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Abstract

Generating human motion in complex 3D scenes from text
is a challenging task with broad applications. However, ex-
isting methods often overlook realistic physical contact, re-
sulting in visually plausible but physically unrealistic mo-
tion, e.g., penetration. To alleviate this, we propose Intent-
Motion, a novel framework that generates human motion
in 3D scenes from natural language instructions by explic-
itly modeling intent. We first introduce the Intention-Guided
Contact Field (IGCF). This differentiable voxel-based con-
tact region representation explicitly aligns parsed language
roles with spatial contact regions through a hierarchical at-
tention mechanism. IGCF is jointly trained with a diffusion-
based motion generator, allowing contact predictions to adapt
dynamically through gradient feedback. To improve the con-
trollability and physics-aware motion, we further propose an
Intention-Aware Diffusion Model (IADM), which decouples
the high-level semantic planning from the low-level contact
refinement in a coarse-to-fine process. The optimized contact
cues are utilized to guide the synthesis of a coarse trajectory,
followed by refining detailed pose sequences under IGCF
supervision. Experiments on the HUMANISE and LINGO
datasets demonstrate that our IntentMotion outperforms re-
cent baselines in contact accuracy, semantic alignment, and
generalization to unseen scenes.

Code — https://github.com/zhengshil19/IntentMotion

1 Introduction

Human-scene interaction (HSI) focuses on generating nat-
ural and diverse motion for virtual humans in 3D environ-
ments, reducing the need for manual animation or expert de-
sign. This ability is crucial for applications such as gaming,
virtual reality, and film. Given a 3D scene and a text descrip-
tion, recent methods (Wang et al. 2022b, 2024; Cen et al.
2024; Jiang et al. 2024a; Yi et al. 2025; Milacski et al. 2025)
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e} : “sit on the coffee table that is in front of the tv.”

@ Lack of contact @

Floating

Figure 1: Impact of Intention-Guided Contact Refinement.
(A) Lacking intention guidance may result in floating or de-
tachment from the target objects. (B) Our IntentMotion in-
tegrates intention guidance, eliminating these issues and en-
suring better interaction with the target objects.

aim to produce motion that are both semantically relevant
and physically plausible within the environment.

Recent advances in human-scene motion generation of-
ten use scene-conditioned diffusion models with post hoc
refinements (Huang et al. 2023; Chen et al. 2025; Wang
et al. 2021) or Signed Distance Function (SDF) (Zhao et al.
2023; Xing, Mao, and Liu 2024; Chen et al. 2025) to reduce
physical artifacts like penetration. However, these low-level
cues are passive and lack structure, learnability, and aware-
ness of semantic intent. They cannot answer a key question:
where and how should contact occur to fulfill a language
instruction. Although language provides high-level goals, it
omits spatial specifics, making it difficult to ground seman-
tics into physically coherent behavior. This gap stems from
the lack of a structured and differentiable contact representa-
tion that aligns intent with localized physical interaction. For
instance, when prompted to “stand up from a table that is in
front of the TV”, existing methods (Wang et al. 2022b; Cen
et al. 2024; Wang et al. 2024) frequently result in physically
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Figure 2: Method overview. Our IntentMotion has two components: (1) Intention Guided Contact Field (IGCF) (Sec. 3.2) that
models human-scene contact as a structured spatial prior guided by user instructions. (2) Intention-Aware Diffusion Model
(IADM) (Sec. 3.3) that separates primary conditions and contact constraints via a two-stage generation process, progressively
enhancing motion realism and contact plausibility via our Adaptive decoder. During training, gradients from motion loss are
backpropagated into IGCF, enabling learning between contact inference and motion refinement.

implausible motion, such as foot-floor floating or missing
pelvis-table support (see Fig. 1-A).

This limitation is further compounded by the absence of a
generative framework that unifies semantic intent, scenario
context, and physical interaction within a single model. Al-
though recent methods (Wang et al. 2022b; Cen et al. 2024;
Wang et al. 2024; Jiang et al. 2024a) incorporate both lan-
guage and scene geometry as conditioning signals for mo-
tion generation, they typically treat these signals indepen-
dently and overlook contact as a structured and learnable
constraint. As a result, motion may follow the intended se-
mantics but fail to reflect the physical affordances of the
environment. Without explicitly grounding linguistic intent
in spatial contact, models struggle to produce coherent and
context-aware human-scene interactions.

To tackle these limitations, we propose an Intention-
Guided Contact Field (IGCF) to explicitly determine
where and how contact should occur during human-scene
interaction. Unlike prior methods (Song et al. 2024b; Bhat-
nagar et al. 2022) that rely on passive geometric prox-
imity, IGCF constructs a fully differentiable voxel-space
field by detecting body-object contact points via signed
distance functions and encoding their spatial distribution
and surface normals. Beyond geometry, IGCF introduces a
novel semantic-contact fusion mechanism: it incorporates
parsed language roles (action, target, anchor) into the con-
tact field through a hierarchical attention mechanism (Shrid-
har, Manuelli, and Fox 2023; Jaegle et al. 2022, 2021), en-
abling structured alignment between linguistic intent and
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physical constraints. This transforms contact modeling from
post hoc geometric filtering into a learnable, intent-driven
interaction prior (see Fig. 1-B).

Building on IGCF, we introduce an Intention-Aware Dif-
fusion Model (IADM) that separates semantic conditions
(text and scene) from physical cues (contact) via a two-stage
generation framework. The first stage synthesizes a coarse
trajectory guided by global intent, which is then refined un-
der IGCF supervision to enforce contact realism. In contrast
to prior two-stage models (Pi et al. 2023; Wang et al. 2022a;
Cen et al. 2024) that emphasize denoising stability, [ADM
is semantically driven: the contact-aware trajectory acts as
an interaction scaffold, grounding motion refinement in a
structured physical context. This hierarchical conditioning
improves controllability, realism, and generalization across
diverse interaction scenarios.

The key contributions of IntentMotion include:

* We propose a unified framework that jointly models lin-
guistic intent, contact reasoning, and motion generation
within a tightly integrated architecture. Our method en-
ables gradient-based interaction across modalities, allow-
ing contact representations to adapt dynamically based
on motion quality and semantic alignment.

¢ We introduce the Intention-Guided Contact Field, a
differentiable voxel-based representation that combines
contact geometry with language semantic roles. IGCF is
trained jointly with the motion generator and refined us-
ing feedback from motion loss, allowing contact predic-



tion to adapt to both intent and physical constraints.

e We design a two-stage Intention-Aware Diffusion
Model that explicitly separates high-level semantic plan-
ning from low-level contact refinement. This coarse-to-
fine architecture allows global intent to guide motion
structure while enabling contact-aware local correction,
improving both semantic consistency and physical plau-
sibility.

2 Related Work

Human Motion Diffusion Models. Diffusion mod-
els (Sohl-Dickstein et al. 2015) generate human motion by
iteratively denoising random noise into coherent sequences,
and have shown strong performance in text-to-motion gener-
ation. Key methods include MDM (Tevet et al. 2023), Mo-
tionDiffuse (Zhang et al. 2024), MLD (Chen et al. 2023),
GMD (Karunratanakul et al. 2023), FineMoGen (Zhang
et al. 2023b), StableMoFusion (Huang et al. 2024), Mo-
tionLCM (Dai et al. 2024), ReMoDiffuse (Zhang et al.
2023a), PhysDiff (Yuan et al. 2023), and GraphMotion (Jin
et al. 2023). For scene-conditioned motion generation, re-
cent efforts include Cen et al.(Cen et al. 2024), Afford-
Motion(Wang et al. 2024), LINGO (Jiang et al. 2024a),
TRUMANS (Jiang et al. 2024b), CLoSD (Tevet et al. 2025)
and TeSMo (Yi et al. 2025). While these models incorpo-
rate scene or affordance cues, capturing the fine-grained in-
terplay between language intent, spatial layout, and physical
contact remains challenging due to modality complexity and
limited data. To address this, we propose an adaptive diffu-
sion model that enhances the denoising process by explicitly
incorporating structured contact and intent guidance.

Contact Modeling of Motion Generation. Contact mod-
eling has been extensively studied in human-object inter-
action (HOI) tasks, such as BEHAVE (Bhatnagar et al.
2022), HOI-Diff (Peng et al. 2025), HOIAnimator (Song
et al. 2024b), CG-HOI (Diller and Dai 2024), and Gen-
HOI (Li et al. 2025). while these methods focus on iso-
lated object contact, they offer valuable insights for scene-
level interaction. In HSI tasks, PLACE (Zhang et al. 2020a),
POSA (Hassan et al. 2021), DIMOS (Zhao et al. 2023),
RICH-CAT (Ma et al. 2024), HIS-GPT (Zhao et al. 2025),
Afford-Motion (Wang et al. 2024), and other works (Mao
et al. 2022) introduce contact modeling into scene-aware
motion. However, many of them rely on global contact maps
or heuristic estimators (Zhang et al. 2020a; Wang et al.
2024; Mao et al. 2022), which lack part-level precision and
adaptability to scene and language variations. Meanwhile,
recent scene-conditioned motion generation methods (Wang
et al. 2022b; Cen et al. 2024; Chen et al. 2025; Yi et al.
2025) often overlook explicit contact reasoning and seman-
tic grounding, leading to unrealistic behaviors. To bridge
this gap, we propose a learnable contact field that en-
codes geometry-aware contact cues conditioned on parsed
language roles.

3 Method

Method Overview. We aim to generate 3D human motion
that aligns with language instructions and respect physical
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contact within the scene. As illustrated in Fig. 2, we propose
IntentMotion, a framework that combines semantic and
physical reasoning through two components: (1) Intention-
Guided Contact Field AIGCF) (Sec.3.2), a learnable voxel
representation that links contact prediction to scene geome-
try and language semantics; and (2) Intention-Aware Dif-
fusion Model (IADM) (Sec.3.3), a two-stage generator that
first produces coarse motion and then refines them via IGCF
for accurate, contact-aware synthesis.

3.1 IntentMotion Preliminaries

The language instruction follows a structured format (Wang
et al. 2022b; Cen et al. 2024) including an action verb, a ref-
erenced object, and optionally a spatial anchor. This facili-
tates semantic role parsing for downstream alignment. The
motion is represented as a sequence of SMPL-X (Pavlakos
et al. 2019) body parameters of length L, including global
translation 7, € R3, orientation Y € RS, body poses
0, € R7*6 and shape parameters 3 € R'°. The scene is
represented as a point cloud and encoded using a simple
MLP-based scene encoder, producing scene feature F. To
ground the 3D scene based on the text command (Cen et al.
2024), we first identify the target object and its spatial con-
text, resulting in target feature F};. Given input text V and
scene S, our model predicts a motion sequence {X }£ |, =
{(r¢,v¢,0:) £, that aligns with linguistic intent.

Diffusion model (Ho, Jain, and Abbeel 2020; Sohl-
Dickstein et al. 2015; Song and Ermon 2019) generates data
via iterative denoising over a Markov chain {z;}7_, gov-
erned by q(z|zo), where x¢ ~ ¢(x() is the original data,
and x; is the noised data at noising step ¢ (encoded via a
MLP). The forward process adds noise as:

q(zi|xo) = N (245 /oo, (1 — au)T), (D

with oy following a decreasing schedule. When a; becomes
small, zr ~ N(0,I), allowing the model to generate sam-
ples by reversing the process from noise to data.

3.2 Intention-Guided Contact Field

Inspired by prior contact modeling (Starke et al. 2019;
Zhang et al. 2021; Cen et al. 2024; Jiang et al. 2024a), we in-
troduce the Intention-Guided Contact Field (IGCF). Un-
like static contact maps or post-hoc proximity cues (Bhatna-
gar et al. 2022; Mao et al. 2022; Wang et al. 2024), our IGCF
is a structured and differentiable representation that enables
intent-aware contact reasoning by fusing spatial contact pat-
terns with high-level language semantics. IGCF resolves the
gap between textual intent and localized physical interaction
by jointly modeling where contact occurs, how it happens.
Importantly, IGCF is a parameterized module with learnable
weights, trained jointly with the motion denoiser. Through
end-to-end backpropagation, the contact field is continu-
ously refined based on the downstream motion loss.

Voxel-Based Contact Representation. Voxel-based field
enables dense region-level reasoning and serves as an ef-
fective bridge between unstructured 3D geometry and struc-
tured semantic attention, which is critical for contact-aware
human-scene interaction synthesis. Extended from (Cen



et al. 2024; Starke et al. 2019), we take a step further to adopt
a voxel-based contact representation for integrating geomet-
ric contact cues with language intent. Specifically, we con-
struct a contact-aware voxel grid by computing the signed
distance between the posed SMPL-X mesh M and the target
point set P;, and identifying contact points within a thresh-
olde =0.1:

P.={P, | [8(P,, M)| < €}, 2)

where J(-) denotes the signed distance function (SDF). The
resulting contact set is encoded into a voxel-based contact
representation as follows:

F. = ConEncoder (o, n,, P,), 3)

where ConEncoder(-) denotes the Contact Field Encoder,
implemented as a lightweight feedforward network com-
posed of two linear layers with SiLU (Elfwing, Uchibe,
and Doya 2018) activations. The input features include the
contact occupancy score o., the local surface normal n,,,
and the contact centroid P, \Tlcl >_pep, D- The output

F. € RB*EXD represents the encoded contact features.
Voxelized formulation provides part-aware contact sig-
nals with spatial continuity, enabling gradient backpropaga-
tion from motion supervision. It significantly improves con-
tact localization and physical plausibility compared to static
SDFs or global heatmaps, and plays a key role in grounding
motion generation to geometry-aware contact semantics.

IGCF Construction. To condition contact reasoning on
semantic intent, we employ a pretrained CLIP encoder (Rad-
ford et al. 2021) as the Intention Encoder to process the
language instructions V, yielding language features F; €
REXLXD These are fused with the voxelized contact fea-
tures F, through an attention mechanism that enables struc-
tured guidance from semantic roles to physical contact cues.

(1) Intention Injection. Language features are first used
to guide contact understanding through cross-attention:

FO = |n|CA(LL, o, Fo)|@F |,
n(F) n(Fe)

“

Cross-modal injection (language — contact)

where F; = n(F;) and F, = n(F,.) respectively denote
the normalized language and contact features. CA(-) is the
standard cross-attention mechanism. ¢(+) is a position-wise
feedforward network. @ denotes element-wise addition for
residual connection.

(2) Multi-Layer Alignment. We further refine FC(O) via a
network with N layers of self-attention, which is to capture
long-range dependencies across contact-space regions:

FE = o (SAGEED) & FO0) 0FC), i€ L],

Self-attention refinement
(5)
where SA(-) denotes self-attention mechanism. This design
aligns semantic and spatial cues across layers, allowing the
model to learn structured and coherent contact intent.
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Figure 3: Adapt-Dec of IADM. Adapt-Dec consists of N
stacked blocks, each containing a self-attention module
for modeling intra-sequence motion structure and a cross-
attention module for contact-guided refinement.

(3) Intention Enhancement. Finally, FC(N) re-attend to
language tokens to further reinforce semantic grounding:

F,=CA(F™N) F,F)® F,, (6)

where the embedding F, € RB*L*D serves as a unified
representation that captures both the spatial likelihood and
the semantic necessity of contact. The entire IGCF pipeline
is fully differentiable, allowing gradient-based learning of
spatial contact representation F,. under semantic guidance
F). This enables the contact field F, to be directly optimized
via interaction-specific objectives, thereby tightly coupling
semantic intent with physical grounding during training.

This hierarchical attention mechanism introduces two key
innovations: (1) a layer-wise attention design for progres-
sive intent alignment; and (2) a fully differentiable formu-
lation that supports contact-aware learning under semantic
constraints. Together, these elements enable the model to
generate motion that is both physically grounded and se-
mantically faithful, particularly in contact-sensitive scenar-
ios such as sitting or leaning objects.

3.3 Intention-Aware Diffusion Model

To address the challenge of generating semantically coher-
ent and physically plausible human motion under complex
multi-modal conditions, we introduce an Intention-Aware
Diffusion Model. At each timestep, the noisy input is con-
catenated with multi-source condition features, including
language semantics, target-object grounding, scene geom-
etry, and contact constraints. Our model applies a modality-
aware integration strategy: while text, target, and scene fea-
tures are globally fused, the contact condition is selectively
injected via designated cross-attention layers.

Multi-Condition Fusion and Guidance. Motivated by
the structured guidance scheme in (Song et al. 2024a), we
decompose conditions into two streams: (1) the contact con-

dition C, derived from the IGCF embedding FC fused with
the diffusion timestep ¢, and (2) the primary condition C),
which combines language feature Fj, target object feature
F, and scene feature F, also conditioned on ¢. This separa-
tion allows the model to apply differentiated attention across
semantic and physical modalities.

The denoising process is split into coarse-to-fine stages:
we first synthesize a coarse trajectory capturing global mo-
tion structure, then refine it into detailed pose sequences.



Scene-conditional Action-conditional Pure motion quality
goal dist. | contact!  non-collisionf | accuracyf diversity— multimodality— FIDJ APD?T

Real ‘ 0.014:|:O4001 98.91j:0.004 99.98i0'000 ‘ (1991:‘:0.003 4.793i0.092 2.168i0'041 ‘ 0.000:|:0.000

HUAMNISE ~ [0.315%%913 7970 £0-009  99.93%0-001 1 895+0-003 4 p79%0:039 9 754£0.079 ] 13%0-031 5,595+0.038
Afford-Motion | 0.146T0-007  93,9p+0-008 = g9 g(+0:002 | () 9o+0-001 4 467+0-005 3 430+0-020 | () 569+0.008 4 g79+0.026
Ours (w/o Target) [ 0.06970-010  95,63%0-007 99 95+0.001 | g70+0-001 4789+0-021 3 3(5+0.043 | 255+0.002 4 g6(H+0.035

MDM* 0.074i04011 94.87i0.008 99.82i0'002 0.904i0.001 4.253i0.028 2.022i0.069 1.084i0'016 5.330i0.041
Cenetal. 0.130%0012 89 44%0011 99 95+0-002 1 () 937£0-001 4, 768£0-036 9 403%0-057 |0 3700011 53340040
Ours (w/ Target) |0.0670-011 9530%0-007 99 96+0-002 | ( g76+0-000 4 569+0:009 3 176+0-048 | () 163%0-001 4 gqp+0-034

Methods

Table 1: Quantitative Evaluation on HUMANISE dataset. The different interpretations of Methods can be found in Sec. 4.2. To
ensure a fair comparison, we conducted 10 experiments, ¥ denotes that x represents the average value of the metric, while y
corresponds to the 95% confidence interval around this mean. T means higher is better and | means lower is better. — means
closer to the real data is better. Bold highlights the best results. Underline indicates the second best.
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Figure 4: Visualization Comparison on HUMANISE dataset. Leveraging the IGCF module and Adapt-Dec, our method gener-
ates motion that accurately capture the fine-grained contact patterns observed in real interaction.

This two-stage design helps mitigate semantic drift and im- (CA) module for condition-guided refinement. The attention
proves contact precision. The conditioning and input process mechanism in each block is defined as:
is defined as: QKT
A K = Sof
C.= ot + F), ttn(Q, ﬂ,V) Softmax ( NG ) V,
Cp = ¢(fcat(t7E7Ft7Fs))7 (7) Q X K X e X (fAtt . SA) (8)
X, = h =X, K =X,V =X; (if Attnis
Xt fcat(Cpa(b(Xt))? w ere{Q:Xt,K: CmV: CC (ifAttIl is CA)

where ¢(-) is a lightweight MLP, and F,(-) denotes feature
concatenation. The same formulation applies to both trajec-
tory and motion diffusion stages, with the key difference be-
ing that motion generation further conditions on the coarse

We directly regress the clean motion signal X rather than
the residual noise, enabling more stable optimization and
faster convergence:

trajectory from the first stage. Laise = Ex, . [| Xo - Ga(X: | C,, Cc>|§:| : )
Denoiser for IADM. Inspired by Afford-Motion (Wang

et al. 2024), we propose the Adaptive Decoder (Adapt- where t ~ U[1,T] and X¢ ~ q(Xo). G, denotes the gener-
Dec), a contact-aware diffusion backbone designed to in- ative model. This L5k ensures stable training while pre-
tegrate semantic intent’ scene geometry’ and physical con- serving the theoretical underpinnings of the diffusion frame-
tact constraints in a unified manner. Adapt-Dec dynamically work. Importantly, since IGCF is directly involved in the CA
fuses global semantics and local contact cues at each de- computation, it receives gradient feedback from the motion
coding layer through dual attention pathways. As shown in decoder, allowing contact predictions to be refined jointly
Fig. 3, Adapt-Dec consists of N stacked blocks (e.g., 4), with motion quality.

each containing a Self-Attention (SA) module for model- Backpropagation of IGCF. Whﬂ? the IGCF provides se-
ing intra-sequence motion structure and a Cross-Attention mantically grounded contact priors F to guide pose refine-
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Variants. | Penen | Penemen |  Penema | | FIDJ

Real 0.352i0.018 0.786i0'014 0.926i0A012 O.OooiO.OOO
Cen et al.*[0.261F0-013 (.517%0-014 ( 764+0-013]] 545+0.022
Ours 0.11977:012 0.382*0017 0.631+0-014 |1.254+0-0%°

Table 2: Quantitative results on LINGO dataset. Our IGCF
module achieves the best motion quality.

ment, we further establish a training-time feedback mech-
anism by backpropagating the denoising loss from the
diffusion-based motion generator into the IGCF mod-
ule. This gradient flow enables the C. to adapt dynami-
cally based on motion prediction errors, allowing it to evolve
throughout training. Rather than serving as a static prior, the
IGCF is jointly optimized to enhance both motion plausi-
bility and contact accuracy. This bidirectional dependency,
where contact representations guide motion generation and
motion supervision is in turn used to refine contact infer-
ence, forms a closed learning loop within our framework.

4 Experiments

This section presents both quantitative and qualitative exper-
imental results, and ablation studies.

4.1 Evaluation Metrics

To ensure fair comparisons, we follow the evaluation proto-
cols of PSI (Zhang et al. 2020b), HUMANISE (Wang et al.
2022b), Cen et al. (Cen et al. 2024), Afford-Motion(Wang
et al. 2024), and LINGO (Jiang et al. 2024a). We evaluate
the motion in three aspects: (1) Scene-conditional Motion
Quality. For the HUMANISE dataset, we evaluate scene
alignment via body-to-goal distance (goal dist.) and motion
plausibility using contact and non-collision scores. For the
LINGO dataset, we measure scene penetration via penetra-
tion rate (Pene, ), average penetration distance (Penemean ),
and maximum penetration distance (Peney.x). (2) Action-
conditional Motion Quality. To measure how the generated
motion is aligned with the text, we assess the action recog-
nition performance, evaluating the accuracy, diversity, and
multimodality of the results. (3) Pure Motion Quality. We
evaluate the realism of generated motion using the Frechet
Inception Distance (FID), while Average Pairwise Distance
(APD) is used to assess motion diversity across all motion
pairs. We further conduct a user study to assess motion qual-
ity, scene consistency, and semantic alignment from a human
perception perspective (details in supplementary).

4.2 Comparisons With State-of-the-Art Methods

Baselines. We conduct our experiments mainly on the HU-
MANISE dataset and compare our method with four base-
lines: (1) HUMANISE (Wang et al. 2022b) uses a condi-
tional VAE with auxiliary tasks for object center regression.
(2) Afford-Motion (Wang et al. 2024) employs a two-stage
framework, first predicting affordance maps, then generat-
ing human motion. The released HUMANISE and Afford-
Motion models are used directly for motion generation. (3)
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Figure 5: Qualitative Results on LINGO dataset. Our
method generates realistic and coherent motion with natu-
ral contact.

MDM* (Tevet et al. 2023) is retrained with scene and tar-
get features using the same inputs as our method. (4) Cen et
al. (Cen et al. 2024) adopt a two-step approach using LLMs
for target grounding and an object-centric scene representa-
tion for motion generation. (1) and (2) do not infer the target
object from text instructions, while (3) and (4) do. For fair
comparison, we design two variants of our method: Ours
(w/o Target), which does not explicitly use target informa-
tion, and Ours (w/ Target), which incorporates it.

Quantitative Analysis and Results. (1) For the HU-
MANISE dataset, we conduct extensive experiments to eval-
uate the effectiveness of our proposed framework. As sum-
marized in Tab. 1, Ours (w/ Target) achieves the best goal
distance, contact and non-collision, indicating precise spa-
tial alignment and robust physical plausibility. Ours (w/
Target) achieves an action accuracy of 0.976 and an FID
of 0.163, indicating strong semantic consistency with in-
tended actions and high motion realism. Our APD of 4.942
is slightly lower than Cen et al., yet our results remain nat-
ural and contextually coherent. We achieve a diversity score
of 4.569 and a multi-modality score of 2.176, with the multi-
modality closest to real human motion among all methods.
Although our diversity is not the highest, the qualitative re-
sults still demonstrate diverse and plausible motion patterns.
Compared to HUMANISE and Afford-Motion, Ours (w/o
Target) achieves higher scores on all metrics except APD.
Nevertheless, the quantitative results validate that Ours (w/o
Target) generates motion that are more semantically accu-
rate and contact-plausible. (2) For the LINGO dataset, base
on “Cen et al.” (Cen et al. 2024), we implement the Adapt-
Dec architecture to construct the “Cen et al.*” baseline. Ours
is trained with IGCF module to assess intention condition-
ing, whereas the “Cen et al.*” variant omits this module. As
shown in Tab. 2, Ours better captures contact dynamics, with
lower penetration rates and improved FID scores, demon-
strating enhanced physical plausibility and motion quality.

Qualitative Analysis and Results. Understanding human
motion relies on visual analysis, so we provide visual com-
parisons to demonstrate the effectiveness of our method.



Variants

w/o Contact|0.082%0-011
wio HA  [0.070%0-011

w/ SA (x2)|0.068+0-011
w/ SA (x6)[0.069%0-011
w/ SA (x4)[0.067%0-011

| goal dist. | non-collision?t| accuracyt |  FID)

99.88%0:000" |0, 958:+0-001|) 7330007
09 87£0-000 | 971 %0.001 | 53+0.004

99.86i0'001 0.976i04001 0.156i0.002
99.86:’:0-001 0.979i0.000 0'216:*:0.002
99‘96:t0.002 0.976:‘:0.001 0.163i0'001

Table 3: Ablation for the IGCF. The results demonstrate that
SA4 successfully captures realistic and physically plausible
human-object contact interaction.

Arch. |goal dist. | contact? | accuracy? | FID]

DiT 0.076=-011 94.470:00819 967+0-001 10 247:+0.003
U-Net ‘0.137*0-013 87.93+0:01|0.886*0-001|0.994%0-007
AD (w/o Guid)[0.07570-012 94,88+0-008| 961 +0-001] 200+0-003
Adapt-Dec  [0.067%0-011 95,30%0-007)0,976%0-000]9,163%0-001

Table 4: Ablation for IADM. The results verify that Adapt-
Dec with guidance achieves the best motion quality.

(1) For the HUMANISE dataset (Fig. 4), HUMANISE and
Afford-Motion frequently deviate from targets and occa-
sionally penetrate objects. MDM* benefits from our scene
input but still generates imprecise motion. Cen et al. im-
prove localization, yet suffer from pose-object misalignment
in actions like stand up and walk. In contrast, Ours (W/
Target and w/o Target), using semantic contact representa-
tion, achieves accurate contact alignment and avoids pene-
tration, demonstrating superior spatial reasoning. (2) For the
LINGO dataset, the results are presented in Fig. 5. We visu-
alize longer motion sequences, which demonstrate that our
method produces realistic and coherent motion with consis-
tent contact behavior over time.

4.3 Ablation Studies

We conduct ablation studies on both the IGCF and the
IADM to validate the rationale behind our design choices.

IGCEF. (1) “w/o Contact” excludes contact conditioning
entirely. (2)“w/o HA” uses a simple MLP to incorporate con-
tact information, omitting the hierarchical attention mecha-
nism. (3) “w/ SA” integrates contact and language features
via the hierarchical attention mechanism, with “x2”, “x4”,
“x6” indicating alignment depth. Among these, the “SA
x4” configuration achieves the best trade-off between effec-
tiveness and efficiency (see Tab.3 and Fig.6-top). The IGCF
module is instrumental in capturing fine-grained and physi-
cally plausible contact interaction between the human body
and surrounding objects. Benefiting from IGCF, our method
enables precise and realistic control of contact behaviors, en-
hancing physical plausibility for task-driven animation and
embodied Al (see Fig. 7).

IADM. We explore three denoisers and conditional guid-
ance strategies (see Tab. 4 and Fig. 6-bottom). (1) U-
Net (Dabral et al. 2023; Karunratanakul et al. 2023), Diffu-
sion Transformer (DiT) (Peebles and Xie 2023; Song et al.

2071

sit on the couch that is
(far from the coffee table |

closer to the person
Real

U-Net

Figure 6: Ablation on IGCF and Denoiser. Results validate
the effectiveness of the IGCF in producing the most accurate
condition offsets, and confirm that our Adapt-Dec achieves
superior motion quality.

Figure 7: Controllable contact generation. Given the instruc-
tion “walk to the table that is closer to the board”: @ selects
the contact area on the table, @ generates contact field, and
@ synthesizes the motion sequence.

2024a), and Adapt-Dec. We extend U-Net (Huang et al.
2024) and DiT (Song et al. 2024a; Huang et al. 2024), origi-
nally designed for text-to-motion, by incorporating language
and scene geometry into the latent space, and embedding
IGCF into the self-attention layers. U-Net and DiT struggle
with multi-modal fusion, often generating incoherent mo-
tions, whereas Adapt-Dec better captures contact dynamics
and produces more coherent, physically plausible results.
(2) “AD (w/o Guid)” corresponds to the Adapt-Dec vari-
ant where both coarse and fine guidance mechanisms are
removed. The observed performance gap demonstrates that
guidance plays a critical role in enhancing motion quality.

5 Conclusion, Limitation and Future Work

We present IntentMotion, a novel framework that bridges
high-level linguistic intent and low-level physical contact
for realistic motion generation in 3D scenes. By intro-
ducing the Intention-Guided Contact Field (IGCF) and
the Intention-Aware Diffusion Model (IADM), IntentMo-
tion enables structured contact reasoning and semantically
grounded motion synthesis through a unified and differen-
tiable architecture. Experiments demonstrate that IntentMo-
tion excels at contact accuracy, semantic alignment, and
generalization. However, IGCEF still lacks fine-scale contact
and scalability in clutter, and is confined to single-agentand
static scenes; future work will extend to multi-scale, multi-
agent, and temporal dynamics for real-world deployment.
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