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Abstract. Generating human motion from language in 3D scenes re-
quires both semantic alignment with textual intent and physically plau-
sible human-scene interactions. Existing methods struggle because im-
plicit language-scene fusion entangles motion synthesis with scene rea-
soning, while explicit grounding via fixed-vocabulary detectors or affor-
dance maps lacks generalization and fails to capture full-body, temporally
coherent interactions. We address this representation gap by identifying
mutual distance as an effective interaction representation for modeling
full-body spatiotemporal human-scene relations, and propose MDNet,
a two-stage diffusion framework that explicitly generates and grounds
such interactions. Since mutual distance encodes only relative geometry
and is ambiguous for stochastic generation, we introduce VLM-based se-
mantic anchors to provide absolute spatial grounding. We further model
mutual distance in the frequency domain to enhance temporal stability
before synthesizing final motions. Experiments on HUMANISE demon-
strate state-of-the-art semantic alignment, physical plausibility, and tem-
poral coherence, with cross-dataset generalization to unseen scenes.

Keywords: Scene-Aware Human Motion Generation - Mutual Distance
- Interaction Representation

1 Introduction

Language-guided scene-aware human motion generation aims to synthesize full-
body 3D motions that follow natural language instructions while remaining phys-
ically consistent with complex 3D scene geometry [47].

This task is fundamentally shaped by two intertwined challenges. First, natu-
ral language often provides only coarse or ambiguous intent, requiring the model
to infer precise spatial and temporal motion goals within a complex environment.
Second, the generated motion must satisfy strict physical interaction constraints,
including joint limits, balance, collision avoidance, and coherent contact evolu-
tion with the scene. Together, these requirements severely restrict the feasible
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(b)

Fig.1: Mutual distance ambiguity for
stochastic motion generation. (a) Two se-
mantically distinct walking motions in the
same scene. (b) Corresponding mutual
distance trajectories; solid and dashed
curves denote different motions. Despite
semantic differences, the trajectories are
nearly identical, showing that mutual dis-
tance alone is insufficient for language-

lie down on the bed

Fig. 2: Examples of generated motions.
Motions generated by our MDNet (blue)
and Wang et al. (pink). Our MDNet
produces physically plausible and tempo-
rally coherent motions, while the base-
line exhibits penetration (walk) or float-
ing/jittering (lie down), highlighting the
impact of explicit interaction representa-
tion. Lighter colors indicate earlier frames

specified stochastic generation. (best viewed in color).

motion space and demand an interaction representation that can simultaneously
support semantic grounding and physical consistency.

Recent generative models attempt to address these challenges using
conditional VAEs or diffusion models, yet they largely entangle motion synthe-
sis with scene reasoning and lack an explicit interaction representation that can
simultaneously encode global human-scene relations, support language ground-
ing, and preserve temporal interaction dynamics. Implicit fusion strategies (e.g.,
HUMANISE ) often obscure task-relevant scene regions, leading to semantic
misalignment [29]. Explicit grounding via affordance maps focuses on sparse
contact points and ignores full-body and temporal interaction structure, result-
ing in penetration, floating, and jittering (Fig. . These limitations expose a
fundamental representation gap: existing methods fail to capture how the entire
human body evolves relative to the scene in a structured, temporally coherent,
and semantically grounded manner.

Mutual distance [42] provides properties that effectively address this repre-
sentation gap. By combining per-joint signed distances to scene geometry with
per-basis-point distances from scene anchors to the human body, mutual dis-
tance captures full-body human-scene relations and their temporal evolution in
a unified and continuous manner, offering strong structural cues for physical
plausibility and interaction coherence. However, mutual distance encodes only
relative spatial configurations and lacks an absolute reference frame. While this
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ambiguity can be resolved in motion forecasting using historical context, no such
reference exists in stochastic generation. As a result, distinct motions performed
in the same scene may yield nearly identical mutual distance trajectories, as
illustrated in Fig. a,b), where solid and dashed curves correspond to differ-
ent motions. This inherent ambiguity prevents mutual distance from uniquely
determining motions that satisfy language-specified goals (e.g., “walk from the
chair to the table”), rendering it insufficient as a standalone representation for
generation.

To resolve this ambiguity, we introduce semantic anchors that provide the
missing absolute spatial reference, making mutual distance generatable for text-
conditioned motion synthesis. By linking language-specified motion goals to con-
crete scene locations, semantic anchors provide absolute spatial conditions for
relative human-scene interactions. We obtain these anchors using vision-language
models (VLMs), which provide open-vocabulary understanding of object descrip-
tions and scene context. This capability allows more flexible spatial grounding
than fixed-vocabulary detector-based approaches such as Cen et al. [3], especially
when target objects are unseen or ambiguously described.

Building on this insight, we propose MDNet, a two-stage diffusion framework
that makes mutual distance a practical interaction representation for scene-aware
motion generation. First, MDNet explicitly generates mutual distance to model
full-body human-scene interactions, decoupling interaction reasoning from mo-
tion synthesis. Second, it resolves the inherent ambiguity of mutual distance
by conditioning on VLM-derived semantic anchors that provide absolute spa-
tial grounding for language-guided generation. Third, MDNet models mutual
distance in the frequency domain using the discrete cosine transform (DCT),
which suppresses high-frequency noise and facilitates temporally stable interac-
tion synthesis within the diffusion process [7].

With these components, the Mutual Distance Generator (MDG) produces
smooth, physically consistent mutual distance trajectories conditioned on scene
geometry, language, and semantic anchors. The Mutual Distance-based Motion
Generator (MDMG) then synthesizes full-body motions guided by the generated
mutual distances. Experiments on HUMANISE [41] demonstrate that MDNet
achieves superior semantic alignment, physical plausibility, and temporal coher-
ence, with cross-dataset generalization on PROX [15]. Code will be released to
support reproducibility.

Our main contributions are as follows:

— We make mutual distance an effective and expressive interaction represen-
tation for language-guided, scene-aware human motion generation.

— We resolve the inherent ambiguity of mutual distance for stochastic gener-
ation through VLM-based semantic anchors for absolute spatial grounding
and frequency-domain modeling for temporal stability.

— We propose MDNet, a two-stage diffusion framework that generates anchor-
grounded interaction trajectories and synthesizes physically plausible, se-
mantically aligned full-body motions.
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2 Related work

3D Human Motion Generation. Conditional 3D motion generation and un-
derstanding has been explored using action labels [4][13], text [34)44}48]|49],
music [24], objects [8,/45], and scene context [14}[22}[35H37,/43]. Early single-
modality approaches [1}|13}/24] lacked adaptability in complex scenes. Text-to-
motion models [11}[12] relied on latent alignment but struggled with scene con-
straints [28,/40]. Recent methods combine signals, e.g., text with objects [8}26] or
scenes [3,391/40] to improve physical realism, though joint modeling remains diffi-
cult due to modality gaps. In this work, we introduce a scene-aware, text-driven
motion generation framework that explicitly models human-scene interactions
via mutual distance, improving coherence and realism over latent-based meth-
ods [3].

Scene Understanding. Scene understanding involves recognizing objects and
the overall semantic layout [9]. Most multi-modal visual grounding methods use
a two-stage pipeline [18}21}/32,|381[52], which requires separate object detection
and matching, resulting in longer inference times and limited generalization to
open-world objects [3{20,27]. In contrast, we adopt a BEV-based semantic anchor
prediction approach with the Vision Language Models (VLMs), whose structured
and interpretable representations better support recognition and reasoning.
Scene-aware Motion Synthesis. For scene-aware human motion synthesis, it
is necessary to consider the constraints imposed by the scene on human move-
ment to generate more realistic motions. Previous methods [2}3}/16,[35[37,/41}/46|
lack explicit constraints between humans and the scene, thus, the human motions
generated by these methods often suffer from issues such as “ghost motion”. Sem-
GeoMo [6] generates dynamic contextual human motions from sequential point
clouds of interactive targets. In contrast, MoMaps [25] studies semantics-aware
3D scene motion generation from a single image. Besides this, [40] adopts the
contact map as an explicit representation of human-scene interaction, which ex-
plicitly encodes the contact relationship between the scene surface and human
joints. However, this representation can only constrain the contact part, leav-
ing other parts unconstrained, which is not a suitable constraint for the global
trajectory of human motion.

In this paper, we introduce the mutual distance representation into human
motion generation. In contrast to [40], mutual distance representation effectively
provides comprehensive temporal and full-body constraints, enabling more real-
istic and coherent motion generation.

3 Preliminary

3.1 Motion Representations

Following Guo et al. |11] and Wang et al. [40], we represent the human pose for
each frame using the joint positions from the SMPL-X body model, specifically
denoted as x, € R?*3 for the pose at motion timestep u, where J refers to
the total number of joints. The output of our model consists of a pose sequence
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represented as X = {xi1,...,xy}, with U being the total number of motion
timesteps. For visualization purposes, these poses are converted into body meshes
parameterized by SMPL-X [30], by adjusting the body parameters to fit the joint
positions.

3.2 Scene and Text Representations

We represent the 3D scene using a Signed Distance Field Volume as S €
RN*NXN following [42]. Each value in this volume shows how far a voxel is
from the closest surface in the scene. The sign of the value indicates whether the
voxel is inside or outside the surface.

The language description L is composed of W words. We extract its feature
representation using a pretrained CLIP model [31], which encodes the entire
sentence into a global text feature vector Fiey; € R212.

3.3 Diffusion Models

Diffusion models [17}/33] are generative models that synthesize data through a
two-step process: a forward noising step and a reverse denoising step. The for-
ward process gradually adds Gaussian noise to real data xg, forming a sequence
{x:}_,, where each step follows the distribution q(z¢|z:—1) = N (24; /arwe—1, (1—
ay)I). As t increases, the distribution converges to N (0,I).

The reverse process learns to reconstruct zo from zp ~ AN(0,I) by modeling
po(Ti_1]zy) = N(@p—1; pg(xs,t), Xo(we,t)), where ug and Xy are predicted by a
neural network. In conditional generation, additional context C' is incorporated
into the reverse process as pg(z¢—1|z¢, C), enabling generation guided by text,
scene, or other signals.

4 Method

Overview. We first formulate the text-driven scene-aware 3D human motion
generation task. Given a 3D scene S and language description L, our objective
is to generate a 3D pose sequence X with U frames. The pipeline of our MD-
Net is illustrated in Fig. [3| It consists of a Mutual Distance Generator (MDG)
and a Mutual Distance-based Motion Generator (MDMG). In section our
MDG first transfers the noisy mutual distance to the frequency domain, then
synthesizes mutual distance M conditioned on scene SDF volume S, language
description L, and semantic anchors Pg,. The MDMG synthesizes human mo-
tions X conditioned on M, S, L, and Pg.. Here, the semantic anchors (start and
end positions) are predicted by a VLM, Gemini [10] (refer to Sec. [£.3), denoted
as Pg. € R?*2, where each row corresponds to a 2D spatial coordinate.
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4.1 Mutual Distance

Mutual distance consists of two complementary measures: (1) the per-joint signed
distance, encoding detailed local interactions, and (2) the per-basis point dis-
tance, capturing global positional dynamics.

Its formal definition is as follows. Given a set of human joints J, = {J .} 3]:1
at motion timestep u, we define the per-joint signed distance dj, for joint j
as the shortest Euclidean distance from joint position J;, to the nearest scene
surface point, assigning a negative sign when the joint lies inside the solid volume
enclosed by the scene. We use S;,, to represent the volume inside the actual solid
scene. The OS is the set of points on the scene surface, and y € 9S denotes a
surface point. Formally, the d;,, is defined as:

— min [[Jj, —yll2, if Jju € Sin,

dju=4 7° p 7. 4 (1)
;Iel}jns” ]u—Y||27 L Jdjy §é ins
where d,, = [d1y, d2y, " ,dy,) " € R7, is the per-joint signed distance at motion

timestep wu.

To capture global positional context, we define a set of K basis points
{pk}szl fixed relative to the scene origin. At each motion timestep u, the per-
basis point distance by, is computed as the minimum Euclidean distance from
each basis point py to all joints in the current pose:

where by, = [b1y, bay, - - ,bKu]—r € RX | is the per-basis point distance at motion
timestep u. We first pre-compute the mutual distance for training, denoted as,

D =[di,ds,...,dy] € R”*Y B = [by,bs,...,by] € RE*Y. (3)

For consistency and compactness, we concatenate them along the spatial dimen-
sion to form the final mutual distance:

M = [D;B] = [m;,m,,...,my]" € RUXVFK) (4)

4.2 MDNet Architecture

In the first stage, we propose the Mutual Distance Generator (MDG), a
diffusion-based framework that synthesizes mutual distance sequences condi-
tioned on scene geometry S, language descriptions L, and semantic anchors Py.
The generation process is formulated as:

T
Po (MO:T ‘ S7 L7 Pse) = p(MT) HPG(M<t71) ‘ M<t)7 87 La Pse), (5)
t=1
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per-joint signed distances decrease as the person approaching sofa per-basis point distances change when the person is moving

Fig. 3: Overview of our two-stage MDNet. The first stage, Mutual Distance Gen-
erator (MDG), synthesizes mutual distance sequences by conditioning on scene ge-
ometry, text input, and semantic anchors. Temporal modeling is improved using the
Discrete Cosine Transform (DCT). Next, in the second stage, the Mutual Distance-
based Motion Generator (MDMG) generates full-body motion sequences guided
by the predicted mutual distances and contextual features. On the top row, we select
five joints and basis points, and show the corresponding per-joint signed distance and
per-basis point distance curves over time for the example “sit on the sofa.”

where M) denotes the mutual distance at diffusion timestep t. As illustrated
in Fig. [3] our MDG comprises three modules: (1) a DCT Module, (2) a Spatial-
semantic Transformer, and (3) an IDCT Module. The modules are described
below.

DCT Module. We apply DCT along temporal dimension, i.e., independently
on each column of the mutual distance M), yielding a smooth frequency-domain
representation Z. Formally, for each index i € {1,2,...,J+ K}, the transforma-
tion is defined as:

U
2 1 ™
Z) ==Y MY ——— —(u+1)(f-1)), 6
lf Uu:1 U 1+5f1 COS(2U( Uu )(f )) ( )

where Mi(i) represents the mutual distance of the i-th joint or basis point at

motion timestep u, and Zi(;) is the corresponding DCT coefficient at frequency
index f. The df; is a Kronecker delta function. With all cosine bases precom-
puted, the DCT can be represented as a linear transformation, Z(#) = CM®,
where C € RU*V is an orthogonal transformation matrix storing the precom-
puted cosine bases. Since most energy lies in low frequencies, we retain only the
first d coefficients:

ZM = c,MW, (7)

where C; € R**V contains the first d rows of C, yielding a compact representa-
tion Z(®) € RIX(J+K),
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of ) Step 2. Locate the target object mentioned in the text. | pf

start end

4 The couch is a small, reddish-pink one located
"Walk to the couch” ” near the bottom center of the room.
I scene 2D image Step 3. Infer 1 plausible starting pelvis position.
! Explain why you choose this position.

Given a top-down indoor scene image and a text 4 I choose this position [a, b] because it is in the

instruction describing a human action, your task open space between the bed and the couch,
is to complete the following tasks step by step. allowing a clear, straight path to the couch.
The text description is [£rom input].

Step 4. Infer 1 ending pelvis position at the edge of

Step 1. Find all objects and provide a detailed the target object that can arrive casily from
description of the scene. the starting position.
< The scene depicts a hotel room. The room includes " Ichoose this position [c, d] because it is on the top
a bed with messy sheets and a striped comforter, H edge of the couch, reachable by walking straight &
a small couch ... from the starting position.
- AN )

Fig.4: VLM-guided anchor prediction pipeline. Given a BEV image and a text in-
struction (e.g., “Walk to the couch”), a VLM with chain-of-thought (CoT) reasoning
performs the following steps: (1) identifies scene objects, (2) localizes the target, and
(3—4) predicts plausible start/end pelvis positions. Green boxes indicate detected ob-
jects; orange/yellow dots denote start/end anchors.

Spatial-semantic Transformer. We propose a hierarchical transformer that
refines mutual distance via structured multimodal interactions, integrating tem-
poral, spatial, and semantic contexts. Starting from Z*), we incorporate posi-
tional information Fpos using an attention fusion block Attg,, and then process
the result with a transformer encoder. Fpos is extracted by an MLP from Pg.. To
incorporate scene geometry, we apply another attention module Atteg to fuse en-
coder output Fe,. with scene spatial features Fy.. extracted by a 3D-CNN-based
encoder Sg(-). A multimodal transformer decoder then generates the final repre-
sentation. Its queries are composed of textual features Fiqy, diffusion timestep
embeddings Fgcp, of ¢, and learnable query tokens Q. The keys and values are
derived from the output of Attes, which encodes the mutual distance with both
scene and positional information.

IDCT Module. To reconstruct mutual distance sequences from latent frequency-
domain embeddings Z(t), we apply the IDCT (Inverse DCT). The reconstruction
process is defined as,

M — ] Z0, (8)

where CdT € RU*4 denotes the truncated inverse cosine basis, and M® is the
reconstructed mutual distance sequence.

Our model directly estimates denoised mutual distances in the frequency
domain. We use an ¢; loss to enforce temporal fidelity:

Lypc =Bz [I|Z° — Go(Z) 1,8, L, Py.)||1], 9)

where Gy is our MDG model and Z° is the GT DCT representation.

In the second stage, we use the Mutual Distance-based Motion Generator
(MDMG) to synthesize the final human motion sequence based on the predicted
mutual distance from MDG. The motion generation process follows a conditional
diffusion formulation,



Learning Generatable Mutual Distance for Motion Generation 9

T
Ps(X*TIMS,L,Pse) = p(X)] [ps (X"~ | XV MS,L,Pse), (10)

t=1
where X is the human motion sequence at diffusion timestep ¢. The MDMG
model first integrates the predicted mutual distance M with the scene feature
Fsce using an attention-based fusion module Att,,s. The fused representation is
then concatenated with additional inputs. This combined input is passed to a
transformer encoder, and the output, X, is the reconstructed motion sequence.

We primarily optimize the model using an ¢; loss, defined as:

Emotion - IE:Xo,t HXO - G¢(X(t),t,1\7_[, S7L,PSC)||1i| 5 (11)

where G4 represents our proposed MDMG model and XO represents ground
truth motions.

In addition, we introduce two consistency losses. Given that our 3D scene
representation is modeled as a signed distance volume, we query the signed
distance of each human joint by interpolating within this volume. This enables
a per-joint signed distance consistency loss, defined as,

1 u J
cjoint = 777 Z
UJ & e

where czju and dj, denote the signed distances of the j-th joint in the pre-
dicted and GT human pose at motion timestep u, respectively. We also introduce
a per-basis point distance consistency loss to enforce spatial alignment between
the predicted human motion and the scene. Formally, it is defined as,

1 U K
Ebasis = U?Z:Z

1k=1

dju — dju,

, (12)

i)ku - bku 3 (13)

where lA)ku and by, represent the predicted and GT distances for the k-th basis
point at timestep u, respectively. Ground-truth motions are used only during
training to compute these losses. The overall training loss is:

ﬁMDMG = Emotion + ﬁjoint + L:basis~ (14)

4.3 Semantic Anchor Prediction

We adopt a BEV-based semantic anchor localization approach (predicting the
start and end positions of the motion sequence) that efficiently integrates with
our mutual distance-based, language-guided motion generation pipeline. Given
the inferred semantic anchors, the generated motion is constrained to be close
to the target object. The pipeline includes two main steps:

(i) We render a BEV image by projecting the 3D scene from a virtual over-
head camera, as it efficiently captures the full scene and walkable areas for motion
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generation, while multi-view representations require costly occlusion reasoning
and rendering.

(ii) We apply a VLM to the rendered BEV image. Unlike 3D-scene models
such as 3D-LLM [19] or LL3DA |[5], which require complex 3D feature construc-
tion (e.g., SLAM) or task-specific tuning, a general 2D VLM is sufficient and far
easier to deploy, making it more suitable for pixel-level anchor prediction. Using
chain-of-thought prompting, the VLM interprets natural language instructions,
identifies relevant objects, and predicts 2D semantic anchors aligned with the
intended action. An example of this process is shown in Fig. [l The predicted
anchors are then lifted back into 3D space. The complete procedure is provided
as pseudocode in the supplementary A. Prompts are provided in supplementary
D.

5 Experiments

5.1 Implementation Details

We adopt a frozen CLIP-ViT-B/32 [31] to extract textual features for both
stages. All transformer-based modules are implemented using the native PyTorch
implementation. Both diffusion models are trained with the AdamW optimizer
using a learning rate of 1 x 10~% and a batch size of 32 on a single NVIDIA A100
GPU. We utilize Gemini-1.5-Pro |10] to generate semantic anchors. For each
motion-language pair, we generate 5 anchor candidates to enhance the diversity
of generated motions. To compute the per-basis point distance, we follow the
protocol of |[42] and uniformly sample 150 basis points located 2.0 meters away
from the scene origin. We retain the first 50 DCT coefficients to capture the
dominant low-frequency components.

5.2 Datasets

Experiments are conducted on the HUMANISE [41], a large-scale benchmark
for language-conditioned motion generation in 3D scenes. It includes four ac-
tion categories, each paired with language descriptions of the action and target
object. Following [40], we exclude spatially referring descriptions. We also use
PROX |15], which captures human motions interacting with real 3D indoor
environments for studying human-scene physical interactions.

5.3 Metrics and Baselines

We assess semantic alignment and diversity using goal distance (goal dist.) and
Average Pairwise Distance (APD) |40L|41]. For physical realism, we report non-
collision and contact scores [40,50], measuring the ratio of body meshes without
penetration and with meaningful contact. We additionally report pene,,,, and
pene, .. [23/51] to evaluate the average penetration over time and the maximum
penetration in one sequence, respectively. To assess motion expressiveness and
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Table 1: Quantitative results on the HUMANISE dataset. We evaluate semantic
alignment (goal dist.), physical plausibility (contact, non-collision, pene,,.,,
pene, .. ), and motion quality (APD, TMYV). | indicates the lower the better, 1
the higher the better, and — the closer to GT the better. The best and the second-
best are highlighted in bold and underlined.

Method goal dist.| contact? non-collision? pene,,, | pene_ . |} APDt TMV—
G.T. 0.014 - - - - 0.000 0.1875
Humanise [41] 0.422 84.06 99.77 1.283 2.656 4.094 0.2055
Cen et al. [3] 0.384 86.36 99.60 1.144 2.551  2.073 0.1908
Wang et al. [40]  0.156 95.86 99.69 1.367 14.768  2.597 0.1486
Ours 0.057 95.05 99.81 0.635 1.849 2.235 0.1870

temporal smoothness, we propose the Temporal Motion Variance (TMV) metric:

TMV = std <L [ — xj”z) (15)
li — 7 1<i<j<U,

where x; is the pose at timestep ¢, and v = 10 balances scale. The weight ﬁ
emphasizes short-range variations while retaining global structure. A TMV close
to that of ground truth (GT) indicates natural, coherent motion; higher values
imply jitter, and lower ones suggest underactuated or static sequences.

We compare our method with the following baselines, (i) Humanise [41]: a
cVAE-based approach. We directly use their released models; (ii) Cen et al. |3]:
a diffusion-based generation method with 3D object detection. Note that its goal
dist. evaluation includes spatially referring descriptions; (iii) Wang et al. [40]: a
two-stage diffusion-based method using affordance map for scene awareness.

5.4 Results

Tab. [1] shows a comparison across multiple evaluation metrics. Our method
achieves the best goal distance, indicating improved semantic grounding. We
also outperform all baselines in physical plausibility, with higher non-collision
rate and lower average and maximum penetration. Despite reduced penetration,
our method maintains a competitive contact score, showing that it preserves
meaningful body-scene contact. These results highlight stronger spatial aware-
ness, enabled by signed distances in mutual distance.

For motion quality, we obtain a lower APD than Humanise [41] and Wang
et al. |40], which is due to its higher controllability and the generation of more
semantically aligned, object-aware actions. This balance is further reflected in
TMYV, where our score (0.1870) nearly matches the GT (0.1875), indicating our
sequences exhibit realistic temporal variation while avoiding excessive jitter or
static frames.

Fig.[f]showcases visual comparisons across different interaction scenarios. Hu-
manise [41] and Cen et al. |3] produce floating artifacts or fail to reach the correct
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Table 2: Quantitative comparison under two scene cropping strategies. GT denotes
using GT anchors with random offsets, while VLM denotes using our predicted anchors
for scene cropping.

Method Cropping goal dist.| contact? non-collisionf pene | pene_ .. | APDT TMV—

mean

Wang,; GT 0.156 95.86 99.69 1.367 14.768  2.597 0.1486
Wang,, GT 0.057 95.93 99.78 1.057 10.133  1.969 0.1567
Ours GT 0.055 95.11 99.81 0.434 1.872 2.144 0.1893
Wang,; VLM 0.158 96.27 99.65 1.642 17.556 2.506 0.1480
Wang,, VLM 0.060 96.32 99.74 1.062 11.853  2.028 0.1502
Ours VLM 0.057 95.05 99.81 0.635 1.849 2.235 0.1870

Table 3: Ablation results on the HUMANISE test set. We evaluate the contribution of
mutual distance components, position anchors, and DCT encoding. |: lower is better,
1: higher is better, —: closer to GT is better.

Method goal dist.] contact? non-collisiont pene, ... | pene .. | APDT TMV—
w /o mutual distance 0.298 86.54 99.77 1.921 6.680  3.903 0.3573
w/o per-joint signed dist.  0.059 93.98 99.80 0.992 3.998  2.229 0.2524
w/o per-basis point dist. 0.158 94.66 99.76 0.701 2.829  2.361 0.2083
w /o semantic anchors 0.365 90.37 99.79 0.767 4.010 4.433 0.2383
w/o DCT & IDCT 0.059 94.96 99.80 0.741 3.246  2.178 0.2046
Rand-proj. mutual dist. 0.147 94.42 99.70 1.343 3.928  2.369 0.2145
Ours 0.057  95.05 99.81 0.635 1.849 2.235 0.1870

target object, such as sitting or lying in the air. Wang et al. [40] exhibits obvious
penetrations, motion jitter, and limited dynamics, such as basically static or in-
complete transitions. In contrast, our method generates stable, realistic motions
with smooth temporal evolution and precise object interaction. More results can
be found in supplementary F.

5.5 Ablation Study and Discussions

VLM Cropping. Tab. |2 compares the performance of Wang [40] and its vari-
ants under two scene cropping settings: Ground-truth Scene Cropping, which
follows [40] using GT motion positions, and VLM Scene Cropping, which uses
our predicted anchors from 2D reasoning. Wang,; is the original model and
Wang,, denotes we integrate semantic anchors for their model. The use of VLM-
predicted anchors improves goal alignment and penetration performance for both
Wang et al. and our method, confirming the general applicability and robustness
of our anchor prediction strategy.

Model Component. Tab. [3] shows that removing mutual distance causes the
largest performance drop across all metrics. Disabling per-joint or per-basis dis-
tances respectively degrades physical plausibility and goal alignment, confirm-
ing their complementarity. Without position anchors, goal distance and APD
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PRl I

lie on the table “

walk to.the table

(a) GT (b) Humanise (c) Cen et al. (d) Wang et al. (e) Ours

Fig. 5: Qualitative comparison of four interaction scenarios shows that our method
(e, blue) generates motions that are physically plausible and semantically aligned,
outperforming prior works (b—d, pink). For instance, in “walk to the table,”
our model avoids penetration and unnatural poses. Ground truth is shown in (a, green);
lighter colors indicate earlier frames.

increase notably, highlighting their role in semantic grounding. Removing DCT
and relying on time-domain modeling raises penetration and TMV, showing its
benefit for temporal coherence. We also replace mutual distance with M’ = MR
using a fixed random orthogonal matrix R, and retrain both stages under iden-
tical settings. The drop across metrics shows that its structure, rather than
representation capacity alone, is important for generation.

VLM Model. We evaluate four popular VLMs for anchor prediction: Claude-
3.5-Sonnet, GPT-04-mini, GPT-40, and Gemini-1.5-Pro (Tab. E[) Among them,
Gemini-1.5-Pro consistently locates the correct target and produces valid an-
chors. Other models, while understanding the task intent, may sometimes strug-
gle to pinpoint the correct object or yield semantically misaligned anchors, result-
ing in lower goal accuracy. Based on this, we adopt Gemini-1.5-Pro for reliable
anchor generation and downstream performance. Despite weaker VLMs reducing
performance, our model stays competitive in physical plausibility with methods
in Tab. [I] due to our mutual distance and consistency losses.

DCT Coefficients. We evaluate how the number of DCT coefficients affects
reconstruction accuracy using mean and max per-joint and per-basis point errors.
As shown in Fig. [6] errors decrease as the number increases, with notable gains
from 20 to 50 coefficients. Beyond 50, improvements are marginal. We thus
choose 50 as a balance between compression and accuracy.
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Table 4: Anchor prediction performance Table 5: Generalization results on PROX

of different VLMs.

dataset. Our method demonstrates gener-
alization ability to unseen scenes.

Method goal dis. conta. n-col. peney, peney,
Claude-3.5-Son.  0.629 92.84 99.61 1.150  2.939 Method goal dis. non-col. conta. pene,, ., pene, ..
GPT-o04-mini 0.390  92.83 99.63 1.052 2.046 Cen et al. 0.281 09.65 86.62 0963 1021
GPT-o - 0509 9161 9966 LOAL 8560 o o i 0283 9960 9567 0816 2237
Gemini-1.5-Pro 0.057 95.05 99.81 0.635 1.849 0.054 99.87 9593 0.270 0.654
0.7
—e— per-joint mean 2.5 —— non_collision
0.64 o~ —e - per-basis mean [ 25 —#-— contact
AR —=— per-joint max —A— penetration_mean
@ 0.51 N . ~\~\. —®- per-basis max Lo 2.0 I :z;e;ri::mn_max
2 AN AN ; ;g
3 0.4 A RN 8 T 15]
S 0.4 \\ ~\.\ '15% ; 15
é 0.39 \‘\\ ~\\\\ x = o
= S~ S rio= =
L 05 ‘/‘___‘/-———i
—
0.0 T T

20 25 3‘0 3‘5 4b 4‘5 Sb 5‘5 60
Number of DCT Coefficients

Fig. 6: Reconstruction error of mutual
distance under different numbers of DCT
coefficients. Blue curves show mean dis-
tances and red curves show maximum dis-
tances; solid and dashed lines denote per-
joint and per-basis measures, respectively.

0.‘0 0‘1 O‘Z 0‘3 014 015 D‘.G 0.7 0.8
Anchor perturbation radius r

Fig.7: Anchor perturbation robust-
ness. As the perturbation radius r (in
meters) increases, penetration-related
metrics and goal distance generally in-
crease, while non-collision and contact
remain relatively stable.

Anchor-noise robustness. We evaluate the robustness of MDNet to imperfect
grounding by perturbing the start and end semantic anchors in the bird’s-eye-
view (BEV) plane (Fig. @ For each perturbation radius r, we apply a fixed-
radius 2D offset with uniformly sampled direction to the semantic anchors. As
shown in Fig. [7} the metrics remain relatively stable or degrade gradually as
the perturbation increases, indicating that MDNet is robust to the quality and
stability of the VLM. Details are provided in supplementary G.

(b) stand up from

(a) sit on the sofa
the end table

(d) 'm exhausted
and sleepy. Where
should I go?

c) lie in an oper
area

Fig. 8: Qualitative results on PROX. Our model produces plausible interactions on
unseen PROX scenes and diverse text formats.
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5.6 Generalization

To assess cross-dataset generalization, we follow 3] and evaluate our HUMANISE-
trained model on the PROX dataset [15] without finetuning. We construct
motion-language pairs including novel instructions (e.g., “I'm exhausted and
sleepy after a long day. Where should I go?”), where our VLM successfully
grounds targets (e.g. bed). For unseen language descriptions, the VLM first
identifies the referenced target object and subsequently maps the instruction
to a corresponding HUMANISE action category (e.g., mapping “Where should
I go?” to “walk to ...”). As shown in Tab. [5| and Fig. [8] our method outper-
forms [3}/40] in both goal alignment and physical plausibility. In contrast, the 3D
object detector in [3]| sometimes fails under domain shift, while our VLM-based
grounding remains robust. Details are provided in supplementary B.

6 Conclusion

We propose MDNet for language-guided, scene-aware human motion generation,
built on mutual distance as an explicit interaction representation. By grounding
mutual distance with VLM-predicted semantic anchors and modeling it in the
frequency domain, MDNet enables physically plausible, semantically consistent,
and temporally stable motion synthesis. Extensive experiments demonstrate su-
perior performance and cross-dataset generalization compared with state-of-the-
art methods.
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