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iy Text-to-Motion Synthesis

= Previous methods

« ParCo (ECCV 2024)
v Problem: Body-part-specific prompts are not accurately reflected in the output
v" Solution: Modularize the model by creating separate networks for each body part

“a man picks something with his [part
description], shakes it then puts it back."
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= Previous methods

Text-to-Motion Synthesis

« Light-T2M (AAAI 2025)
v" Problem: Existing models are not small enough for practical use
v" Solution: Improve performance while reducing model size by leveraging Mamba and CNN modules
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& Text-to-Motion Synthesis
* Challenge

« Evaluation methods dependent on existing benchmarks like HumanML3D and KIT-ML

v Even papers claiming to generate complex motions well usually base their claims on strong benchmark results,
particularly FID scores

v' The same is true for papers that claim state-of-the-art performance
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Can FID on benchmarks really represent the quality of all motions?



& Problem setting

= Statistical analysis of text-to-motion synthesis benchmark

« Using an LLM to take motion text as input and perform event-based statistical analysis
v' Gemini is used as the LLM
v' Conducted on the HumanML3D test set
v Overwhelmingly, most motions contained only a single event
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= Statistical analysis of text-to-motion synthesis benchmark
« FID analysis of existing SOTA models on test samples with 4+ events

v AttT2M 0.112->1.077 (+861.6%)
v' GraphMotion 0.116->0.857 (+638.8%)
v MoMask 0.045->0.418 (+828.9%)
v Light-T2M 0.040->0.627 (+1467.5%)
v MoGenTS 0.033->0.423 (+1181.8%)
4 )

Existing models may
generate simple motions
well, but they struggle to
produce complex motions
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ff;f? Methodology

= QOur goal

 Building a model that generates not only simple motions well, but also complex motions effectively

* Proposed methods - EventT2M
 Instead of feeding arbitrary text directly into CLIP for token- or vocabulary-level conditioning, use an LLM

to segment the text and perform event-level conditioning

 Instead of CLIP, use TMR, which contains motion-related knowledge, for conditioning
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Quantitative results

= Analysis of experimental results

« While other models exhibit a sharp deterioration in performance, such as FID and R-precision, as the
number of events increases, our model, EventT2M, shows only a modest drop in performance

e |ts smaller model size also makes it more cost-efficient
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@? Qualitative results

= Analysis of visualized generated motions with four or more events
 In qualitative examples of complex motion generation, other models often omit motions, add unintended

ones, or produce incorrect movements, whereas our model generates them more accurately

« The user study also showed an overwhelmingly strong qualitative preference for our model
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A man walks forward and kicks with one foot two times and Timestep
walks backward then pauses and then kicks into the air two times.
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fi;? Ablation study

= Ablation analysis of the text encoder and event-level conditioning

« This demonstrates that TMR is used not merely because it contains motion-related knowledge, but
because it is better suited for complex motion generation; in contrast, CLIP is actually more effective for
simple motion generation

« This demonstrates that explicit event-level conditioning is more effective than token-level conditioning,
which only captures the meaning of individual vocabulary tokens
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.- Conclusion
o3
= Benchmark-based evaluation, particularly on HumanML3D and KIT-ML, is heavily
biased toward simple motions and does not fully reflect performance on complex
motion generation
= When evaluated on test samples with four or more events, existing SOTA models
show a sharp degradation in FID and R-precision, indicating limited robustness to

complex motions
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f@ i Conclusion

» By leveraging TMR and explicit event-level conditioning, EventT2M generates
both simple and complex motions more effectively while remaining compact and
cost-efficient
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—, Conclusion

(

» Qualitative examples and user study results further confirm that EventT2M
produces more faithful complex motions and is overwhelmingly preferred over
prior models
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