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Figure 1. (a) “Action Label to Motion” generates motion with a certain action label. (b) “Action Text to Motion” generates motion
with an explicit Action Text (texts contain action labels). (c) “Arbitrary Texts to Motion” encompasses a new Scene Text to Motion task,
where scene text refers to events or situations and does not contain explicit action labels. Understanding these scene texts and generating
corresponding reactive motions is a multi-solution task.

Abstract

Text to Motion aims to generate human motions from texts.
Existing settings rely on limited Action Texts that include
action labels (e.g., “walk, bend”), which limits flexibility
and practicability in scenarios difficult to describe directly.
This paper extends limited Action Texts to arbitrary ones.
Scene texts without explicit action labels can enhance the
practicality of models in complex and diverse industries
such as virtual human interaction, robot behavior gener-
ation, and film production, while also supporting the ex-
ploration of potential implicit behavior patterns. However,
newly introduced Scene Texts may yield multiple reason-
able output results, causing significant challenges in exist-
ing data, framework, and evaluation.

To address this practical issue, we first create a new
dataset HUMANML3D++ by extending texts of the well-
annotated dataset HUMANML3D. Secondly, we propose a
simple yet effective framework that extracts action instruc-
tions from arbitrary texts and subsequently generates mo-
tions. Furthermore, we also benchmark this new setting
with multi-solution metrics to address the inadequacies of

existing single-solution metrics. Extensive experiments in-
dicate that Text to Motion in this realistic setting is chal-
lenging, fostering new research in this practical direction.
More details are available in https://github.com/
RunqiWang77/TAAT.github.io.

1. Introduction

Text to Motion (T2M) denotes generating motions from nat-
ural language, reducing labor costs in industries requiring
motion capture and manual editing. While current T2M
methods have demonstrated effectiveness in controllable
settings, some real-world applications such as Open-world
games and virtual assistants often demand greater flexibil-
ity, where characters must dynamically respond to unre-
stricted and diverse scene inputs from users, rather than fol-
lowing a direct action command. For example, in an open-
world game, a player might warn an NPC, “Watch out! Left
punch incoming!” The NPC must interpret the intent and
dodge or block, rather than execute a “ punch” command.
Despite this need, existing T2M methods still relies on ex-















Figure 6. Visual results on Action Texts. Only our model performs all actions in the correct sequence, while other models exhibit issues
such as missing actions (MDM [45], MLD [3]), sequence disorder (T2M-GPT [57]), and spatial relationship errors (MLD [3]).

ter” and “Retrain” rows in the last two lines of Table 3. Ap-
plying the filter increases Hit Accuracy and reduces Mean
Hit Distance, indicating that the filtering effectively elim-
inates noise and irrelevant samples, thereby enhancing the
overall quality and relevance of the dataset.
Comparison of different LLMs. We use LLMs to con-
struct HUMANML3D++. To evaluate the generation ca-
pabilities of different LLMs, we employ multiple LLMs to
generate the same set of 100 scene texts based on the cor-
responding action texts, which are then evaluated by 23 as-
sessors. As performance differences are negligible, we do
not factor in minor variations when selecting a LLM. We ul-
timately choose Gemini considering both quality and cost.

LLM Excell.↑ Sut.↑ Inap.↓
GPT-3.5 16.3% 74.2% 9.5%
GPT-4o 25.9% 73.7% 0.4%
Llama-3-8B 18.3% 74.6% 7.1%
Gemini (Ours) 23.5% 75.9% 0.6%

Table 6. “Excell.,” “Sut.,” and “Inap.” represent the ability of
different models to generate scene texts from action texts, as per-
ceived by users, corresponding to “Excellent,” “Suitable,” and “In-
appropriate” levels, respectively.

Prompt design. Table 7 illustrates the impact of different
prompt designs on the Scene Text generation. Acc. denotes
the accuracy of the generated texts, while Score represents
the human evaluation score. Including all features (last
row) achieves the highest performance, indicating that our
prompt design enhances the robustness and effectiveness of
the generated outputs in dataset construction. In contrast,
omitting specific features, particularly Verbs or Examples,
leads to a noticeable decline in output quality.
Index Length. We evaluate the impact of index lengths on
the generated motions in Figure 7 and found that an optimal
index length of 7 yielded the highest generation quality. A
shorter index often leads to discontinuities and unnatural
postures, while a longer index tends to result in excessive

w/ Verb Quantity Few-shot Causality Acc.↑ Score↑
◦ • • • 58.2 1.80
• ◦ • • 76.4 3.75
• • ◦ • 37.6 1.40
• • • ◦ 81.8 3.80
• • • • 98.4 5.00

Table 7. Comparison of prompt strategies. w/ Verb indicates
verb usage restrictions; Quantity denotes quantity requirements;
Few-shot indicates inclusion of examples; and Causality reflects
descriptions of causal relationships.

pose repetition and increased computational costs.

Figure 7. Impact of index lengths on motion generation.

7. Conclusion

In summary, this study introduces a novel task: inferring po-
tential motions from Arbitrary Texts (including those with
no explicit action labels), which has not been previously
explored. Additionally, we propose a new dataset HU-
MANML3D++ and a more practical think-and-act frame-
work TAAT. To improve evaluation, we introduce multi-
solution metrics specifically designed for this novel task.
We conduct extensive experiments to fully investigate the
performance and zero-shot capabilities of existing models
across the two tasks: Action Texts to Motion and Scene
Texts to Motion. Our research establishes an essential foun-
dation for future investigations in this domain.
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