing a measure of
alignment between text and motion features.

Diversity. We quantify the variation of motions generated
from different text descriptions in the test set by randomly
sampling 300 motion pairs. For each pair, we compute the
Euclidean distance between their feature representations,
and define the Diversity metric as:

mgi) _ Thgi)

; (@)

1 300
Diversity = 300 Z

=1

where m denote the motion features of the

i-th pair.

gi) and mfj)

Multimodality. To evaluate the variation among motions
generated from the same textual description, we adopt a
procedure similar to Diversity. Following Guo et al. [2],
we generate multiple samples per text and partition them
into two random subsets. The Multimodality metric is cal-
culated as the average Euclidean distance between paired
features from these subsets, following the same formulation
as the Diversity metric.

Following STMC [6] and EnergyMoGen [10], we eval-
uate compositional motion generation using R-Precision,
TMR-Score, FID, and Transition Distance. The TMR-
Score quantifies motion-text alignment via the cosine simi-
larity of embeddings derived from the TMR model [5], sim-
ilar to MM-Dist. Transition Distance is computed as the
Euclidean distance between consecutive frames.



Methods Topl1t Top2t Top31 FID| MM Dist] Diversity —
global embed 0.517%004 0.712%:003 (806001 (.187F904 3,050%021 9.845+035
w/o embed split 0.585%002  (.774%:003 (0 857+:001 (119005 9 641+012 9 g7g+-108

DeMoGen-OSS (latent) 0.588+004

0.778+002 0.861%°%° 0.092+°° 2.625°7 9779+ 120

Table 13. Ablations on different text embeddings.

Methods Toplt Top2t Top31 FID] MM Dist| Diversity—
MoMask [3] 0.521+F002 (9 713%+:002  (go7+002 () 45%+:002 9 g58+-008 -

M2D2M [1] - - 0.799%:002  ( 87+004 3 (18+008 g g7o+-086
DeMoGen-Exp (latent)  0.56979%%  0.760%00°  0.850%:004  .,078%003 9 708+:012 g 774+-09

Table 14. Comparison with discrete representation-based models on the HumanML3D [2] test set.
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Prompt:
I have a text description of a human motion. Your task is to split this description into exactly two separate sentences.

Each sentence should describe one distinct human motion. If the original text contains style, emotion, speed, or
environment information, you must preserve it in the corresponding sentences. No additional information should be
added if it is absent in the original text.

Focus on accurately capturing the original meaning. The two sentences, when combined as sequential or simultaneous
motions, should reproduce the meaning of the original description.

STRICT OUTPUT FORMAT (must follow exactly):

- Return ONLY the two sentences joined by a single “#”.

- Both <sentencel> and <sentence2> must be non-empty and contain meaningful words (not just spaces or
punctuation).

- No labels, no explanations, no numbering, no quotes, no code fences, no extra spaces, and do not repeat the input.

- The output must match the pattern: <sentencel>#<sentence2>

Example:

Input: a person is walking forward while waving his left hand.

Output: a person is walking forwardf#fa person is waving his left hand.
Now split the following sentence:

Table 15. Prompt for splitting human motion descriptions into two distinct sentences.
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