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1. Datasets details for the Leave-one-out ex-
periments

To create our held-out category datasets, we performed
keyword-based filtering of the HumanML3D dataset us-
ing carefully selected terms that capture the semantic
essence of each motion category. Our approach involved
scanning all textual descriptions in the dataset and in-
cluding any text-motion pair, where the description con-
tained at least one keyword from the target category list.

For the Object Manipulation category, we used the
following keywords:

pick, place, lift, carry, push, pull, throw, catch,
press, wipe, clean, stack

For the Posture and Balance category, we used:

t-pose, sit, stand, squat, kneel, bend, stretch,
lean, balance, stumble, trip, fall, handstand,
bridge

These keywords were selected by analyzing all tex-
tual descriptions in the HumanML3D dataset [1], ensur-
ing comprehensive coverage of the target motion cate-
gories, while minimizing overlap between them. This
keyword-based approach enables automated dataset
construction and captures all relevant motions, includ-
ing those described with varied linguistic expressions of
the same underlying action.

The filtering process resulted in 3,194 text-motion
pairs for Object Manipulation (approximately 23% of
HumanML3D) and 4,384 pairs for Posture and Balance
(approximately 31% of HumanML3D). Some examples
of the included prompts are shown in tables 1 and 2.

Table 1. Example prompts included in our Object Manipu-
lation dataset. These examples demonstrate the diversity of
object interaction scenarios captured this split of the dataset.

Example Prompts from the Object Manipula-
tion Dataset

Prompt 1: “A person holds something with
their hand and then they throw it.”

Prompt 2: “A person is catching something and
then throwing it back with his left hand.”

Prompt 3: “The person lifted a weight with his
right hand.”

Prompt 4: “A person throws something with
his left hand and receives something with his two
hands.”

Table 2. Example prompts included in our Posture and Bal-
ance dataset. These examples showcase the range of static
postures and balance-related movements captured in this cate-

gory.

Example Prompts from the Posture and Balance
Dataset

Prompt 1: “A person readies himself to do a
handstand and fails.”

Prompt 2: “A person stumbles forward and
back almost falling over.”

Prompt 3: “A person, slightly squatting with
arms stretched out to the sides, lowers their arms,
pauses and then raises their arms to the same
stretched out position.”

Prompt 4: “A person steps to left sits down and
then stands up to return to first position.”
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Table 3. Ablation study on forgetting after fine-tuning. We evaluate models pretrained on KIT-ML and fine-tuned on HumanML3D,
reporting results on the KIT-ML test set to assess the impact of fine-tuning on the original distribution. Results demonstrate
consistent preservation of performance on the original dataset, with some metrics showing improvements.

Method R@11 R@21 R@31 FID| MMDist| Diversity > MModality 1
Ground Truth 0.401 0.601 0.730 0 2.636 9.103 -
MoMask 0.433 0.656 0.781  0.204 2.779 - 1.131
MotionGPT 0.366 0.558 0.680  0.510 3.096 10.35 2.328
StableMoFusion 0.384 0.589 0.707  0.724 3.021 8.666 0.852
MDM-SMPL 0.215 0.375 0.467  0.593 3.339 8.832 1.269
StableMoFusion (Ours)  0.378 0.589 0.713  0.666 3.010 8.798 0.844
MDM-SMPL (Ours) 0.221 0.378 0.471  0.554 3.324 8.654 1.242
2. Additional Forgetting Analysis References

To provide a comprehensive assessment of our method’s
impact on the original data distribution, we present ad-
ditional forgetting analysis for the Kit-to-Human exper-
imental setting. Table 3 reports results for models pre-
trained on KIT-ML [6] and fine-tuned on HumanML3D,
then evaluated on the original KIT-ML test set.

The results in Table 3 corroborate our findings from
the Human-to-Kit setting, demonstrating that our RL
fine-tuning approach does not cause catastrophic forget-
ting. For StableMoFusion [4], we observe stable per-
formance across all metrics, with R@3 showing a slight
improvement (0.707 — 0.713) and FID improving from
0.724 to 0.666 (-8.0%). Similarly, MDM-SMPL main-
tains comparable retrieval performance while achieving
better FID (0.593 — 0.554, -6.6%).

Comparing both forgetting experiments, we observe
a consistent pattern: our method not only preserves the
original model capabilities but often leads to modest im-
provements in generation quality. This suggests that the
exposure to different motion styles and textual descrip-
tions during RL fine-tuning acts as a form of regulariza-
tion, enhancing the model’s understanding of motion-
text relationships across domains.

The absence of catastrophic forgetting is particu-
larly noteworthy given that our fine-tuning uses only
textual prompts without access to ground-truth mo-
tions from the target domain. This property makes our
approach highly practical for real-world deployment,
where maintaining performance on existing capabilities
while adding new ones is crucial for system reliability.

3. Additional Qualitative Comparison

Figure | shows additional qualitative results comparing
generations from our model against the baseline meth-
ods MDM-SMPL [5], MoMask [2], MotionGPT [3], and
StableMoFusion [4].
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(d) A person walks 2
steps forward, turns 180
degrees on the right foot
and walks again 2 steps

forward.

(a) A person walksina (b) A person goes to the  (c) A person stretch his
circle. right. body.

MotionGPT MoMask Ours

StableMoFusion

MDM-SMPL

Figure 1. Example of generation of our fine-tuned model compared against other baselines.
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