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Figure 1. Zero-shot human-scene interaction motion synthesis. Our zero-shot method distills 4D interactions from video generation
models to generate natural HSIs in various 3D environments. We demonstrate our method’s effectiveness on real-world scenes reconstructed
from the Mip-NeRF 360 (Garden, Bicycle, Room) and Tanks and Temples (Truck) datasets, showcasing diverse interactions with both static
environments (walking, sitting, cleaning car) and dynamic objects (watering plants, lifting vase, operating mower, playing guitar).

Abstract

Human-scene interaction (HSI) generation is crucial for
applications in embodied Al virtual reality, and robotics. Yet,
existing methods cannot synthesize interactions in unseen
environments such as in-the-wild scenes or reconstructed
scenes, as they rely on paired 3D scenes and captured human
motion data for training, which are unavailable for unseen
environments. We present ZeroHSI, a novel approach that en-
ables zero-shot 4D human-scene interaction synthesis, elim-
inating the need for training on any MoCap data. Our key
insight is to distill human-scene interactions from state-of-
the-art video generation models, which have been trained on
vast amounts of natural human movements and interactions,
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and use differentiable rendering to reconstruct human-scene
interactions. ZeroHSI can synthesize realistic human mo-
tions in both static scenes and environments with dynamic
objects, without requiring any ground-truth motion data. We
evaluate ZeroHSI on a curated dataset of different types of
various indoor and outdoor scenes with different interaction
prompts, demonstrating its ability to generate diverse and
contextually appropriate human-scene interactions. Project
page: https://awfuact.github.io/zerohsi.

1. Introduction

Generating realistic human motions that interact with 3D
environments is fundamental to computer graphics, VR/AR,
embodied Al, and robotics. Humans constantly engage with
their surroundings through both static interactions—sitting


https://awfuact.github.io/zerohsi

on chairs, lying on sofas, leaning against ladders—and dy-
namic interactions, such as watering plants, playing musical
instruments, or manipulating objects. These interactions are
remarkably diverse and pervasive in our daily lives, encom-
passing countless objects and countless ways of interacting
with them. Despite significant advances in motion synthesis,
realistically simulating this wide spectrum of human-scene
interactions remains a fundamental challenge.

Prior work in human-scene interaction synthesis primar-
ily follows two directions. The first focuses on interactions
with static 3D scenes [25], with recent advances driven by
motion diffusion models [33, 34] trained on paired scenes
and motion capture data. While these models can gener-
ate realistic motions for common activities like navigation
and sitting, they struggle to generalize even within action
categories. The second direction explores manipulation of
dynamic objects [48, 49, 63], showing success in generaliz-
ing within object categories but failing to handle significant
geometric variations. Both approaches share a fundamental
limitation: they cannot synthesize interactions in unseen
environments (such as in-the-wild scenes or reconstructed
scenes), as they rely on paired 3D scene and motion capture
data, which are unavailable for unseen scenarios. This mo-
tivates us to address the problem of zero-shot human-scene
interaction, synthesizing HSIs in various scenes without
training, and eliminating the need for 3D HSI data.

Our key insight is to distill human-scene interactions from
state-of-the-art video generation models. These models have
been trained on vast amounts of video data, capturing a wide
range of natural human movements and interactions in di-
verse environments. This allows us to generate contextually
appropriate human motions for various 3D scenes, whether
synthesized or reconstructed. For example, given a recon-
structed 3D garden scene, our method can generate natural
motions of a person watering plants in the garden (Figure 1).

Our approach, ZeroHSI, enables zero-shot 4D human-
scene interaction synthesis by integrating video generation
and neural human rendering. In a nutshell, ZeroHSI takes a
3D scene as input, initializes an animatable human avatar in
the scene, generates a video of the human interacting with
the scene, and then extracts the interaction motion via differ-
entiable neural rendering. ZeroHSI can synthesize appropri-
ate human motions in both static scenes and environments
containing dynamic objects, without requiring any ground
truth motion data. Our design leverages pretrained video
generation models, maintaining compatibility with various
generation approaches and allowing seamless integration
of future advancements in video generation. Our primary
contributions can be summarized as follows:

* We introduce the novel task of zero-shot HSI motion gen-
eration, addressing the fundamental limitation of requiring
paired motion-scene training data.

* We propose ZeroHSI, which integrates video generation

with differentiable human rendering to tackle the challeng-
ing task, supporting both static scenes and environments
with dynamic objects.

* We curate a dataset of various indoor and outdoor scenes
with different interaction prompts and plausible initial hu-
man poses to evaluate zero-shot HSI. We demonstrate that
ZeroHSI can generate diverse and contextually appropriate
human-scene interactions across these environments.

2. Related Work

Text-Guided Motion Generation. The availability of large-
scale motion capture datasets like AMASS [56], enhanced
with action labels and language descriptions through BA-
BEL [66] and HumanML3D [20], has enabled significant
advances in language-guided motion synthesis [20, 65, 78].
Early approaches demonstrated success using VAE archi-
tectures [21, 64]. More recently, diffusion models have
emerged as a powerful framework for motion genera-
tion [3, 11, 32, 47, 48, 67, 70, 71, 80, 95, 99], leading to
various text-conditioned approaches [14, 37, 79, 97]. In
contrast to these methods that focus on generating isolated
human motions, our work synthesizes contextually appropri-
ate human-scene interactions.

Human-Scene Interaction Synthesis. Research in human-
scene interaction has progressed along multiple directions.
With paired scene-motion datasets [1, 23, 24, 85, 102] and
object-motion data [25, 98], researchers have developed
methods [1, 25, 43, 82, 83, 98] for generating scene-aware
human motions like sitting and reaching. In the domain of
object manipulation, research has evolved from primarily
focusing on hand motion synthesis [13, 96, 101] to incorpo-
rating full-body motions [8, 17, 51, 75, 87] with the fuel of
full-body interaction datasets [15, 74]. Building on paired
human-object motion data [5, 48, 81], recent methods focus
on predicting interactions from past states [81, 90] or object
motion sequences [48]. While these approaches have shown
promising results, they typically require paired motion-scene
data. In contrast, we focus on zero-shot interaction synthe-
sis, eliminating the need for scene-specific motion capture
data while supporting diverse interaction in both static and
dynamic environments. Besides interaction motion synthe-
sis, prior work also explored zero-shot generation of static
interactions at a single time step [39, 50]. These methods
are complementary to our work as their output static poses
can be used as the input initial poses in our approach.
Another line of work leverages reinforcement learn-
ing [45, 88] to train scene-aware policies for navigation and
interaction in static 3D scenes, as well as object manipulation
such as lifting and moving [26, 57, 89]. These approaches
can be trained with relatively small amounts of motion data.
However, they are limited to specific interaction types and
restricted in generalization to diverse scenes and objects.

Video Generation. Recent advances in diffusion models



have revolutionized video generation [2, 6, 7, 9, 18, 29, 30,
73], enabling high-quality generation of human actions [22]
and scene dynamics [9]. Video generation models can now
take both text and image as input conditions [76, 92], where
text descriptions guide the overall motion and actions while
image conditions provide scene context and geometry, con-
trolling fine-grained interaction details. These models have
demonstrated remarkable capabilities in synthesizing tem-
porally coherent videos, and recent efforts have extended
video generation models to have increased controllability in
terms of motion [22, 86] and camera viewpoints [28]. Our
work bridges the gap between generating realistic 2D videos
and synthesizing 3D human motions. By integrating video
generation as a drop-in module, our approach directly bene-
fits from the rapid progress in video generation quality and
controllability.

Neural Rendering for Humans. Neural rendering tech-
niques have significantly advanced the synthesis of real-
istic human appearances [12, 36, 42, 44, 46, 54, 61, 62,
84]. Building on the success of neural radiance fields
(NeRF) [58], NeuralActor [53] uses texture maps defined on
the SMPL model [55] to guide the learning of deformable
radiance fields. NeuralBody [62] utilizes structured latent
codes linked to SMPL [55] for novel view synthesis from
sparse multi-view videos. AnimatableNeRF [61] introduces
a neural blend weight field and achieves superior novel view
and novel pose synthesis results. Additionally, efficiencies
have been significantly improved for rendering avatars [35]
through multiresolution hash encoding representation [59].
Recent studies have explored 3D Gaussian splatting [38], an
explicit and efficient representation for modeling animatable
humans [16, 31, 35, 52, 94, 103]. Animatable Gaussians [52]
leverages powerful 2D StyleGAN-based CNNs and 3D Gaus-
sian splatting to create high-fidelity avatars from multi-view
RGB videos. In our work, we leverage this differentiable and
controllable representation to optimize SMPL parameters
using an image-matching loss, bridging the gap between 2D
video generation and 3D human motion.

3. ZeroHSI

Formulation. Our goal is to generate a plausible 3D human-
scene interaction motion sequence 7 = { (M, P;)}L_;, con-
ditioned on a 3D scene S, an interactable dynamic object
O, a text prompt describing the interaction ¢, and the initial
states of human and objects 7y, where M, represents the
human pose in frame ¢, P; € RS represents the object’s 6D
pose in frame ¢, and T represents the length of the sequence.
We use SMPL-X [60], a widely used parameterized human
model, to represent the human pose. In each frame, M;
consists of root translation r;, global orientation ¢;, and
body pose ©;.

Overview. We present an illustration of our zero-shot human-
scene interaction motion generation method in Fig. 2. To

address the diversity and generalizability issues encountered
by most existing learning-based methods, we first gener-
ate HSI video using off-the-shelf video generation mod-
els [76] (Sec. 3.2). We then reconstruct the generated 2D HSI
video into 4D human-scene-interaction sequence (Secs. 3.3
and 3.4). In addition, we incorporate a refinement process
using human pose priors to improve the results (Sec. 3.5).

The main challenge lies in converting the generated 2D
HSI video into 4D interaction motion. While existing meth-
ods [10, 72, 93] can estimate plausible human motions, they
have two key limitations for human-scene interaction scenar-
ios. First, they struggle to estimate precise root translations,
which often leads to penetration artifacts between the human
and 3D scenes. Second, these methods do not address the re-
construction of object motions that are crucial for interaction
with dynamic objects. To reconstruct plausible 4D HSI from
a single video, we propose an optimization-based method
using differentiable rendering. Specifically, we represent
scene and object with 3D Gaussians [38], and leverage a
Gaussian Avatar model [52] to map human poses to a set of
Gaussian particles (Sec. 3.1). We denote the Gaussian scene,
object and human as Gs, Go, and Gy, respectively. We
then optimize the camera pose, human pose, and object’s 6D
pose through rendering loss. Additionally, we incorporate
techniques to handle low-quality generated videos, ensuring
robust performance with imperfect input footage.

Discussion. We justify the advantages of using off-the-shelf
video generation model. Our method remains agnostic to
video generation approaches, enabling compatibility with
diverse models and easy integration of future advancements.
By focusing on 2D-to-4D HSI lifting rather than being tied to
a specific video generation model, we maintain flexibility to
leverage ongoing research. We demonstrate this adaptability
across different models in Appendix C.9.

3.1. Preliminaries

3D Gaussian Splatting. 3DGS [38] is an explicit 3D repre-
sentation comprising a set of Gaussian particles, each char-
acterized by its position @ and covariance matrix 3:

G(x) = e 3= T2 (x—p) (1)

Each particle is parameterized by its position p, opacity «,
rotation r, scale s, and color ¢. The covariance matrix X
is computed by ¥ = RSSTRT, where R is the rotation
matrix constructed from r, and S = diag([s,, sy, s:]) is
the scaling matrix. The 3D Gaussians are splatted onto 2D
plane during rendering, and the color is calculated by alpha-
blending of N ordered particles overlapping the pixel,

N
C = Zai
i=1

We use R to represent this rendering process of 3DGS.

1
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Figure 2. Overview of ZeroHSI. Our approach begins with HSI video generation conditioned on the rendered initial state and text prompt.
Through differentiable neural rendering, we optimize per-frame camera pose, human pose parameters, and object 6D pose by minimizing the

discrepancy between the rendered and generated reference videos.

Animatable Gaussians. Animatable Gaussians [52] is a
neural human rendering method that maps SMPL-X parame-
ters [60] to an animatable avatar represented by 3DGS [38].
The appearance of the posed avatar can be differentiably ren-
dered to an image I as in Eq. (2), with a given camera view
T € R**4. Given the driving SMPL-X pose ©, Animatable
Gaussians first deforms the character-specific template us-
ing a linear blend skinning (LBS) function. It then predicts
pose-dependent Gaussian maps conditioned on the driving
pose © and the camera view T

{Aup}gljzl < Fposition(©), (3)
{Ozp, Sp, rp}1113=1 — Fother(0), “4)
{ep}ir & Feotor(©,V(T)), 5)

where Ap,, is the offset position relative to the deformed
template, and V is the view direction feature extractor. The
root translation r and the global orientation ¢ are finally
applied to {f,,, sp}f::l to achieve global transformation. We
denote the mapping from human pose and camera view to
Gaussian particles proposed by Animatable Gaussians as

On « A(r, 9,0;T). Q)
3.2. HSI Video Generation and Processing

Given the initial human pose Mgy = (rg, ¢, Op) and an
additional camera pose input T, we first map them to the
initial human Gaussians G9, through Eq. (6). The initial
object 6D pose Py, is then applied to the Gaussian object G,
denoted as G = Go(Po). As depicted in Fig. 3, the result-
ing Gaussians are concatenated with the Gaussian scene Gs
and rendered into the initial HSI image I, through Eq. (2)
under camera view T.

The HSI video {I;}7_ is generated through the KLING
image-to-video model [76], conditioned on the rendered
initial frame I and text prompt c. We employ Segment Any-
thing Model 2 (SAM2) [69] to segment dynamic foreground
(human and object) and static background within the gener-
ated video for subsequent uses. The prompt points for SAM?2

¢
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Figure 3. Illustration of the differentiable rendering process.
The parameterized Gaussian human, transformed Gaussian object,
and static Gaussian scene are concatenated and rendered through
Gaussian rasterization.

in the initial frame are automatically proposed through far-
thest point sampling on non-occluded regions of both human
and object. We denote the segmentation masks for human
and object as {M, }7_ ) and {M, }]_, respectively.
Handling Occlusions. We address the challenge of under-
constrained pose parameters caused by body part occlusions
by minimizing occlusions in the generated video. Since
camera movement remains minimal over short durations
(e.g., 5 seconds), we simply select an initial camera view T
from a pre-defined camera array that maximizes visibility of
both the human and dynamic object in the first frame. Details
of the camera view selection process are in Appendix C.3.

3.3. Camera Pose Estimation

We sequentially estimate the relative camera transformation
between nearby frames for camera pose estimation. In frame
t, we apply a learnable transformation T € R*** to the
Gaussian scene Gg, denoted as Gs(T). We render image
with the estimated camera pose T;_1, and optimize the rel-
ative transformation T with the photometric loss between
frame ¢, focusing on the static background region:

T, = arg mTi‘n[lg (R(gs(T);Tt_l)QMt,It@Mt>a (7



where M, represents the mask of static background. The
camera pose for frame ¢ is calculated by T; = T, 'T;_;.

Handling Incorrect Contents. Video generation models
produce incorrect contents in regions initially occluded by
humans or objects that later become visible (Appendix D.1).
Instead of using only the current frame’s static background
mask, we address this by aggregating dynamic foreground
masks from frames O to ¢ to eliminate incorrect contents:

t
M, =1-[J (M} UM). )
=0

3.4. HSI Optimization

The optimization of 4D human-scene interactions is carried
out sequentially on a frame-by-frame basis. For object 6D
pose estimation, we also optimize the relative transformation
P < RS between nearby frames. We optimize the human
pose with a different strategy, as optimizing relative transfor-
mations leads to rapidly increased cumulative errors, partic-
ularly when the generated video exhibits quality issues such
as body part disappearance (Appendix D.2). We directly
optimize the human pose parameters M; = (ry, ¢y, ©y),
where the root translation r; and global orientation ¢, are
initialized using their respective values r;_; and ¢;_; from
the previous frame. Additionally, the body poses {©;}7_;
are initialized using independent frame-wise estimates from
a pose estimation model [10].

Similar to Sec. 3.2, we render the Gaussians human, ob-
ject, and scene at frame ¢ through

I, = R(GY,, G5, Gs; Ty)
= R(A(rs, ¢1,04;T),G0(Pr),Gs: i),  (9)

where P, denotes the object’s 6D pose in frame ¢, computed
as the composition of the relative transformation P and the
previously optimized object pose P;_;.

Using the generated video as the reference, we optimize
the human pose parameters M, with the photometric loss in
each frame:

Legp = (1 - /\)»Cl(it, I;) + )\ﬁD-SSIM(iu I). (10)

We introduce two additional loss terms to enhance the
accuracy of object 6D pose optimization. For frame ¢, we
compute the center point position Cf, € R? of the object’s
segmentation mask MY, and the center point position of the
rendered object region C’é These positions are normalized
to the range [0,1], and the object center point position loss is
defined as

Leener = L2(Ch, Ch). (11)

A depth regularization term is incorporated based on the as-
sumption that the object’s depth remains relatively constant
throughout a short time window (e.g., 5 seconds), and thus,

the object depth within the time window should be close to
the depth value at the first frame. The average object depth
in the first frame is computed as

sum(Dg ® M%)

DY =
© sum(MY)

eR, (12)
where Dy represents the rendered depth map in frame 0. The
average depth of the rendered object region D}, is calculated
similarly, and we define the depth regularization loss as

Laepn = L2(Dl, DY). (13)

The object’s relative transformation P is optimized using
the composite loss function:

L= ACrgb + )\cemerﬁcemer + )\deplhﬁdepth' (14)

Handling Appearance Change. Video generation mod-
els do not guarantee a consistent human appearance (Ap-
pendix D.3), which can potentially compromise human pose
optimization. Given that human appearance exhibits contin-
uous changes in the generated video, we fine-tune the color
net defined in Eq. (5) during optimization using L.

3.5. Refinement

Limited supervision from single-view video poses challenges
for natural human motion reconstruction. We refine our re-
sults in the latent space of VPoser [60], a variational hu-
man pose prior trained on the AMASS dataset [56], which
preserves robust human pose priors. For each frame, the
reference joint positions J, are computed by passing the
raw human pose parameters obtained through Sec. 3.4 to the
SMPL-X layer [60]. We then optimize the root translation
r, global orientation ¢, and the body pose latent z; € R32
with the fitting loss:

Lho= Lo (i Ji(re 90 D)), (1)

where D denotes the VPoser decoder. Following prior
works [32, 90, 91], additional physics losses are incorporated
to enhance physical plausibility, yielding the composite loss:

T
1
L= T Z Egt + Aphysics£physics~ (16)

t=0

Detailed formulation of Lpysics is in Appendix C.4.

4. Experiments

Experimental Settings. We evaluate our HSI generation
framework across two distinct settings: static scene interac-
tions and dynamic object interactions. The static setting fo-
cuses on human motion synthesis within fixed environments,
where the scene geometry remains unchanged throughout



“sitting on the sofa back”

Figure 4. Qualitative comparison of interactions with static scenes on AnyInteraction. ZeroHSI generates 4D HSIs that are more realistic
and better aligned with text prompts, demonstrating generalizability across diverse scenes and interaction types compared to baselines.

“playing guitar while sitting on the sofa”

LINGO

CHOIS

“lifting the barbell”

“sliding while sitting on the chair”

Figure 5. Qualitative comparison of interactions with dynamic objects in scenes on AnyInteraction. Our method maintains proper
object contact while minimizing penetration, successfully handling challenging interactions like sliding while seated on an office chair.

the interaction. The dynamic setting extends this to include
movable objects, requiring the simultaneous generation of
human motion and object pose sequences.

Evaluation Dataset. We introduce Anylnteraction, an eval-
uation benchmark comprising various 3D environments
sourced from existing datasets [34], public asset libraries,
and real-world reconstructed scenes from Mip-NeRF 360 [4]
and Tanks and Temples [41]. The dataset encompasses 12
distinct 3D environments (7 indoor and 5 outdoor), span-
ning residential spaces (e.g., bedrooms and living rooms),
recreational facilities (e.g., gyms and cafes), and outdoor

venues (e.g., greenhouses and playgrounds). For evaluating
the dynamic setting, we augment these environments with
interactive object models from BlenderKit and 3dsky. Each
scene is annotated with 1-3 natural language descriptions of
human-scene interactions and corresponding initial positions.
To assess generative diversity, we synthesize multiple HSI
sequences per text-position pair, yielding 100 distinct evalu-
ation instances. Details and statistics of our AnyInteraction
dataset are available in Appendix B.

Baselines. For the the static setting, we use TRUMANS [34]
and LINGO [33] as baseline methods. TRUMANS [34]



“walking forward to the table”

“watering flowers with a watering can”

“putting down the watering can and leaning on the table”

1

Figure 6. Qualitative results of long-term interactions with reconstructed real scenes on AnyInteraction. ZeroHSI generates long-term
interaction sequences with multiple text prompts in reconstructed scenes from the Mip-NeRF 360 (Garden and Bicycle) dataset [4].

generates interactions with static scenes conditioned on a
navigation trajectory. LINGO [33] synthesizes scene-aware
human motions autonomously based on text instructions and
goal locations inside the scene.

In the dynamic setting, we compare our method with
LINGO [33] and CHOIS [49]. LINGO [33] generates
grasp/put-down actions by designating goal locations for
hand-object attachment and release. CHOIS [49] synthesizes
human-object interaction guided by language and sparse ob-
ject waypoints.

Evaluation Metrics. Since we target a zero-shot genera-
tion task that does not have ground-truth, we evaluate our
approach through rendered videos and quantitative metrics
assessing three key aspects: semantic alignment, motion di-
versity, and physical plausibility. We render the synthesized
interactions by applying the generated SMPL-X parameters
and 6D object pose sequences to Gaussian avatar and object,
visualizing the results via Gaussian rasterization [38].

Semantic alignment: We compute: (i) CLIP score [68] be-
tween input text prompts and rendered frames to assess text-
motion correspondence, and (ii) frame-wise CLIP consis-
tency to measure temporal coherence through cosine similar-
ity of adjacent frame embeddings.

Motion diversity: We generate five HSI sequences per evalu-
ation instance with identical inputs. We compute the mean
per-joint Euclidean distance between each pair of generated
sequences, with higher values indicating greater diversity in
the synthesized motions.

Physical plausibility: For both static and dynamic set-
tings, we measure scene penetration following [100]: (i)
Peneg,...ne: percentage of body vertices penetrating the
scene, (ii) Pene,,eqn: average penetration depth, and (iii)
Pene,,,,: maximum penetration depth. For static settings,
we additionally evaluate foot sliding score (FS) adapted

from NeMF [27]. In dynamic settings, we assess object in-
teractions using CHOIS [49] metrics: hand-object contact
ratio (Cont.) and average object penetration depth (Pene,y;).
All penetration metrics are computed using pre-calculated
Signed Distance Fields (SDFs) for scenes and objects.

4.1. Comparisons

Static Setting. We show examples of zero-shot HSI genera-
tion in Fig. 4. TRUMANS [34], which only accepts scene
conditions as input in our experiments, merely follows the
trajectory without meaningful interactions when encounter-
ing novel scenes. While LINGO [33] successfully generates
text-aligned HSIs for familiar text prompts, it fails to prop-
erly avoid collisions in unseen environments, as indicated in
examples of picking snacks and sitting on sofa backs. In addi-
tion, LINGO also struggles to synthesize reasonable motions
of unseen interaction types. In contrast, ZeroHSI generates
plausible 4D HSIs across diverse scenes, demonstrating its
generalizability to various environments.

We show the quantitative metrics in Tab. 1. Aligned
with visual observations, our ZeroHSI outperforms TRU-
MANS [34] and LINGO [33] across most evaluation met-
rics, achieving the highest CLIP score and diversity while
significantly reducing scene penetration metrics. These re-
sults indicate that our approach generates more diverse and
plausible motions with better semantic alignment.

Dynamic Setting. In terms of the dynamic setting, our
method excels in interactions involving dynamic objects. As
illustrated in Fig. 5, while LINGO [33] and CHOIS [49]
generate semantically relevant motions, they suffer from
object penetration issues (playing guitar) and poor contact
quality (lifting barbell). They also struggle with complex
interactions requiring multiple body parts and global transla-
tion, such as sliding while seated. Our ZeroHSI consistently
handles these challenging settings, generating high-quality



Method CLIP Scoref  CLIP Consistency Diversity? Penegscened  Penemeand  Penemazd  FS{

TRUMANS [34] 22.36 0.9934 0.1527 0.046 0.240 1.892 0.196
LINGO [33] 22.61 0.9942 0.1698 0.058 0.421 2.056 0.106
ZeroHSI (ours) 23.52 0.9928 0.1703 0.019 0.147 1.330 0.158

Table 1. Quantitative evaluation of interactions with static scenes. ZeroHSI achieves better semantic alignment with text inputs (higher
CLIP score), motion diversity, and physical plausibility (lower scene penetration) compared to TRUMANS [34] and LINGO [33].

Method CLIP Scoret CLIP Consistency? Diversity? Peneyscened Penemeand Penemas) Cont.t Peneoy;l
CHOIS [49] 22.11 0.9871 0.3382 0.025 0.191 1.877 0.687 1.581
LINGO [33] 22.99 0.9965 0.0914 0.032 0.089 0.446 0.699 0.242
ZeroHSI (ours) 24.01 0.9955 0.1942 0.022 0.109 1.062 0.835 0.033

Table 2. Quantitative evaluation of interactions with dynamic objects in scenes. Our method outperforms baselines with stronger
semantic alignment with text prompts and better dynamic interaction quality (higher contact ratio and lower object penetration).

Setting Method Realism  Alignment Method CSt CCT Pyl Pmeand Pmazl FS|

Stati vs. TRUMANS [34]  85.0% 93.1% WHAM [72] 2273 0.9890 0.048 0.505 4.917 0.054

atic vs. LINGO [33] 75.1% 84.0% WHAC [93] 22.81 0.9903 0.168 1530  99.68 0.985

ZeroHSI w/o OPThoqy 2339 0.9890 0.025 0.165  1.092 0.245

Dvnamic VS CHOIS [49] 96.5% 99.0% ZeroHSI (ours) 23.52 0.9928 0.019 0.147 1.330 0.158
Y vs. LINGO [33] 86.9% 89.1%

Table 3. Human study on generated 4D HSI motions. In both
static and dynamic scenarios, participants prefer our generated HSIs
for their motion realism and semantic alignment by large margins.

interactions with dynamic objects.

We show the quantitative results in Tab. 2. ZeroHSI

achieves the highest contact ratio and lowest object penetra-
tion compared to LINGO [33] and CHOIS [49]. This precise
object interaction is further complemented by strong seman-
tic alignment and reliable scene interaction, demonstrating
our method’s capability to generate natural and accurate
interactions with dynamic objects within scenes while main-
taining high motion quality.
Human Perceptual Study. We conduct a human percep-
tual study using the two-alternative forced choice (2AFC)
method. We recruit 400 participants. Participants are given
results generated by different methods using identical input
and instructed to select the sample they perceive as more
realistic and better aligned with the textual description. As
reported in Tab. 3, users consistently prefer our results over
baselines by significant margins in both static and dynamic
settings, aligning well with our quantitative metrics and qual-
itative examples.

4.2. Long-Term Interaction Synthesis

We show examples of long-term HSIs in reconstructed real
scene generated by ZeroHSI in Fig. 6. The Garden example
shows a character walks forward, waters flowers, puts down
the watering can, and leans on the table. In the Bicycle exam-
ple, the character sits on a bench, stands up, and practices Tai
Chi. These examples showcase ZeroHSI’s capability to gen-
erate realistic interactions in real-world environments and
its application for producing sequences of varying lengths.
More details and visualizations are in Appendix C.7.

Table 4. Quantitative results of ablation study. “CS” de-
notes CLIP Sore, “CC” denotes CLIP Consistency, “Pg” de-
notes Peneyscene, “Pmean”” denotes Penemean, “Pmas’ denotes
Pene,,q.. Our full method achieves higher motion quality and
physical plausibility compared to variants.

4.3. Ablation Study

To evaluate the effectiveness of our per-frame optimization
approach, we conduct an ablation study in the static scenario.
We replace our camera pose estimation and HSI optimization
modules with state-of-the-art human motion reconstruction
methods WHAM [72] and WHAC [93]. Additionally, we
evaluate a variant of our model (“ZeroHSI w/o OPTyqy”)
that removes body pose optimization and instead only opti-
mizes root translation and global orientation for 30 iterations
per frame, using poses directly estimated by SMPLer-X [10].
Quantitative results in Tab. 4 show that our full model
outperforms the ablated variants across most metrics, demon-
strating that our per-frame optimization approach effectively
reconstructs human-scene interactions and serves as the op-
timal solution for bridging 2D HSI videos and 4D HSIs.
Qualitative examples are presented in Appendix C.8.

5. Conclusion

We present ZeroHSI, a zero-shot approach to 4D human-
scene interaction generation that addresses the limitation of
requiring paired motion-scene training data. Our method suc-
cessfully distills HSIs from video generation models through
neural human rendering to synthesize contextually appropri-
ate interactions across diverse environments.
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A. Overview

In this supplementary material, we provide additional details
on the dataset (Appendix B), experiments (Appendix C),
generated videos (Appendix D), and an overall algorithm
(Appendix E) of ZeroHSI. We highly recommend viewing
our project page for compelling demonstrations across di-
Verse scenarios.

B. AnyInteraction Dataset

In this section, we elaborate on the statistics of the AnylInter-
action dataset. We summarize these statistics in Tab. S1 and
visualize our Anylnteraction dataset in Fig. S1.

B.1. Scenes

Our Anylnteraction dataset consists of diverse scenes from
TRUMANS dataset [34], public 3D assets libraries, and re-
constructed real scenes from the Mip-NeRF 360 dataset [4]
and Tanks and Temples dataset [41], resulting in 7 indoor
scenes (Bedroom, Living Room, Gym, Bar, Greenhouse,
Store, Room) and 5 outdoor scenes (Playground, Cafe, Gar-
den, Bicycle, Truck).

Among our synthetic scenes, Playground and Cafe are
manually composed using models from 3D asset libraries,
while the remaining six scenes are sourced directly from as-
set libraries with adjustments to their scale and layout to facil-
itate interactions. For 3DGS [38] reconstruction, we generate
300-500 cameras per scene and manually filter occluded and
low-quality views. We then render RGBD images to obtain
initial point clouds and perform the reconstruction using the
official 3D Gaussian Splatting implementation [38].

For real scenes, we reconstruct them using images and
camera views from the official datasets. We scale and trans-
form these scenes to align their ground level and match
real-world sizes. For visualization, we further extract scene
meshes using SuGaR [19].

B.2. Dynamic Objects

AnylInteraction includes 7 types of dynamic objects (Guitar,
Barbell, Watering Can, Office Chair, Shopping Cart, Vase,
Mower), and all of them are rigid. We obtain these objects
from public 3D Assets libraries. Similar to the reconstruction
process of the synthetic scenes, we generate 70 cameras per
object, render RGBD images to obtain initial point clouds,
and reconstruct using the official 3D Gaussian Splatting
implementation [38].

B.3. Evaluation Instances

As shown in Tab. S1 and Fig. S1, our AnylInteraction dataset
contains 22 evaluation instances including 13 static interac-
tion instances and 9 dynamic object interaction instances.
Each interaction instance comprises a text prompt and initial
state. The initial state typically features a standing pose with

S1

nearby objects. We adjust the standing pose for specific
instances to ease the interaction video generation.

C. Additional Experiment Details and Results

In this section, we provide additional; introduction to the
experimental settings (Appendix C.1), implementation (Ap-
pendices C.2 to C.4), human studies (Appendix C.5), and
baseline comparisons (Appendix C.6). We explain how our
method is capable of synthesizing HSIs of varying lengths
and present additional qualitative results of diverse long-
term human-scene interactions (Appendix C.7). We show
qualitative examples of our ablation study (Appendix C.8).
We also demonstrate our approach’s flexibility by integrating
various state-of-the-art video generation models beyond the
model used in our main experiments (Appendix C.9).

C.1. Experimental Settings

For the static scenarios, we evaluate on 11 static instances
(excluding Bicycle and Truck scenes). We evaluate each
scene with 5 different seeds (as we consider a generative set-
ting), yielding 55 generated motion sequences for evaluation.
For the dynamic scenarios, we evaluate on all 9 dynamic ob-
ject interaction instances. Similarly, we evaluate each scene
with 5 different seeds and this leads to 45 motion sequences.

C.2. Implementation Details

We employ KLING image-to-video model v1.0 [76] for HSI
video generation and SAM 2.0 [69] for segmentation. For
efficiency, we downsample the generated 153-frame videos
to 51 frames for all experiments. For initialization, we em-
ploy a default standing pose with objects positioned near the
human. We make adjustments for the initial pose and camera
view for some instances. For comparative evaluation, we uti-
lize the official implementations and pre-trained models of
the baseline methods. Since all baseline approaches require
spatial conditions for navigation, we provide them with the
human/object trajectories generated by our method. We also
supply the initialization configuration to these baselines, as
they either require or can accommodate initial-state inputs.

The Adam optimizer [40] is utilized across all optimiza-
tion stages: camera pose estimation, 4D HSI optimization,
color net fine-tuning, and refinement. For camera pose esti-
mation, we optimize 30 iterations per frame with a learning
rate of 0.001. In 4D HSI optimization, we perform 300
iterations per frame. During the initial 30 iterations, the
optimization of human poses is limited to root translation
and global orientation. We use a learning rate of 0.01, and
the loss weights are set as A = 0.1, Acener = 0.001, and
Adeptn = 0.001. The color net is fine-tuned simultaneously
every 5 step during 4D HSI optimization with a learning rate
of 0.00001. For refinement, we optimize 1000 iterations for
the entire sequence with a learning rate of 0.05 and physics
loss weight Aphysies = 0.001.


https://awfuact.github.io/zerohsi/

Scene Name Scene Type Source | Text Prompt Objects
Bedroom Indoor TRUMANS [34] The person is sitting on the bed. Static
The person is sitting on the windowsill. Static
The person is leaning on the ladder. Static
Living Room Indoor TRUMANS [34] The person is sitting on the table. Static
The person is sitting on the sofa back. Static
The person is playing guitar while sitting on the sofa. Guitar
Gym Indoor Asset Libraries The person is running on the treadmill. Static
The person is lifting weights. Barbell
Bar Indoor Asset Libraries | The person is leaning on the bar. Static
Playground Outdoor Asset Libraries | The person is sliding down the slide. Static
Greenhouse Indoor Asset Libraries The person is sitting on the chair. Static
The person is watering flowers with a watering can. ~ Watering Can
Cafe Outdoor Asset Libraries | The person is sitting on the chair. Static
Store Indoor Asset Libraries The person is picking out snacks on the shelf. Static
The person is sliding while sitting on the chair. Office Chair
The person is pushing shopping cart. Shopping Cart
Garden Outdoor Mip-NeRF 360 [4] | The person is watering flowers with a watering can. ~ Watering Can
The person is lifting a vase. Vase
The person is operating a lawn mower. Mower
Bicycle Outdoor Mip-NeRF 360 [4] | The person is sitting on the bench. Static
Room Indoor Mip-NeRF 360 [4] | The person is playing guitar while sitting on the sofa. Guitar
Truck Outdoor Tanks&Temples [41] | The person is cleaning the car. Static

Bedroom

Table S1. Statistics of our AnyInteraction dataset.

Bicycle

Figure S1. Visualization of our AnyInteraction dataset.
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C.3. Details on Initial Camera View Selection

Based on the assumption that camera movement remains
minimal over brief durations (approximately 5 seconds), we
address occlusion challenges by selecting an initial camera
view Ty that maximizes visibility of both human subjects
and dynamic objects in the first frame. We select camera
from a predefined camera array distributed across concentric
spherical surfaces with varying radii, all oriented toward the
same sphere center.

The sphere center’s height is set as = hpetvis + 0.1 in
a z-up coordinate system. For static scenes, its horizontal
position equals the pelvis projection p}3y. For dynamic
scenes, we identify the human’s orientation direction d and
create a ray [ from pX9Y. along d. We then project dynamic

pelvis
object particles onto [ and set cX°Y as the midpoint between
Pihvis and the furthest projection.

For camera array generation, we place cameras on spheri-
cal surfaces at different radii, using only the hemisphere fac-
ing the human but avoiding direct frontal views. All cameras
are oriented toward the sphere center. This setup balances
complete human capture while reducing depth ambiguity in
the generated video.

For each candidate camera, we render two depth maps:
D (entire scene) and D3, (human only). Non-occluded areas
are defined as Q0 = {(u,v)||D(u, v) — Dy (u,v)| < €}. We
project the first 22 SMPL-X joints [60] onto the image plane
and count visible joints as Nyjgiple. The camera with maxi-
mum Nyisiple 18 selected. With equal visibility, we choose the
camera closest to the equatorial plane for better accuracy for
height reconstruction.

C.4. Details on Physics Loss

We leverage a hand-object contact loss to encourage hand-
object contact when they are in close proximity after the
optimization process described in Sec. 3.4. We first define
the contact set C; for each frame as:

Qz{@mﬂﬁWw—udb<aw€IL4%€u%}
(Sh
where H; represents SMPL-X [60] hand vertices and pf,
denotes Gaussian object particle positions in frame ¢. The
frame-wise hand-object contact loss is then defined as:

{a=lvi=mll| v i},
(82)

1
t _ .
‘Ccontact - mc%n

#Ct
which we only apply when #C; > 0.

Additionally, since VPoser [60] as a human pose prior
does not inherently ensure sequence smoothness after re-
finement, we apply an additional smoothness loss between
adjacent frames:

T-1

1
»Csmooth = —

T-1
dollO =0, 3
t=0
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In the following section, you will watch 10 video pairs (each pair consists of a left video and
aright video).

Each video pair will be shown once, and then you will be asked two questions about it.

Pair 1: Compare the two videos below. Which one has more realistic human *
motion?

(O Leftvideo shows more realistic human motion

(O Right video shows more realistic human motion

Pair 1: See the videos above again. Which one looks more like "playing guitar *
while sitting on the sofa"?

O Left video looks more like playing guitar while sitting on the sofa

O Right video looks more like playing guitar while sitting on the sofa

Pair 2: Compare the two videos below. Which one has more realistic human *
motion?

Figure S2. Screenshot of the human study interface.

The overall physics loss is defined as:

T
1
Ephysics = /\contactT tz:% ‘Czomacl + Asmoolh['smootha (S4)

where we set Aconact = 1 and use Agnoom = 0.3 for static
scenarios and Agmeon = 0.1 for dynamic scenarios.

C.5. Human Study Details

We recruit 400 participants via the Prolific platform. The
participants are divided into 4 groups, each of which includes
100 participants. Each participant is shown two side-by-
side videos and forced to choose one from them. One of
the videos is ours, and the other is generated by a baseline
method. The left-right order is randomized. Each participant



(b) “Watering flowers with a watering can.”
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(c) “Putting down the watering can.”

Figure S3. Example of long-term human-scene interaction sequence. ZeroHSI generates this long interaction sequence from three
5-second HSI videos.

is shown 10 pairs of videos. For each pair of videos, the C.6. Comparison Details

partif:ipa.nt is askeq two questions: (1) to ChOOSF the Videf) In each generation process, our ZeroHSI outputs a 5-second
that is h.1gher qgahty, and (2) to choose the video that is HSI sequence at 10 fps. All baseline methods output se-
better aligned with the text prompt. We show a screenshot quences at 30 fps, which we downsample to 10 fps for com-

of the human study interface in Fig. S2. parison. For a fair comparison, we do not apply refinement
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(a) “Sitting on the bench.”
X - R

(b) “Standing up.”

Figure S4. Example of long-term human-scene interaction sequence. ZeroHSI generates this long interaction sequence from two
5-second HSI videos (sitting down, standing up) and one 10-second HSI video (practicing Tai Chi).

to our outputs or baseline results. Since TRUMANS [34] ated sequence while enabling flexible control over individual
and LINGO [33] require occupancy grid inputs, we con- video clips. For dynamic object interactions, the depth regu-
vert meshes from both synthetic scenes and real scenes larization term varies between different 5-second video clips,
(via SuGaR [19]) into occupancy grids, yielding water-tight making the constant depth assumption within each sequence
meshes as a byproduct. We use these water-tight meshes reasonable.

for penetration metric calculations, as they enable proper Fig. S3 presents a 15-second interaction sequence where
inside-outside definition necessary for Signed Distance Field the character walks forward, waters flowers, and puts down
(SDF) computation. the watering can. We achieve this extended interaction by

generating and reconstructing three HSI videos into a cohe-

C.7. Long-Term Interaction Synthesis sive 4D sequence.

As shown in Fig. | (first walking forward, then watering Fig. S4 and Fig. S5 showcase another 20-second sequence
flowers), our method inherently supports the generation of where the character sits on a bench, stands up, and performs
long-term HSI sequences. While KLING image-to-video Tai Chi. Leveraging diverse video generation capabilities,
mode is limited to generating videos under 10 seconds and ZeroHSI can create multiple variations of this interaction, as
only allows 5-second extensions per generation, we over- demonstrated by the alternative Tai Chi sequences (ii) and
come this limitation by using the last frame of each gen- (iii) in Fig. S5.

erated HSI sequence as the initial state for the subsequent . .

generation process. By repeating the entire generation pro- C.8. Qualitative Results of Ablations

cess described in Sec. 3, we can synthesize longer sequences. We show qualitative results of our ablation study on our
This approach ensures consistent quality across each gener- per-frame optimization approach. The examples in Fig. S6
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(c) “Practicing Tai Chi.”

Figure S5. Example of long-term human-scene interaction sequence. ZeroHSI generates this long interaction sequence from two 5-second
HSI videos (sitting down, standing up) and one 10-second HSI video (practicing Tai Chi). We show multiple variations of practicing Tai Chi
generated by ZeroHSI, demonstrating its diverse generation capability.

reveal that both WHAM [72] and WHAC [93] fail to estimate
correct global translation, resulting in penetrations between
human and scene. Meanwhile, rendered results across three
consecutive frames show our optimization-based method

S6

achieving smoother motions compared to ‘“ZeroHSI w/o
OPTyogy”. These results further demonstrate the effective-
ness and technical contribution of our per-frame optimization
approach on reconstructing 4D HSIs from 2D videos.



(2]
—
c
©
‘=
©
>
o
(o)
—
i)
o)
<<
m
he
>
S}
%)
I
o
=
]
N

WHAM vs.Ours WHAC vs.Ours Ours w/0 OPTpegy VS. Ours

Figure S6. Qualitative results of ablation study on our optimization-based HSI motion reconstruction. Our full method reconstructs
root translation more accurately than WHAM [72] and WHAC [93] while achieving smoother results than ZeroHSI w/o OPTyoqy.

Figure S8. HSI generated with KLING 1.6 [76]. Text prompt: “Watering flowers with a watering can.”

C.9. Results with Other Video Generation Models niques and remains adaptable to future advancements in
video generation. To evaluate ZeroHSI’s adaptability across
We use off-the-shelf video generation model to ensure Ze- different models, we test it with other state-of-the-art image-

roHSI maintains compatibility with various existing tech- ~ to-video models: KLING 1.5 [76], KLING 1.6 [76], Wan
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Figure S10. HSI generated with Sora [9].

2.1 [77], and Sora [9].

Qualitative results in Figs. S7 to S10 demonstrate Ze-
roHSI’s effectiveness across different open-source video
generation models and proprietary models with external
APIs. ZeroHSI performs well with newer versions of KLING
in both static (“sitting on table”) and dynamic (“watering
flowers”) scenarios. With Wan 2.1, ZeroHSI successfully
generates plausible interaction motions that follow the pro-
vided text prompt. We observe that Sora struggle to generate
videos aligning well with the given text. However, when we
examine it without textual input, our ZeroHSI still generates
meaningful 4D HSIs of “watching the vase on the table.”

D. Example of Low-Quality Video

In this section, we demonstrate the robustness of our method
by presenting challenging examples of low-quality video
inputs. Specifically, we incorporate techniques for handling
incorrect content in camera pose estimation, as well as deal-
ing with body part disappearance and human appearance

S8

changes during HSI reconstruction. For each issue, we pro-
vide representative examples and show how our method
successfully addresses these challenges through the recon-
struction results.

D.1. Incorrect Contents

Video generation models produce incorrect contents in re-
gions initially occluded by humans or objects that later be-
come visible, and we use the aggregating dynamic fore-
ground masks from frames O to ¢ to eliminate incorrect con-
tents. Fig. SI1 presents two examples of such incorrect
generated content. In the first example, a cloth appears in the
character’s hand during car wiping, and a mailbox appears
behind the character as they lean forward. In the second
example, the color of the bicycle seat behind the human is
generated incorrectly (black in the real scene but white in
the generated video).

We compare two approaches: directly using the static
background mask in the current frame (second row) ver-



(a) A cloth appears in hand during car wiping; a appears (b) The
behind as the character leans forward.

appears white in the generated video while it is
black in the real scene.

Figure S11. Example of incorrect contents. The first row shows frames containing unwanted contents. The second row shows results using

only static background masks, while the third row shows our aggregated dynamic foreground masking approach. The fourth row presents
our final reconstruction results.

i

(a) As the character squats down, their fades and blends (b) As the character walks forward, their fades and blends

into the background shelf. into the background cabinet.

Figure S12. Example of body part disappearance. The first row shows frames of body part disappearance. The second row presents our
final reconstruction results.

sus using the aggregating dynamic foreground masks from

mask in the current frame fails to mask out all unwanted
frames O to ¢ (third row). Using only the static background

contents, while using the complementary set of the aggre-
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Figure S13. Example of human appearance change. The first row shows frames of human appearance change. The character’s skin tone
and hairstyle change while leaning forward; black patterns incorrectly shift from the sleeves onto the torso. The second row shows gaussian
rendering results after optimization. The third row presents our final reconstruction results.

gated dynamic foreground mask successfully eliminates all
incorrect contents. The plausible reconstruction results in
the last row demonstrate the effectiveness of our design.

D.2. Body Part Disappearance

Fig. S12 demonstrates body part disappearance in both static
and dynamic scenarios, where characters’ hands gradually
fade and blend into the background. Our per-frame optimiza-
tion method produces natural and cohesive reconstructed
HSIs (second row), demonstrating its robustness to such
issues.

D.3. Change of Human Appearance

Video generation models often produce inconsistent human
appearance. To address this, we fine-tune the color net de-
fined in Eq. (5) during optimization using the photometric
loss in each frame (Eq. (10)). Fig. S13 shows an example
where a character’s skin tone, hairstyle, and clothing patterns
change incorrectly. The second row displays gaussian ren-
dering results after per-frame optimization, demonstrating
how our approach successfully corrects appearance incon-
sistencies by gradually fine-tuning the color net. The final
row shows plausible reconstruction results, validating our
design’s effectiveness.

E. Algorithms

We summarize ZeroHSI and show the overall algorithm in
Alg. 1.
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Algorithm 1 ZeroHSI: Zero-shot Human-Scene Interaction Generation

_ = =
N2

13:

: Input:
: Scene Gaussians Gs, Object Gaussians G
: Initial human pose Mg = (rg, ¢0, @9)
: Initial object pose Py, Initial camera pose T
: Text prompt ¢ describing the interaction
: function GENERATEHSIVIDEO
G3, < A(ro, ¢, ©¢; To)
G « Go(Py)
Iy < R(GY%,,G%.Gs: To)
{I;}I, + VideoGen(Iy, c)
{M,, Mp }H_y < SAM2({I; }i_)
return {I,, M}, M, }7
end function
: function RECONSTRUCT4DHSI
fort =1to 7T do
T, < argmint L2(R(Gs(T); Ti—1) © My, I © My)
T, « T*_th_l
Initialize r;, ¢; from previous frame
Initialize ®, from pose estimation model
Mt7 Pt < arg min(»crgb + Acenterﬁcenler + )\depthcdeplh)
end for
return {(M;, P,)}L,
: end function
: function REFINEMENT
fort =1to T do
J; < SMPL-X(M,)
[,fit — Lo (jt; Ji (rtv ¢t7D(Zt))>
end for
Lpnysics < CalculatePhysicsLoss({r¢, ¢, O}/ ;)
r,¢,z < argmin(4 Zle L+ Aphysics Cphysics)
fort =1to T do
O, + D(Zt)
M, < (ry, P, 0y)
end for
return {(M,;,P;)},
: end function
o {L;, ME,, ML} ) + GenerateHSIVideo()
: 7 < Reconstruct4DHSI()
: T < Refinement()
. Output: 4D HSI sequence 7 = {(M,, Py)},

> Initialize human Gaussians
> Transform object Gaussians
> Render initial frame

> We use KLING

> Segment video

> Estimate camera pose
> Initialize global transform

> Optimize human and object poses

> Get reference joints

> Compute fitting loss for frame ¢

> Compute physics loss

> Decode VPoser latent
> Update human pose
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