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Experiment Results

Motivations

➢Human motions encode rich semantics that often correspond to intentions 
and instructions described in natural language. Precisely mapping between 
language and motion is essential for computational understanding and 
modeling of human behavior.

➢Current text-to-motion methods struggle with fine-grained semantic 
fidelity, especially in temporal and spatial coordination specified by 
instructions (e.g., “Walk forward in 5 steps and then walk backward in 3 
steps”), which leads to generic, imprecise motion generation.

➢The traditional symbolic system Labanotation offers a compact and 
interpretable way to specify complex, compositional movements, but its 
abstraction makes it challenging to directly connect symbolic representations 
with continuous motion data via machine learning.

Key Technology

➢ LabanLite: A frame- and body-part-wise motion representation based on 
Labanotation, enabling explicit and interpretable encoding of temporal and 
structural attributes. Bridges symbolic abstraction with machine learning for 
LLM-driven, interpretable motion planning.

➢ LaMoGen Framework: An end-to-end text instructions to LabanLite symbols 
via LLM-based planning, then generates fine-grained motion sequences.

➢ Labanotation-based Benchmark: A evaluation benchmark for evaluating 
motion-text alignment in symbolic, temporal, and harmony aspects., enabling 
transparent and interpretable assessment of generated motions.

Conclusion and Takeaway

➢Propose LabanLite, a symbolic motion representation aligning textual instructions with 
semantically and temporally matched sub-actions.

➢Bridge high-level language instructions with low-level motion execution, enabling language-driven 
agents to generate interpretable and modular motion plans.

➢Advance expressive and controllable robotics with improved text-to-motion alignment.

➢ (Left) Traditional joint embeddings often fail at semantic consistency.
➢ (Middle) LLMs compose motion plans via retrieval-augmented prompting:

➢A Conceptual Description Database maps motion captions to Laban Scores and Conceptual Descriptions.
➢User queries are matched to captions using semantic similarity (CLIP); top-K Scores and Descriptions are retrieved.
➢ LLMs edit or compose new conceptual plans (Scores + Descriptions) from retrieved data.

➢ (Right) Laban symbols adopted in LaMoGen.

➢Enables conversions between motions and Laban 
instances.

➢ LLMs perform high-level planning via retrieval-augmented prompting.
➢The Kinematic Detail Augmentor adds fine-grained details through 

autoregressive generation.

➢Prediction and Ground truth 

➢ Laban Metrics
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➢Motion-Laban-Text Paired Dataset
Examples of textual description
• Take a stride to the right — this is step two, following the 

sequence: right, left.
• Slide over to the right—step two in the progression goes: 

right, left.
• Proceed by stepping rightward for step two, continuing the 

series: right, left.
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