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Figure 1. Illustration of our HSI-GPT’s supported tasks. Given different instruction prompts, the proposed HSI-GPT not only accommodates

multiple control conditions but handles various HSI-related tasks as well as motion-centric understanding and generation tasks uniformly.

Abstract

While flourishing developments have been witnessed in
text-to-motion generation, synthesizing physically realistic,
controllable, language-conditioned Human Scene Interac-
tions (HSI) remains a relatively underexplored landscape.
Current HSI methods naively rely on conditional Variational
AutoEncoder (cVAE) and diffusion models. They are typ-
ically associated with limited modalities of control sig-
nals and task-specific frameworks design, leading to in-
flexible adaptation across various interaction scenarios and
descriptive-unfaithful motions in diverse 3D physical envi-
ronments. In this paper, we propose HSI-GPT, a General-
Purpose Large Scene-Motion-Language Model that ap-
plies “next-token prediction” paradigm of Large Language
Models to the HSI domain. HSI-GPT not only exhibits re-
markable flexibility to accommodate diverse control signals
(3D scenes, textual commands, key-frame poses, as well as

scene affordances), but it seamlessly supports various HSI-
related tasks (e.g., multi-modal controlled HSI generation,
HSI understanding, and general motion completion in 3D
scenes). First, HSI-GPT quantizes textual descriptions and
human motions into discrete, LLM-interpretable tokens with
multi-modal tokenizers. Inspired by multi-modal learning,
we develop a recipe for aligning mixed-modality tokens into
the shared embedding space of LLMs. These interaction
tokens are then organized into unified instruction follow-
ing prompts, allowing HSI-GPT to fine-tune on question-
and-answer tasks. Extensive experiments and visualizations
validate that our general-purpose HSI-GPT model delivers
exceptional performance across multiple HSI-related tasks.

1. Introduction

The evolution of Generative Artificial Intelligence [38–

40, 59] has prompted extensive research into single-modality

conditioned human motion synthesis, where various control
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signals—ranging from text descriptions [56, 58, 64, 70] and

audio [23, 75, 76] to 3D scene [49, 52, 58]—have been in-

vestigated. However, a practical Human Scene Interaction

(HSI) conditioned by textual commands remains a longstand-

ing challenge. Indeed, synthesizing motions in a contextual,

3D physical world is a focal point in advancing Embodied

AI tasks, e.g., humanoid robots controlling, and scene-level

navigation. Intertwined dynamics among motions, textual

prompts, and physical constraints of 3D scenes complicate

text-conditioned HSI tasks. Thus, achieving a controllable

and generalizable HSI holds immense significance.

Existing methods rely on straightforward conditional gen-

erative models, e.g., diffusion models [4, 53, 58] and condi-

tional Variational AutoEncoder (cVAE) [34, 48, 52]. While

significant strides, they are hindered by several primary limi-

tations: (1) Non-uniform control conditions with less flexibil-
ity. [52, 53] are constrained to a single control condition, i.e.,
textual descriptions. While [58] extends multi-frame pose

control, it still fails to integrate these multi-modal signals in

a unified manner—limiting the flexibility and interactivity

of HSI models. (2) Limited scalability in task-specific frame-
works. Current methods design task-specific models, lacking

cross-task generalization capabilities across multiple HSI-

related tasks (e.g., captioning, in-betweening, prediction).

Moreover, they fail to fully capitalize on the general world

knowledge of LLMs, leading to physical inconsistencies and

the inability to replicate analogous actions in unseen 3D

scenes. (3) Inadequate exploration of the complex interplay
of scene, motion, and language. Previous studies [4, 52, 53]

regard 3D scenes, human motion, and language as isolated

modalities, making it challenging to achieve arbitrary con-

versions between them. Without explicit alignment and re-

lational mapping, the generated human motions are neither

descriptive-faithful nor physically plausible in a 3D scene.

Recent studies into the success of Multimodal Large Lan-

guage Models (MLLMs) [24, 26, 74] have underscored their

flexibility and scalability. Our key insight from these stud-

ies is to empower the LLM to comprehend and generate

human-like motions in 3D scenes. In this work, we propose

HSI-GPT, the first General-Purpose Large Scene-Motion-
Language Model that leverages the powerful reasoning ca-

pabilities of LLMs. As illustrated in Fig. 1, our HSI-GPT

stands out by unifying diverse control modalities of HSI into

the text prompts, and supporting multiple HSI-related tasks,

e.g., multi-modal controlled HSI generation, HSI completion,

HSI captioning, and motion-centric tasks.

We develop a three-stage training pipeline to enable our

HSI-GPT to synthesize physically realistic motions interact-

ing with 3D scenes. (1) Multi-modal Tokenization. Our HSI-

GPT learns a motion-aware Vector Quantized Variational

AutoEncoder (VQ-VAE) [5, 51, 63] to map continuous mo-

tions to discrete code indices. The 3D scene and affordance

maps are then encoded into visual tokens, using pre-trained

point cloud and affordance encoders. Further, we integrate

diverse conditional tokens into unified instruction templates
to guarantee the scalability and flexible control of our HSI-

GPT. (2) Multi-modal Pre-training Alignment. Similar to

natural language, LLM-interpretable motion tokens convey

the interaction intentions between humans and 3D scenes,

which can be interpreted as non-verbal “body language”.

Motivated by this, we combine the text and motion tokens

into a joint motion-language vocabulary and indiscriminately

treat tokens from different modalities. For 3D vision to-

kens, we adopt a Multi-modal Interaction Aggregator (MIA)

that aggregates information from affordance map prompts

and 3D scenes, resulting in a fixed-length set of learnable

querying tokens. These interaction-aware query tokens are

mapped into the LLM’s feature space with MLP layers. We

optimize the LLM on a mixture of pre-defined tasks with

the next-token prediction objective, involving interleaved

scene-motion-text triplets. With aligned multi-modal space,

HSI-GPT enables us to explore the comprehensive relation-
ships of scene, motion, and language. (3) Instruction Tuning.

HSI-GPT is fine-tuned combined with an elementary markup

description of tasks by answering HSI-related questions with

efficient LoRA [16]. We present the first effort to extend

instruction following to joint scene-motion-language space,

generalizing to various HSI-related tasks.

Extensive experiments verify that our HSI-GPT delivers

competitive performance across multiple HSI-related tasks

and supports additional motion-centric tasks. With general

world knowledge of LLMs, HSI-GPT showcases powerful

zero-shot transfer abilities in unseen 3D environments. In

summary, our contributions to the community include:

• We first introduce a general-purpose Large Scene-Motion-
Language Model, HSI-GPT, capable of unifying diverse

control signals and supporting multiple HSI-related tasks.

• We propose a multi-modal pre-training & instruction tun-

ing pipeline to align 3D scene, human motion, and lan-

guage into LLM’s feature space and enable knowledge

transfer across various HSI-related tasks through prompts.

• We establish a general text-conditioned HSI benchmark

for multi-task evaluation, highlighting that our HSI-GPT

achieves notable performance across diverse tasks.

2. Related Works
2.1. Text-based Human Motion Generation
In the past years, synthesizing human motions conditioned

on textual descriptions [1, 5, 9, 11, 22, 35, 43, 63, 65] has

been driving and dominating research frontiers. Previous

researches [1, 2, 15, 35, 42] learn a joint embedding space

of motion and text with the VAE [21] or CLIP [36] models.

Recently, applying VQVAE and diffusion models to text-

based motion generation tasks has emerged as a burgeoning

interest. For instance, T2M-GPT [63], MoMask [11], and

UDE [73] quantize the human motions into discrete tokens
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with VQVAE and leverage transformers [46] to translate

discrete motion indices to text. [5, 43, 64, 65] apply off-

the-shelf diffusion models (e.g., DDPM [17] and LDM [39])

for plausible and controllable text-driven motion generation.

During the LLM’s carnival [37, 41, 45], MotionGPT [70],

MotionLLM [54], and M3-GPT [27] develop unified motion-

language model to address multiple motion-related tasks.

2.2. Scene-aware Human Motion Generation
Human motions are goal-oriented and informed by scene lay-

out, as people physically position bodies to interact with the

3D environment. Existing solutions for HSI synthesis follow

the common practice to first predict the target position [3, 49]

or goal interaction anchor [13, 50, 68], then plan a trajec-

tory and complete the motion along the trajectory [3, 13, 49,

50, 68]. Recent methods [4, 17, 20, 52, 53, 58, 71] have

developed text-conditioned scene interactions to enhance

generation controllability of HSI task. They typically use the

task-specific cVAE or diffusion models [14] to learn priors

based on human interaction datasets within 3D scenes. HU-

MANISE [52] stands out as a pioneer by designing a cVAE

with separate scenes and text encoders for multi-modality un-

derstanding. Afford-Motion [53] employs scene affordance

as an intermediate feature to linking 3D scene grounding

and diffusion-based motion generation. Cen et al. [4] incor-

porate ChatGPT [30] and language scene graph to ground

referents in 3D scenes, followed by diffusion-based trajec-

tory generation and motion infilling. TeSMo [58] fine-tunes

an augmented model on top of a pre-trained text-to-motion

diffusion model. In contrast to these methods, our HSI-GPT

follows the autoregressive paradigm of MLLMs [26, 55, 74]

to integrate varied control modalities and generalize well to

multiple HSI-related tasks with instruction following.

3. Methods
As demonstrated in Fig. 2, we propose HSI-GPT, a multi-
condition unified, multi-task synergistic framework for

solving HSI-related tasks. Our HSI-GPT utilizes the VQ-

VAE to discretize SMPL-X [33] body meshes m into LLM-

interpretable tokens and embeds 3D scene S with pre-trained

encoders (Sec. 3.1). In Sec. 3.2, we develop a versatile Large

Scene-Motion-Language Model to equip the LLM with the

HSI understanding and generation abilities. To generalize in

HSI-related tasks, we devise a three-stage training scheme

(Sec. 3.3) for multi-modal tokenizers training, scene-motion-

language alignment, and instruction follow tuning.

3.1. Motion Tokenization and Scene Embedding
Motion Tokenization. In alignment with the LLM’s token-

in and token-out nature, we represent articulated motions

as discrete semantic-rich tokens with Vector Quantization

Variational AutoEncoder (VQVAE). As shown in Fig. 2,

the motion-aware VQVAE is composed of a motion en-

coder Em, a motion decoder Dm and a codebook Bm =
{b1, b2, ..., bN} ∈ R

N×dc , containing N discrete seman-

tic vectors. Given a SMPL-X-based 3D motion sequence

m = {m1,m2, ...,mT } ∈ R
T×dm with T frames, the en-

coder Em, built from several 1-D convolutional layers, first

maps the input into a latent representation e=Em(m). The

estimated motion embedding e is then quantized to match

discrete entries in the learned motion-aware codebook Bm,

a critical step for depicting human motions as a “body lan-

guage”. The quantization formula is outlined below:

zm = argminbk∈B ‖Em(m)− bk‖2. (1)

The quantized embedding zm is mapped back into con-

tinuous motion m̂ by the decoder Dm: m̂ = Dm(zm). The

total loss LVQVAE consists of the reconstruction loss Lre, the

embedding loss Lemb, and the commitment loss Lcom:

LVQVAE = Lre + Lemb + Lcom = ||D(E(m))−m||2

+ ‖ sg[E(m)]− e‖22 + β‖E(m)− sg[e]‖22.
(2)

Here, sg(·) is the stop-gradient operator for training stably

and β adjusts the weight of the commitment loss.

Scene Embedding. The 3D scene is represented by RGB

point cloud S ∈ R
Ns×6, where Ns denotes the total number

of points. Each point in S consists of xyz coordinate and

RGB color representation. Following Afford-Motion [53],

we compute a scene affordance map d by measuring the

l2-distance between 3D points in the scene S and the articu-

lated body motions m, yielding in a per-frame distance field

d ∈ R
Ns×Jm . Here, Jm = dm/3 denotes the number of

skeleton joints. The affordance map provides interaction pri-

ors and detailed 3D scene geometry, guiding human motions

to conform to physical constraints. The scene and affordance

map representations are embedded utilizing the pre-trained

encoder as outlined in [53], denoting Fs and Fa.

3.2. Large Scene-Motion-Language Model
In HSI-GPT, a central LLM serves as the pivotal agent for

3D scene perception, HSI generation and understanding.

Following the common practice, HSI-GPT takes an encoder-
LLM-decoder architecture in popular MLLMs [24, 26, 74].

Previous methods [4, 19, 52, 53, 58] regard the 3D scene, hu-

man motion, and language as separate modalities. However,

they struggle to delve into the complex trimodal relationships

in specific scenes, thus hindering the generation of contextu-

ally coherent and semantically controlled motions. Although

aligning text with one modality is relatively straightforward,

integrating multiple modalities (e.g., scene, motion, and lan-

guage) in a single framework presents ongoing difficulties.

Our HSI-GPT tackles this issue through a two-step solution:

Scene-Language Interaction. To align the permutation-

invariant 3D scene features with the textual embeddings

of LLMs, we introduce a Multi-modal Interaction Aggre-

gator (MIA). Given the computational overhead posed by

extensive point clouds in 3D scene, MIA leverages a fixed-
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Figure 2. The overall framework of our generalist HSI-GPT in HSI-related tasks. It is composed of a multi-modal tokenizer (Sec. 3.1) and a

Large Scene-Motion-Language Model (Sec. 3.2). With an enriched motion-language vocabulary and a Multi-modal Interaction Aggregator

(MIA) module, HSI-GPT seamlessly aligns scene, motion, and language modalities utilizing fine-tuned LLMs.

length set of learnable query tokens Q ∈ R
Nq×dq to extract

interaction-aware 3D scene features in a Q-Former [24] way.

As shown in Fig. 2, the learnable tokens first interact with

the affordance maps Fa through weight-shared self-attention

layers, and cross-attend to task-agnostic scene embeddings

Fs for enhancing scene understanding and task-specific inter-

action. These 3D visual tokens with compact representations,

preserves 3D scene structure and affordance cues. Following

LLaVA [26], two MLP layers project the output query to-

kens of the MIA module into the LLM’s space and perform

dimensional alignment with the textual embeddings. During

training, we use <scene token> in the instruction templates

as the placeholder for interaction-aware 3D scene features.

Extended Motion-Language Vocabulary. Just as nat-

ural language conveys intentions through vocabulary and

syntax, human interacting with environments expresses in-

tentions via a motion vocabulary. With structured patterns,

complex actions can be articulated, forming a non-verbal

“body language”. Therefore, our HSI-GPT develops an en-

riched multi-modal vocabulary (Fig. 2), enabling seamless
“any-to-any” translation between motion and language.

Equipped with the motion tokenizer in Sec. 3.1, we cate-

gorize human motions m into discrete tokens. To accommo-

date the expanded motion vocabulary Bm to the original text

vocabulary Bt, we extend the LLM’s text embedding layer,

initializing the newly incorporated parameters randomly. We

then insert special tokens <motion> and </motion> to

indicate the start and end of the motion sequence. The scene

features are not discretized, avoiding information loss caused

by vector quantization. With the unified motion-language

vocabulary B = {Bm,Bt} and harmonized scene-language

representations, HSI-GPT establishes a well-aligned scene-
motion-language feature space, allowing human motions to

be both scene-aware and text-informed. Thus, we can formu-

late various HSI-related tasks with a general textual template

(Refer to Supp.). The output of the LLM can flexibly denote

descriptive texts, human motion, or their combinations.

3.3. Training Strategy

The training process of HSI-GPT is partitioned into three

stages. (1) Multimodal Tokenizers Training stage to represent

human motion as discrete semantic tokens. (2) Progressive
Scene-Motion-Language Alignment stage for aligning 3D

scene, motion, and language modalities, and fostering syn-

ergy across various HSI-related tasks. (3) Unified Instruction
Tuning stage, which improves the HSI-GPT’s instruction-

following capability with task-aware prompts.

Multimodal Tokenizers Training. In Sec. 3.1, we first

learn the discrete motion representations to align with the

LLM’s token-in-token-out nature, guided by the objective

in Eq. 2. Each human motion m in the 3D scene is repre-

sented as highly informative tokens. To further prevent the

motion-aware codebook collapse during training, we em-

ploy Exponential Moving Average (EMA) and codebook

reset techniques [63, 70]. We freeze the weights of the code-

book in the following stages to ensure the stability of LLM

training. Once optimized, the motion tokenizer is kept fixed.

Progressive Scene-Motion-Language Alignment. In

this stage, we aim to align scene-motion-language modal-

ity and learn multi-modal world knowledge with the pro-

posed HSI-GPT. As “text” serves as a highly semantic de-

scriptor and is the most easily interpretable modality for

LLMs, we propose leveraging texts as a bridge. Specif-

ically, to learn the motion-language vocabulary, we thus

utilize a mixture of language and motions corpus to train

the LLM [41, 45, 57] in both unsupervised and supervised

manners. With the LoRA adaption [16], HSI-GPT aligns

“body language” semantics with textual embeddings, while

preserving the LLM’s text generation capability. Inspired by

current MLLMs [12, 26, 61, 62], we keep both the 3D visual

encoder and LLM weights frozen. On the whole HSI dataset,

we train the MIA model as well as the projection layer to
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Model
R-Precision ↑

FID ↓ MultiModal Dist. ↓ Diversity → MultiModality ↑
Top 1 Top 2 Top 3

Real 0.511±.003 0.703±.003 0.797±.002 0.002±.000 2.974±.008 9.503±.065 —

TM2T [10] 0.424±.003 0.618±.003 0.729±.002 1.501±.046 3.467±.008 8.589±.058 2.424±.093

T2M [9] 0.457±.002 0.639±.003 0.740±.003 1.067±.002 3.340±.008 9.188±.002 2.090±.083

MDM [44] 0.319±.005 0.498±.004 0.611±.007 0.544±.001 5.566±.027 9.559±.086 2.799±.072

MotionDiffuse [64] 0.491±.001 0.681±.001 0.782±.001 0.630±.001 3.113±.001 9.410±.049 1.553±.042

MLD [5] 0.481±.003 0.673±.003 0.772±.002 0.473±.013 3.169±.010 9.724±.082 2.413±.079

T2M-GPT [63] 0.491±.003 0.680±.003 0.775±.002 0.116±.004 3.118±.011 9.761±.081 1.856±.011

AttT2M [72] 0.499±.003 0.690±.002 0.786±.002 0.112±.006 3.038±.007 9.700±.090 2.452±.051

MotionGPT‡ [70] 0.364±.005 0.533±.003 0.629±.004 0.805±.002 3.914±.013 9.972±.026 2.473±.041

MotionGPT‡ [18] 0.492±.003 0.681±.003 0.733±.006 0.232±.008 3.096±.008 9.528±.071 2.008±.084

MotionLLM‡ [54] 0.482±.004 0.672±.003 0.770±.002 0.491±.019 3.138±.010 9.838±.244 —

Afford-Motion [53] 0.432±.007 0.629±.007 0.733±.006 0.352±.109 3.430±.061 9.825±.159 2.835±.075

HSI-GPT (Ours) 0.495±.002 0.694±.003 0.788±.004 0.187±.004 3.058±.013 9.845±.026 2.234±.022

Table 1. Quantitative results on the HumanML3D test set. ‡ denotes the text-based motion generation method based on LLM. ± represents a

95% confidence interval following [9]. → indicates that metrics improve as they get closer to “Real”. Bold face indicates the best result.
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Figure 3. Visualization results for the HSI generation task on HU-

MANISE dataset. (a), (b) include spatially referring descriptions.

connect the 3D scene encoder and affordance map encoder

with pre-trained textual embedding. The complete unifica-

tion in LLM’s space enables HSI-GPT to bridge multi-modal

gaps and combine semantic tokens into text representations,

which are used interchangeably as inputs and outputs. The

alignment makes the relationship of trimodal features appar-

ent, improving our HSI-GPT’s flexibility and scalability.
Unified Instruction Tuning. After progressive trimodal

alignment, the relationships among scene, motion, and lan-

guage are clearly revealed. Similar to InstructGPT [31], the

instruction tuning enhances LLMs’ instruction-following

capabilities for handling diverse HSI-related tasks. During

instruction tuning, we freeze the weight of the 3D scene and

affordance encoder while updating the MIA weights and

fine-tuning the LLM parameters using LoRA [16]. Leverag-

ing datasets, e.g., HUMANISE [52], HumanML3D [9], and

PROX [13], we construct various task-specific instruction

prompts, which makes our proposed model more versatile
and user-friendly for multiple HSI-related tasks. In con-

trast to [4, 52, 53] focus solely on text modality, HSI-GPT

can integrate key-frame poses, texts as well as affordance

maps with a unified instruction template. For instance, given

a LLM F , an instruction I, the answer of LLM P̂ = F(I)
for multi-modal controlled HSI generation task is defined as:

% Multi-modal Controlled HSI Generation
Instruction (I): {Task Prompts: “Given a 3D scene

<scene>, please generate a sequence of motion to-

kens matching the following human motion description

given the init/last/key pose tokens.”} {Control Con-
ditions: <Scene> 3D Scene conditions S </Scene>
<Pos> Pose conditions P </Pos>Text condition T }
Answer (P̂):{Sequences of Human Motion Tokens X}

In the training phase, the general language modeling ob-

jective LLoRA is applied to maximize the log-likelihood of

motion distribution, which is mathematically formalized as:

LLoRA = −
∑

log pθ (xt | x<t, T ,S,P,A) . (3)

4. Experiments
4.1. Datasets and Metrics
Datasets. The scene-agnostic HumanML3D [9] dataset col-

lects 14,616 motion sequences from the AMASS [29] and

HumanAct12 [8] benchmarks, along with 44,970 descrip-

tions. To obtain affordance maps, we follow [53] to augment

it by adding a floor. The HUMANISE [52] dataset pioneers as

the first extensive and semantic-rich HSI dataset that aligns

19.6K high-quality motion sequences from AMASS with

643 indoor scenes from the ScanNet [6]. PROX [13] com-

prises 60 RGB-D videos documenting human interactions

with real-world objects, captured by attached markers.
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Figure 4. Gallery presenting the results of text-conditioned HSI generation under various control conditions, namely, Text+Initial Motion
Token, Text+Last Motion Token, and Text+Random Motion Tokens (yellow poses) on the HUMANISE [9] benchmark. Best viewed in color.

Model Goal Dist↓ APD↑ Contact↑ N-collision↑
cVAE [52] 0.422±.011 4.094±.013 84.06±.716 99.77±.004

1-stage@En [53] 0.326±.013 5.510±.019 76.11±.684 99.71±.014

1-stage@De [53] 0.185±.014 4.063±.020 86.43±.845 99.76±.014

2-stage@En [53] 0.156±.006 2.597±.008 95.86±.323 99.69±.007

2-stage@De [53] 0.156±.006 2.459±.009 96.04±.298 99.70±.005

MotionGPT† [18] 0.186±.008 3.461±.009 87.92±.526 99.70±.004

MotionGPT† [70] 0.358±.016 3.553±.027 84.41±.469 99.76±.018

HSI-GPT (Ours) 0.182±.008 3.492±.011 92.31±.478 99.82±.005

Table 2. Quantitative performance of text-conditioned HSI genera-

tion. † marks our reproduced results on HUMANISE [52] dataset.

Metrics. For the HumanML3D [9] dataset, we utilize

metrics, e.g., FID, Multi-modal Distance (MM Dist), and R-

Precision (Top-1/2/3 motion & text retrieval accuracy), along

with Diversity and Multi-Modality scores. In the canonical
HSI generation task, we follow [52, 53], where the Average

Pairwise Distance (APD) is used to assess motion diversity,

alongside contact and non-collision scores as physics-based

metrics. For the HSI captioning task, we include BLEU [32],

ROUGE [25], CIDEr [47], and BertScore [67] to evaluate the

quality of generated motion captions. For HSI Completion
task, we utilize the Average Displacement Error (ADE) and

Final Displacement Error (FDE) [18, 28, 60] as metrics1.

4.2. Text-conditioned HSI Generation Task
As shown in Tab. 2, we conduct a comparative analysis of

our HSI-GPT with cVAE [52] and Afford-Motion [53] on the

HUMANISE. Our HSI-GPT is pre-trained on multiple HSI-

related tasks without additional task-specific fine-tuning,

highlighting versatility and scalability across diverse tasks.

Despite being a generalist model, HSI-GPT effectively tunes

1More details about the Dataset, Metrics, and Implementation Details
are available in the Supplementary Materials.

only 1% of LLM parameters, yet still achieves competitive

performance against specialist models [52, 53]. We also

reproduce two LLM-based text-to-motion methods [18, 70]

on HUMANISE dataset. Admirable performance on contact
and non-collision metrics highlights that our model excels in

avoiding implausible penetrations or collisions. To explain,

HSI-GPT aligns 3D scenes, motion sequences, and instruc-

tions into the LLM’s feature space. Leveraging cross-task

knowledge transfer abilities of LLMs, the HSI-GPT learns

generalized interaction patterns between humans and 3D

scenes. Via the LLM’s interpretation of physical realism and

scene affordances, HSI-GPT generates motions that exhibit

a high degree of diversity while maintaining naturalness.

In Fig. 3, our results vividly visualize HSI-GPT’s ability

for grounding motions in the 3D scene with desired seman-

tics and interactions, under spatially-referenced descriptions

and basic textual commands. It is attributed to multi-modal

tokenization and pre-training alignment, granting LLM a

comprehensive understanding of geometric relationships.

Tab. 1 showcases the quantitative results we obtained on

HumanML3D dataset with augmented floors. In terms of

R-Precision (0.495, 0.788 at Top1, Top3), FID (0.187), and

MultiModal Dist (3.058) metrics, our HSI-GPT outperforms

existing LLM-based text-to-motion methods [18, 54, 70], as

well as several diffusion-based specialized models [44, 56,

66]. Moreover, HSI-GPT also achieves comparable diversity

compared to scene-agnostic methods. Compared with [53],

we underscore the advantage of LLM’s knowledge in inter-

preting 3D scene contexts and achieving motion-language

alignment with a unified multi-modal vocabulary. In Fig. 6,

the proposed method with fine-tuned LLM can also synthe-

size visually realistic motions, based on abstract descriptions,

e.g., “walks in an arc” and “walks in an s shape”.
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Method Affordance
R-Precision

FID ↓ MultiModal
Diversity ↑ MModality ↑ Contact ↑ Non-Collision ↑

Top3 ↑ Dist ↓
Real — 0.875±.002 0.000±.000 3.342±.004 9.442±.301 — — —

Afford Motion @ Enc � 0.500±.044 11.848±1.634 5.954±.235 8.395±.850 4.966±.321 46.64±4.024 99.88±.018

Afford Motion @ Dec � 0.403±.044 12.268±.900 6.611±.227 8.049±.708 5.031±.423 26.75±4.264 99.93±.023

HSI-GPT (Ours) � 0.569±.020 10.567±.082 5.054±.184 8.542±.798 5.148±.458 48.18±3.754 99.93±.019

Afford Motion @ Enc � 0.478±.069 7.887±1.189 6.226±.261 7.935±.857 5.195±.356 71.98±2.542 99.83±.006

Afford Motion @ Dec � 0.428±.023 12.027±3.164 6.412±.204 7.603±.715 4.966±.353 88.63±2.975 99.82±.015

HSI-GPT (Ours) � 0.587±.016 6.452±1.095 5.853±.237 7.882±.754 4.932±.361 85.47±2.920 99.88±.025

Table 3. Qualitative Results on Novel Evaluation Set [53]. “Real” denotes the metrics computed within the test set of HumanML3D dataset.

Method
HumanML3D [9] HUMANISE [52]

FID↓ MM Dist↓ N-Collision↑ APD↑ Contact↑
Text-Only 0.187 3.058 99.77 3.853 92.31

Text+Initial 0.185 3.194 99.80 3.802 92.67

Text+Last 0.234 3.261 99.80 3.847 92.45

Text+Random 0.180 3.015 99.82 3.709 92.86

Table 4. Investigation of HSI generation task on the HumanML3D

and HUMANISE datasets with various control signal modalities.

LLM Goal Dist ↓ APD ↑ Contact ↑ N-Collision ↑

Qwen2-1.5B
0.332±.019 4.025±.009 84.79±.573 99.76±.010

0.262±.008 4.172±.010 87.62±.605 99.80±.009

Gemma-2B
0.305±.012 4.011±.007 86.08±.688 99.85±.006

0.245±.008 4.199±.008 88.04±.561 99.88±.002

Gemma-7B
0.285±.017 3.746±.008 87.25±.604 99.76±.012

0.237±.013 3.952±.006 89.23±.427 99.80±.009

LLaMA 3-8B
0.214±.009 3.855±.009 88.73±.465 99.82±.008

0.182±.008 3.492±.011 92.31±.478 99.82±.005

Table 5. Ablations on the effects of foundational LLM on text-

conditioned HSI generation, evaluated on the HUMANISE dataset.

4.3. Experiments on Other HSI-related Tasks

Multi-modal Controlled HSI Generation. Beyond text

inputs, HSI-GPT also incorporates key-frame human poses

as an additional control modality. Fig. 4 visually exempli-

fies the remarkable naturalness of generated motions in 3D

scenes. Incorporating key-frame poses—e.g., initial, last, or

random poses) as additional control modalities—provides

precise motion guidance. In Tab. 4, the physical plausibil-

ity and coherence of generated motions in 3D scenes are

enhanced, as evidenced by the improved Non-collision and

Contact accuracy on HUMANISE [52] dataset. Notably, the

reduced diversity in APD is primarily due to constrained

motion trajectories and strict pre-defined pose adherence.

On HumanML3D [9], the lower FID and MM Dist scores

for Text+Initial and Text+Random settings suggest that pose

controls produce motions that are physically realistic and

close-aligned with textual description. Instead, the Text+Last

Pose results in an excessive goal-oriented focus, leading HSI-

GPT to overlook the smoothness and diversity of motions.

HSI Captioning Task. We first propose the HSI caption-

ing task, involving generating a motion description from a

given motion sequence and 3D scene representation. Tab. 6

presents results on the augmented HumanML3D, demon-

strate the superiority of our HSI-GPT, compared to existing

motion captioning approaches, e.g., TM2T [10] and Mo-

tionGPT [18]. HSI-GPT achieves the highest R-Precision
scores, with Top1 at 0.551 and Top3 at 0.838, highlighting

the seamless alignment of scene, motion, and textual modal-

ities as well as precision in captions retrieval. Our HSI-

GPT also demonstrates exceptional performance in ROUGE

(38.4) and CIDEr (30.8), indicating a high degree of similar-

ity to human-annotated captions. Approaching human mo-

tion as a form of “body language”, HSI-GPT learns a unified

motion-language vocabulary to generate more contextually

coherent motion descriptions while preserving diversity.

Generalized HSI Completion Task. We investigate the

motion in-between and motion prediction task on the Hu-

manML3D [9] with augmented 3D floors, a setup we refer

to as HSI completion. To tailor the HSI-GPT for the HSI

completion task, we design motion-only instruction prompts

during the LLM’s fine-tuning. Similar to [18, 28, 60, 69], we

input around the first 20% of motion sequences as conditions

for the prediction task, while intentionally masking 50% of

the motions for the in-between task. As detailed in Sec. 4.1,

we employ metrics, e.g., FID, ADE, and FDE to evaluate the

motion completion performance. As shown in Tab. 7, com-

pared with MDM [44] and MotionGPT [18], the proposed

HSI-GPT incorporates affordance maps as joint trajectories,

facilitate contextually appropriate motion completions.

4.4. Comparisons on Novel Evaluation Set
We herein investigate the generalizability of our HSI-GPT in

handling new scenes and language descriptions on the Novel

Evaluation Set [53]. As shown in Tab. 3, our method obtains

impressive R-Precision and FID scores while maintaining

high Diversity. By aligning scene-motion-language feature

space, HSI-GPT taps into the generalization of conceptual-

ized text to generate semantically consistent human motions

in various 3D scenes. Further, with affordance maps as inter-

action priors and scene geometry, HSI-GPT can synthesize

physically plausible motions, validated through the contact,
and Non-Collision scores. Fig. 5 provides remarkable visual-
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Method
R-Precision ↑ MultiModal

Dist ↓ BLEU-1 ↑ BLEU-4 ↑ ROUGE ↑ CIDEr ↑ BertScore ↑
Top1 Top2 Top3

TM2T* [10] 0.516 0.720 0.823 2.935 48.9 7.00 38.1 16.8 32.2

MotionGPT* [18] 0.543 — 0.827 2.821 48.2 12.5 37.4 29.2 32.4
HSI-GPT (LLaMA 3-8B) 0.551 0.735 0.838 2.746 48.6 14.2 38.4 30.8 31.8

Table 6. Experiments of HSI captioning task on the augmented HumanML3D [9]. Results marked with * are from MotionGPT [18].

A person reaches 
something on the table 

with his left hand

A person wanders 
in the room around 

the table

A person bends down 
to pick up something 

from the ground

A person is kicking 
something with his 

right leg

A person hesitates for 
a moment and chooses a 

chair to sit in

A person picks up an 
object from the 

ground and throws it

The person is doing 
a T-pose

A man raises his hands 
while standing on the sofa

A man dances on 
the bed happily

Figure 5. Qualitative results on generalization evaluation set [53].

HSI-GPT can generate high-fidelity motions in unseen 3D scenes.

Methods
Motion Prediction Motion In-Between

FID Diversity ADE FDE FID Diversity ADE

Real 0.002 9.503 — — 0.002 9.503 —

MDM 6.031 7.813 5.446 8.561 2.698 8.420 3.787

MotionGPT 0.905 8.972 4.745 6.040 0.214 9.560 3.762

HSI-GPT 0.572 9.491 4.586 5.893 0.468 9.357 3.745

Table 7. Evaluation of generalized HSI completion using our HSI-

GPT (LLaMA 3-8B) on the HumanML3D augmented with floors.

The underlined results indicate the second-best performance.

izations generated with unseen descriptive texts and scenes.

HSI-GPT learns universal interaction principles with multi-

task training, rather than specific motions tied to particular

scenes, which effectively transfers in novel 3D scenes.

4.5. Ablation Study
As shown in Tab. 5, we conduct ablations to examine how

different types and model scales of foundational LLM affect

the text-conditioned HSI generation task on the HUMAN-

ISE [52] dataset. The colored cells indicate that the scene en-

coder uses embedded features from the Point-Transformer’s

decoder layers. Among these, LLaMA 3-8B [7] with 89M

LoRA parameters, emerges as the best performer on all met-

rics, as evidenced by 0.182 goal distance score and a 92.31%

contact score. We conclude that larger LLMs, with enhanced

A person walks 
forward, turns to the 
right and walks back.

Generate a motion that 
a person walks in an s 

shape pattern.
fo
right and walks bac

A person slowly and 
quietly sneaks down 

the hallway.

Person has hands raised 
to the side, and then 

lets right arm fall only

h h d

A person charges 
forward in a crouched 

position.

y.

A person walks forward, 
walks backwards then 

walks sideways.

The person is walking 
very carefully over a 

balance beam.

A person walks to the 
right then turns 

around and walks left

A person walks lk
rward, turns to the

lks back

Generate a motion thenerate a motion th
a person walks in an

shape pattern
rwar
ght and walks

A person walks in an arc 
forward and to the left.

Figure 6. Visualization samples for the text-conditioned HSI gener-

ation task using the augmented HumanML3D [9] dataset.

representational capacity, take into account physical feasibil-

ity of motions, 3D scene’s affordance, and linguistic cues.

Such a capability guarantees physically plausible and seman-

tically consistent motions. Further, LoRA-based fine-tuning

preserves the extensive cross-task knowledge of LLM, with

its plug-and-play nature providing increased adaptability.

5. Conclusion

For the first time, we propose HSI-GPT, a general-purpose

Large Scene-Motion-Language Model for text-conditioned

human scene interaction task. HSI-GPT, with remarkable
flexibility and scalability, integrates diverse control modal-

ities (3D scenes, textual commands, human motions, and

scene affordances) to unified instruction templates. Build-

ing on top of LLMs, HSI-GPT acts as a HSI-generalist,

addresses multi-modal controlled HSI generation, HSI un-

derstanding, and general HSI completion tasks. With a three-

stage training pipeline, HSI-GPT is capable of aligning the

scene-motion-language modalities and generalizing to vari-

ous HSI-related tasks. Extensive experiments demonstrate

that our HSI-GPT follows human instructions and performs

competitively across multiple HSI-related tasks, compared

to diffusion-based methods. We envision that our HSI-GPT

will contribute positively to the community and pave the way

for versatile 3D HSI foundational models and Embodied AI.
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