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Abstract

Despite significant progress in text-driven 4D human-object
interaction (HOI) generation with supervised methods, the
scalability remains limited by the scarcity of large-scale 4D
HOI datasets. To overcome this, recent approaches attempt
zero-shot 4D HOI generation with pre-trained image diffu-
sion models. However, interaction cues are minimally dis-
tilled during the generation process, restricting their applica-
bility across diverse scenarios. In this paper, we propose An-
chorHOI, a novel framework that thoroughly exploits hybrid
priors by incorporating video diffusion models beyond image
diffusion models, advancing 4D HOI generation. Neverthe-
less, directly optimizing high-dimensional 4D HOI with such
priors remains challenging, particularly for human pose and
compositional motion. To address this challenge, AnchorHOI
introduces an anchor-based prior distillation strategy, which
constructs interaction-aware anchors and then leverages them
to guide generation in a tractable two-step process. Specif-
ically, two tailored anchors are designed for 4D HOI gen-
eration: anchor Neural Radiance Fields (NeRFs) for expres-
sive interaction composition, and anchor keypoints for realis-
tic motion synthesis. Extensive experiments demonstrate that
AnchorHOI outperforms previous methods with superior di-
versity and generalization.

1 Introduction

Humans constantly interact with surrounding objects in
daily life, like sitting on a chair, carrying a backpack, or
playing a guitar. Text-driven generation of 4D human-object
interaction (HOI) is foundational to the 4D virtual world,
and has garnered increasing attention for its potential in ap-
plications such as AR/VR, video games, embodied Al, and
robotics, among many others.

However, generating realistic 4D HOI from natural lan-
guage remains a challenging task, as it requires extensive
prior knowledge to understand both the inherent spatio-
temporal complexity and the broad spectrum of interaction
types. Existing approaches (Bhatnagar et al. 2022; Diller and
Dai 2024; Li et al. 2024) primarily follow the supervised
learning paradigm, relying on paired text-HOI data (Li, Wu,
and Liu 2023; Bhatnagar et al. 2022; Jiang et al. 2023a) as
ground-truth to learn such priors. However, collecting such
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data at scale is difficult and costly, as it demands sophisti-
cated motion-capture (mocap) for both humans and objects,
along with labor-intensive annotations. The limited scale of
existing data heavily constrains the scalability and diversity
of these supervised approaches.

Recent approaches have taken initial steps toward the
zero-shot learning paradigm, aiming to eliminate reliance on
paired text-HOI data. While efforts like InterDreamer (Xu
et al. 2024b) remove the need for paired text annotations,
they still rely on mocap-based HOI data. More recently,
methods such as AvatarGO (Cao et al. 2024) attempt to
substitute mocap-based data by distilling priors from a pre-
trained image diffusion model. However, they focus solely
on relative HOI positioning, leaving human deformation and
interactive motion with objects unaddressed: (i) the human
remains fixed in a canonical pose during interaction compo-
sition; (ii) the motion source is derived from a text-to-human
motion model without object awareness. While these over-
looked aspects are indispensable for realistic 4D HOI gener-
ation, they remain unexplored due to the inherent complex-
ity. This calls for both richer priors beyond image diffusion
models and more advanced prior distillation techniques for
effective guidance.

To this end, we propose AnchorHOI, a novel framework
that exploits hybrid priors from pre-trained image and video
diffusion models. Given a natural language description as
input, AnchorHOI (i) first compose interactions by deeply
exploring priors from image diffusion models; (ii) then syn-
thesize motion by leveraging rich motion priors learned
from video diffusion models, without the reliance on mocap-
based data for either human interaction or motion.

However, achieving expressive interaction composition
and realistic motion synthesis is far from straightforward,
as two key challenges still stand in the way. (i) Adaptive
human pose optimization under image diffusion models.
Existing approaches typically fix the human pose during
composition, lacking adaptability to interaction-specific sce-
narios. While adaptive human pose optimization is essen-
tial for composing expressive interactions, the complex ar-
ticulated structure of the human body leads to a high de-
gree of freedom, making such optimization under diffu-
sion priors challenging. (ii) Compositional motion extrac-
tion from video diffusion models. While recent video dif-
fusion models demonstrate strong capabilities in generating



realistic and diverse motion sequences, they often exhibit
inter-subject occlusions in compositional scenarios, pre-
cisely where grounded human-object contacts occur. This
makes it challenging to extract reliable interaction-aware
motion for both human and object subjects.

To address these challenges, we introduce a novel anchor-
based prior distillation strategy, which circumvents the diffi-
culty of direct optimization under diffusion models. Specif-
ically, through a tractable two-step process: first construct-
ing interaction-aware anchors from textual descriptions, and
then leveraging them to guide the target generation. With
two tailored anchors, our AnchorHOI incorporates two key
innovations as follows: (i) interaction composition via an-
chor NeRF. NeRF, a more effective representation for dis-
tilling interaction priors from image diffusion models than
complex parametric human models, is thus adopted as our
anchor bridge. To alleviate NeRF noise and enhance se-
mantic consistency, we perform pose alignment between
the skeletons of the desired human avatar and the anchor
NeRF. By composing the posed human avatar with the tar-
get object, we achieve thoroughly distilled HOI genera-
tion. 2) motion synthesis via anchor keypoint. Purely vi-
sual cues often miss essential interaction motion informa-
tion due to occlusion, where keypoints fortunately lie. Con-
sequently, occluded contact keypoints and body keypoints
are well suited as anchors. With these anchor keypoints, oc-
cluded motion information is reliably recovered, enabling
interaction-faithful 4D HOI synthesis.

Our contributions are summarized as follows:

* AnchorHOI takes a further step toward zero-shot text-
driven 4D HOI generation, thoroughly exploiting hybrid
priors by pioneering anchor-based prior distillation.

* By leveraging anchor NeRFs and anchor keypoints for
static interaction composition and dynamic motion syn-
thesis, AnchorHOI circumvents the challenges of high-
dimensional optimization and achieves expressive 4D
HOI generation.

* Extensive qualitative and quantitative evaluations show
that our AnchorHOI substantially outperforms existing
methods in both static 3D and dynamic 4D HOI genera-
tion.

2 Related Work
3D Content Generation

Benefiting from advances in diffusion-based text-to-image
generation (Saharia et al. 2022b,a; Gu, Yang, and Davis
2024; Huang et al. 2019), DreamFusion (Poole et al. 2022)
introduced Score Distillation Sampling (SDS) for text-to-
3D generation using NeRF, by distilling guidance from pre-
trained diffusion models. Subsequent works have improved
output quality (Lin et al. 2023; Wang et al. 2023b), control-
lability (Metzer et al. 2022), and efficiency (Wu et al. 2024),
while also exploring textured reconstruction (Richardson
et al. 2023; Cao et al. 2023). For 3D humans, methods such
as (Kolotouros et al. 2023) generate controllable avatars,
though they often require input-specific optimization. Re-
cent approaches like Zero123++ (Shi et al. 2023a) and M V-
Dream (Shi et al. 2023b) leverage 2D diffusion models to
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synthesize consistent multi-view images, serving as inputs
for efficient 3D reconstruction (Liu et al. 2023). Large recon-
struction models (Hong et al. 2024; Xu et al. 2023) further
scale this direction by adopting transformer-based architec-
tures. Despite these advances, generating complex, compo-
sitional 3D scenes remains a significant challenge.

3D Compositional Generation

To address the challenge of compositional 3D genera-
tion, recent works have explored object layout and rela-
tional reasoning. Epstein et al. (Epstein et al. 2024) and
GALA3D (Zhou et al. 2024) optimize component arrange-
ments for multi-object scenes. ComboVerse (Chen et al.
2024) introduces spatial-aware SDS to model relations,
while GraphDreamer (Gao et al. 2023) leverages large lan-
guage models to construct object-relation graphs. Despite
this progress, modeling human-object interactions remains
underexplored. Recently, InterFusion (Dai et al. 2024) gen-
erates human-object scenarios by retrieving human poses
from offline-constructed, image-reconstructed pose datasets.
However, the retrieved poses remain fixed during optimiza-
tion, limiting adaptability to specific interaction contexts.

4D Content Generation

Recent progress in video diffusion models (Gu et al.
2023) and score distillation sampling has advanced di-
verse approaches for 4D scene generation. Make-A-
Video3D (Singer et al. 2023) adopts HexPlane features for
4D representation. 4D-fy (Bahmani et al. 2023) and Dream-
GaussiandD (Ren et al. 2023) use multi-stage pipelines
to animate static 3D content. Dream-in-4D (Zheng et al.
2023) supports personalized 4D generation via image guid-
ance, while Consistent4D (Jiang et al. 2023b) synthesizes
scenes from video input using RIFE (Huang et al. 2022)
and super-resolution. 4DGen (Yin et al. 2023) and Ani-
matableDreamer (Wang et al. 2023a) enable controllable
motion via driving videos. More recently, Comp4D (Xu
et al. 2024a) and TC4D (Bahmani et al. 2024) introduce
trajectory-based generation for compositional 4D scenes.
Despite these advances, generating 4D human avatars with
realistic object interaction remains challenging. The recent
approach AvatarGO (Cao et al. 2024) attempts to address
this; however, it lacks human articulation modeling during
interaction composition, leading to limited interaction out-
comes, such as simple holding.

3 Preliminary Knowledge

SDS. Score Distillation Sampling (SDS), introduced in
DreamFusion (Poole et al. 2022), performs iterative opti-
mization to align 3D representations with text-to-image dif-
fusion priors. Compared to non-iterative image generation
followed by reconstruction, SDS more reliably distills se-
mantics encoded in image diffusion models, particularly for
complex interactions. While z = g(®), x is the 2D image
rendered by a differentiable renderer g with model param-
eters @ (e.g. the MLPs correspondingly in NeRF), under a
randomly sampled camera pose. By injecting the sampled



noise € into x at a time step ¢, the noisy image x; is pro-
duced. The pre-trained 2D text-to-image diffusion model ¢
provides a denoising network é,(z;;y,t) that predicts the
noise € given the noisy image x;, time step ¢, and text em-
bedding y. SDS then optimizes the model parameters ¢ by
minimizing the difference between the predicted noise and
the added noise:

o
oo

where w(t) is the weighting term at the time step ¢.

VaoLlsps(¢, x) = Ey Jw(t)(ép(ze;y,t) —€) ey

4 Method

In this section, we begin with problem formulation, followed
by anchor illustration and pipeline overview. We then detail
our two core components: (i) interaction composition via an-
chor NeRF, and (ii) motion synthesis via anchor keypoint.

Problem Formulation

AnchorHOI aims to generate dynamic 3D HOI sequences
X4, conditioned on textual input 7', i.e. T' — X4. The
input is a natural language description, denoted as T° =
{Tinteh (Tmolion)}» where Tinter = {Thumam Taction> Tobject}
specifies the desired human avatar, interaction type, and ob-
ject category, respectively. Totion 1S Optional to provide a
more detailed motion description. The output is a sequence
of 3D HOIs, X; = {(H;, O;) iL:_Ol, where H; and O; denote
the human and object representations at frame ¢, and L is the
total number of frames.

The human representation is defined as H;
{s,rh th M(0;,0)}, where s denotes relative scale to the
object, 7 and ! denote the global rotation and transla-
tion, respectively. M (6;, ©) represents the human avatar an-
imated by the articulation pose 6;, which is an explicit mesh
defined as M (0;,0) = {V, F,C}. The posed vertices V =
M(0;,1, 8,D) and faces F' are given by the parametric hu-
man body model SMPL-X (Pavlakos et al. 2019), and C'
represents the vertex colors. We denote © = (58, D, C), the
parameters for shape sculpting and appearance generation.
The object representation is defined as O; = {r?,t?, @},
where ¢ and ¢ denote the global rotation and translation,
® represents the object identity including both geometry and
appearance.

Following state-of-the-art methods (Cao et al. 2024), we
first generate a static 3D HOI instance X; = (Hy, O,), and
subsequently extend it to a dynamic 3D HOI sequence X,
e, T — X, — Xy.

Anchor illustration and Pipeline Overview

Anchor illustration. As illustrated in Figure 1, directly
distilling priors from image and video diffusion models
(IDMs and VDMs) for zero-shot 4D HOI generation, faces
two key challenges: (i) integrating interaction priors from
IDMs into the SMPL-X model (interaction), and (ii) trans-
ferring 2D interaction motion from VDMs for HOI. Un-
fortunately, previous work on zero-shot 4D HOI generation
avoids these challenges due to the inherent difficulty.
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Figure 1: Anchor illustration.

We therefore propose an anchor-based strategy, introduc-
ing intermediate anchors to bridge SMPL-X and HOI mo-
tion with the priors from IDMs and VDMs. Specifically, two
anchors are tailored:

(i) Anchor NeRF. As a visual-prioritized neural represen-
tation, NeRF is more adept at distilling rich visual priors
from IDMs than the geometry-prioritized SMPL-X model,
and thus an ideal anchor bridge. However, visual results
from NeRF often suffer from noise and struggle to be di-
rectly transferred to the SMPL-X model. We therefore turn
to skeleton information rather than pixel-level visual infor-
mation. Specifically, by aligning the SMPL-X pose with de-
tected skeletons, AnchorHOI enables effective optimization
of the SMPL-X structure, thereby capturing reliable interac-
tion cues.

(i1) Anchor keypoints. Visual results of videos generated
from VDMs often suffer from inter-subject occlusions in
compositional HOI scenarios, missing essential inter-frame
differences. In contrast, motion keypoints deliver more ro-
bust interaction cues, serving as an ideal anchor bridge. A
natural question then arises: What keypoints are customized
anchors for HOI? To this end, we define anchor keypoints
as a combination of body and contact keypoints, offering
coherent tracking cues, thus providing a simple yet effective
solution for reliable 4D HOI synthesis.

Pipeline overview. As illustrated in Figure 2, the An-
chorHOI pipeline comprises two sequential components: (i)
interaction composition. We adopt NeRF representations to
exploit priors from IDMs and extract human part as an-
chor NeRF. SMPL-X poses are then optimized to align with
skeletons detected from the anchor NeRF, thus capturing in-
teraction cues that are challenging to obtain directly from
IDMs. (ii) motion synthesis. We extract both body and con-
tact keypoints from the motion generated by VDMs, treating
them as anchor keypoints. The 3D HOI sequences are subse-
quently optimized to track these anchor keypoints, thereby
capturing interaction cues that are otherwise difficult to ex-
tract directly from VDMs.

Interaction Composition

This part aims to generate a static 3D HOI instance X, i.e.
Tiner — (Hs, Oy) with anchor NeRF based prior distilla-
tion from pre-trained IDMs. We first introduce (i) Anchor
NeRF Generation, and then (ii) Interaction Generation with
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Figure 2: Pipeline overview of AnchorHOI, consisting of two components: (i) interaction composition and (ii) motion synthesis.

Anchor NeRF.

Anchor NeRF generation. We construct an anchor NeRF
from a coarse, entangled human-object NeRF optimized un-
der the guidance of IDMs. Specifically, we first obtain a
NeRF representation d aligned with the textual prompt Ty,
via SDS optumzatlon V Lsps (). We then extract human-

isolate NeRF from <I>, serving as the anchor NeRF. The ex-
traction is conducted using a multi-view feature alignment
loss, formulated as a mean squared error between features:
Vg, Latign(F(2), F(Z)), where F(-) denotes the masked
RGB feature extractor here.

Interaction generation with anchor NeRF. For human
H, generation, we generate the posed human avatar H, =
{s,r" " M (6, ©)} in a two-step manner. To ensure struc-
tural completeness and identity consistency with Thyman, We
first generate a canonical avatar using standing pose Ognd,
optimizing shape and appearance © via SDS optimization:
VeoLsps(z). This generation process incorporates recent
advanced techniques of human avatar generation methods.

We then fit the generated 3D animatable human avatar to
the anchor NeRF ® 4, to optimize the remaining parame-
ters {s, 7 " 0,}. Specifically, we project canonical views
of the anchor NeRF and extract 2D skeleton keypoints us-
ing OpenPose (Cao et al. 2019). We then minimize the dis-
crepancy between the projected 3D SMPL-X joints and the
detected 2D keypoints across multiple views:

> p(TJ); = J7),

where J denotes the 3D joint positions of the SMPL-X
model, differentiably computed from the model parameters.
H(); represents the projection of the j-th joint in the i-th
camera view, and p is the robust Geman-McClure error func-
tion (Geman and McClure 1987).

For object generation, the object Oy is first initialized
from the segmented object part of Anchor NeRF, and then

V{smg,tf;,es}ﬁangn = )
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fully completed via SDS optimization: VLS (z). To pre-
serve the overall human-object interaction, Vo Lpg () is
jointly applied during optimization. Finally, the object mesh
is extracted using the marching cubes algorithm (Lorensen
and Cline 1998).

Motion Synthesis

Following the interaction composition, this part gen-
erates the 4D HOL ie. {Tiner, (motion; (Hs,Os)} —

{(H;,0;)},}, with anchor keypoints based prior distilla-
tion from pre-trained VDMs. We first introduce (i) Anchor
keypoints extraction, and then (ii) Motion optimization with
anchor keypoints.

Anchor keypoints extraction. We extract body and con-
tact keypoints as anchor keypoints from videos generated by
the video diffusion model.

(a) Video generation. We adopt a VDM (Zhang and
Agrawala 2025) to generate a video {F/®"}L-! with L
frames, given the textual prompt Tiper(Tmotion) and the ren-
dered static HOI image ™.

(b) Body keypoints. Since inter-subject occlusions often
degrade 3D pose estimation, we instead use 2D body key-
points detected by OpenPose (Cao et al. 2019), which offer
robust cues even under occlusion. For each frame, Open-
Pose predicts 18 keypoints (j;,w;), where j; denotes the
normalized pixel coordinates and w; the corresponding con-
fidence scores. The keypoints are then reordered to match
the SMPL-X joint definitions.

(c) Contact keypoints. While contacts typically occur in
occluded regions between subjects, we extract reliable con-
tacts based on the 3D geometric proxy underlying the gen-
erated compositional interaction. Specifically, we apply far-
thest point sampling to obtain a representative subset of sur-
face points from object mesh, denoted as V, € RNox3,
The human vertices used for contact parsing are denoted

s C(Vy) € RN»*3 where C(-) refers to a heuristic se-
lection of SMPL-X mesh vertices as potential contact candi-
dates (Hassan et al. 2019). To ensure the precision of contact



identification, we combine geometric proximity (Bhatnagar
et al. 2022; Zhang et al. 2020) and normal alignment (Grady
et al. 2021; Yang et al. 2021) constraints, and extract the
valid points Cy,j;q as contact keypoints:

Cualia = {(iaj) ‘ (1—n}-n}) <,
o 3
pllvh = vill2) < 7a ).

Here, (i, j) denotes the constructed nearest-neighbor pairs
(i,7), where the j-th human vertex v; € C(V},) is the clos-
est to the i-th object surface point v; € V,. The normal
alignment term (1 — n? - nj ) encourages the object and the
human normals to be antiparallel, thereby favoring physi-
cally plausible contacts. This is consistent with the physi-
cal fact that interactions occur in contact regions where op-
posing forces are exerted. The geometric proximity term
p(|lvi — vl|l2) < 74 encourages physically plausible con-
tacts with close distance. p(-) is the Geman-McClure error
function (Geman and McClure 1987).

Motion optimization with anchor keypoint. We then
transfer the motion from the generated video to 3D HOI by
optimizing the human and object representations

L7
{({s, 7, M(0;,0)}, {re, 12, 01}

Among these, the motion-dependent parameters
{(rP t0.0,), (r?,t9)} are optimized, while the motion-
invariant variables {s,®,®}, inherited from the static
interaction, are kept fixed and shared across frames.

Taking anchor keypoints as tracking cues, the parameters

are then optimized by minimizing the following objective:

ﬁtotal = >\J£’J + )\C»CC + )\pen»cpen + )\reg»creg~ (4)
1 .
L= 2w (3= i) )
1 i P2
Lo =g 2 Ik = vl (©)

i€eC

L3 minimizes the distance between the re-projected SMPL
joints and the predicted body keypoints, where w; is the con-
fidence score of each keypoint, p is the Geman-McClure er-
ror function (Geman and McClure 1987), and [V is the num-
ber of keypoints. L& minimizes the distance between the iy,
paired contact keypoint of the human and the object. Ly pe-
nalizes physical interpenetration between human and object,
following (Mihajlovic et al. 2022). The regularization term
Ly, includes the mean squared error between the rendered
model frame and video frame, a self-penetration penalty, and
a temporal smoothness term.

5 Experiments

To evaluate the effectiveness of AnchorHOI, we conduct
a comprehensive comparison with representative methods
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across 4D visual quality, motion fidelity, and overall inter-
action plausibility. In addition, we benchmark AnchorHOI
against leading static 3D HOI methods to further assess its
capability in 3D interaction generation. Experimental results
demonstrate that AnchorHOI achieves superior performance
in both dynamic 4D and static 3D HOI generation.

Implementation Details

We adopt DeepFloyd (Stability. Al 2023) and a multi-view-
consistent image diffusion model (Shi et al. 2023b) to com-
pute SDS gradients, and use the latest video diffusion mod-
els (Zhang and Agrawala 2025) to generate 5-second se-
quences. SMPL-X and VPoser (Pavlakos et al. 2019) serve
as human body priors. OpenPose (Cao et al. 2019) is used
to extract body joints, and Grounded-SAM (Ren et al. 2024)
provides instance segmentation masks. We optimize using
Adam (Kingma and Ba 2015) with a learning rate of 0.01,
running 3,000 iterations for interaction composition and
1,000 for motion synthesis, on a NVIDIA A6000 GPU.

Experimental Setup

Evaluation baselines. We conduct both quantitative and
qualitative evaluations to compare AnchorHOI with rep-
resentative 4D generation baselines. Specifically, we com-
pare against AvatarGO (Cao et al. 2024), DreamGaus-
sian4D (Ren et al. 2023), and TC4D (Bahmani et al. 2024).
Among them, AvatarGO is the most closely related to our
approach. However, since the 4D component of AvatarGO
has not been publicly released, we include only its static 3D
results without motion.

Evaluation metrics. To enable a thorough and reliable
quantitative evaluation, we conduct perceptual studies and
compute metrics from three complementary perspectives:
CLIP score, GPT-4V selection, and perceptual user studies,
covering principal quality dimensions such as semantic con-
sistency, physical plausibility, and motion quality.

Qualitative Evaluations

4D HOI comparison. Figure 3, together with Figure 4,
presents a comprehensive comparison of 4D HOI generation
results. We observe the following: (1) TC4D employs video
diffusion models with SDS but treats the entire scene holis-
tically, lacking localized or component-wise motion—an es-
sential element for modeling human-object interactions. (2)
DreamGaussian4D, even under powerful guidance (using
the same VDM-generated videos as ours), struggles to an-
imate composited HOIs due to its sole reliance on RGB and
mask cues. For generating complex HOI dynamics, pixel-
level cues alone are insufficient to capture meaningful in-
teractions. (3) AvatarGO cannot be directly compared in 4D
due to the unavailable code. However, its static 3D results
are fundamentally limited, as it models only position with-
out considering human articulation variance (e.g., humans
remain in a fixed canonical pose) while pose variation is
necessary for everyday interactions. In the chair example,
although AvatarGO can optimize the object position for in-
teraction, the absence of pose modeling prevents it from pro-
ducing plausible results. Since its 4D outcome directly de-



TC4D

DreamGaussian4D

AvatarGO Ours

A slim man wearing a blazer and gray trousers sitting on a chair, stretching the legs for relaxing

Figure 3: Overall 4D comparison results.

Figure 4: Zoom-in details (left) and motion-centric comparison (right), where opacity conveys motion amplitude: lower opacity

indicates larger motion, and vice versa.

CLIP Score GPT-4V Selection (%)

User Studies

Methods Semantic 1 \ Contact T Overall T \ Semantic T Contact 7 Penetration T Motion 1 Overall 1
DreamGaussiandD  0.2833 12.50 25.00 2.382 1.594 2.634 3.339
TC4D 0.3017 16.67 20.83 2.321 2.863 2.398 3.664
Ours 0.3149 70.83 54.17 4.756 4.673 4.874 4.833
Table 1: Quantitative 4D Comparison Results.
InterFusion Ours (static)

pends on the quality of static 3D composition, limitations in
3D modeling inevitably result in implausible 4D outputs.

In contrast, our method achieves more realistic details
(e.g., finer visual results in Figure 4(left)), more expressive
motion (e.g., larger amplitudes in the skateboard example of
Figure 4(right)), and consistent contact awareness through-
out the 4D sequences.

3D HOI comparison. Although AnchorHOI targets 4D
interaction generation, it also achieves superior performance
in static 3D HOI generation. We compare our method with
two state-of-the-art baselines, MVDream and InterFusion,
as shown in Figure 5. Specifically: (1) MVDream entan-
gles human and object representations, often causing struc-
tural artifacts, blurry contacts, or semantically invalid inter-
actions; (2) InterFusion uses fixed, retrieved poses from im-
age reconstructions, lacking adaptability to specific interac-
tion contexts. Benefiting from the proposed anchor NeRF,
AnchorHOI produces the most realistic and pose-adaptable
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A blonde woman wearing yoga pants riding a bike

Figure 5: Qualitative 3D comparison results.
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(b) A Mediterranean man cleaning with a mop.

Figure 6: Ablation studies on anchor NeRF and anchor keypoints.

CLIP Score GPT-4V Selection (%)

Methods Semantic 1 ‘ Contact T Overall 1
MVDream 0.2948 15.79 10.53
InterFusion 0.2951 21.05 26.32
AvatarGO (static)  0.2615 5.26 10.53
QOurs (static) 0.3173 57.89 52.63

Table 2: Quantitative 3D comparison results.

3D human-object interactions, effectively capturing com-
plex contacts across diverse scenarios. Numeric results in
Table 2, including CLIP scores and GPT-4V selections, fur-
ther demonstrate our superiority.

Quantitative Evaluations

CLIP score. Following common practice, we compute the
CLIP score (Radford et al. 2021) to measure the similarity
between input text prompts and the corresponding generated
results, where a higher score indicates better alignment with
input descriptions. AnchorHOI achieves the highest mean
CLIP score across evaluation prompts in both 3D and 4D.

GPT-4V selection. Following InterFusion, we further
leverage the advanced image understanding capabilities of
GPT-4V to enable a more fine-grained evaluation. Specifi-
cally, we prompt GPT-4V to (1) select the overall preferred
result based on interaction criteria, and (2) assess contact
accuracy as a physically grounded metric in isolation. No
in-context examples are provided during prompting.

User studies. We further conduct perceptual user studies
for 4D evaluation, following (Bylinskii et al. 2023). The nu-
merical results are reported in Table 1.

Ablation Study

Ablation on anchor NeRF. We conduct ablations with
and without anchor-NeRF. In the w/o Anchor-NeRF setting,
the object and human are generated separately and then com-
posed via SDS directly. As shown in Figure 6 (a), the human
pose fails to converge, as position rather than articulation
is optimized to satisfy the “sitting on” interaction, resulting
in unrealistic results. In contrast, Anchor-NeRF effectively
bridges SDS gradients to human articulation, enabling stable
convergence and even complex poses (e.g., a crossed-legs
posture). This example, along with the quantitative results
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Variants GPT-4V Selection (%)
w/o anchor NeRF 5.88
Ours (static) 94.12
w/o body keypoints 5.89
w/o contact keypoints 17.65
Ours 76.47

Table 3: Quantitative ablation results by GPT-4V.

in Table 3 (up), demonstrates the effectiveness of Anchor-
NeREF for faithful interaction composition.

Ablation on anchor keypoints. Figure 6 (b) illustrates
the role of anchor keypoints. Body keypoints are essential
for capturing human pose; without them, the resulting pos-
tures are implausible, even maintaining interaction contacts.
Without contact keypoints, the generated results may be vi-
sually plausible but lack meaningful physical contact. In
contrast, our full setting with both body and contact key-
points produces realistic 4D interaction sequences, as further
supported by the quantitative results in Table 3 (down).

6 Conclusion

In this paper, we presented AnchorHOI, a novel framework
for zero-shot 4D human-object interaction (HOI) genera-
tion with an anchor-based prior distillation strategy. Our ap-
proach takes a step forward in interaction-aware 4D genera-
tion by effectively leveraging hybrid priors from both image
and video diffusion models. Specifically, AnchorHOI tai-
lors anchor NeRFs for interaction composition and anchor
keypoints for motion synthesis, enabling effective and reli-
able prior distillation. Experimental results show that An-
chorHOI achieves state-of-the-art performance in both static
3D and dynamic 4D HOI generation.

Limitations and Future Work. One limitation of our
method is the current assumption of continuous contact be-
tween humans and objects, which overlooks the dynamic na-
ture of contact in real-world scenarios. Another limitation is
that our method is currently designed for rigid objects. Ex-
tending the framework to accommodate articulated objects
with kinematic properties would be a meaningful step to-
ward practical applications.
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