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"A man wearing black suit with red tie 
and black pants is riding a horse"

“A janitor in a green uniform and black 
gloves lifts a cylindrical plastic trashbin off 
the floor, gripping the rim with both hands, 

back slightly bent.”

“Mahatma Gandhi dragging a silver 
suitcase with his left hand.”

“Male in dark red polo shirt and shorts 
carrying a brown leather armchair with 

his hands, forearms, thighs, torso and 
hips in contact.”

Figure 1. Given detailed text descriptions of human, object and their interactions, Hoi3DGen generates high quality textured human and
object meshes that follow precisely the contact semantics, together with an aligned animatable SMPL model.

Abstract

Modeling and generating 3D human–object interactions
from text is crucial for applications in AR, XR, and gam-
ing. Existing approaches often rely on score distillation
from text-to-image models, but their results suffer from the
Janus problem and do not follow text prompts faithfully due
to the scarcity of high-quality interaction data. We intro-
duce Hoi3DGen, a framework that generates high-quality

†Equal contribution.

textured meshes of human-object interaction that follow the
input interaction descriptions precisely. We first curate re-
alistic and high-quality interaction data leveraging multi-
modal large language models, and then create a full text-
to-3D pipeline, which achieves orders-of-magnitude im-
provements in interaction fidelity. Our method surpasses
baselines by 4–15× in text consistency and 3–7× in 3D
model quality, exhibiting strong generalization to diverse
categories and interaction types, while maintaining high-
quality 3D generation.

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Modeling human-object-interaction is highly important for
gaming, virtual and augmented reality. Generating such in-
teractions as 3D models from text prompts is particularly
interesting, since the manual creation of interacting humans
and objects is laborious. Despite its significance, this prob-
lem has been overlooked, and most methods focus on either
human-only [5, 23] or object-only [32, 56] generation. Only
a few methods [8, 11, 77, 80] have pioneered this field with
score distillation sampling (SDS). While showing promis-
ing results, SDS generations are unreliable at inference and
often lead to unnatural poses and low-quality 3D interac-
tions with the Janus problem.

A major challenge for text-to-3D interaction generation
is the lack of paired text captions and 3D interaction data.
Existing 3D interaction datasets [3, 30, 49, 60] feature in-
teractions with natural poses and high-quality contacts, but
typically cover only a limited set of object categories or lack
fine-grained textual descriptions. Consequently, current
approaches often adopt training-free SDS-based pipelines
that leverage powerful image diffusion models [11, 77, 80].
While the underlying models were trained on billions of im-
ages, these models do not generalize well for interactions
and produce implausible results.

In this paper, we introduce Hoi3DGen, a framework that
generates high-quality 3D-human-object-interaction, while
also maintaining strong generalization ability. Our key
idea is to automatically create high-quality text descriptions
for 3D interactions and fine-tune a model to generate the
compositional interaction without losing its own capabil-
ity for generating diverse humans and objects. Specifically,
we propose an automatic interaction labelling pipeline that
leverages multimodal large language models to generate
high-quality and detailed descriptions for 3D human object
interaction. We decompose the complex interaction cap-
tioning task into simpler subtasks that describe appearance,
action, and body parts in contact, respectively, and fuse the
results together to generate the final caption. Based on auto-
matically generated data, we design a text-to-3D generation
method that equips the text-to-image model with view con-
ditioning, lifts the 2D image to a 3D mesh, and segments
and registers the 3D mesh with the SMPL model to obtain
semantic contacts. In summary, our main contributions are:
• We present an automatic data annotation pipeline that

generates high-quality detailed text captions for 3D-
human-object-interactions by decomposing the complex
caption generation into subtasks, solvable by open-source
multimodal large language models.

• We introduce a text-to-3D pipeline that generates high-
quality interacting segmented human-object meshes with
an aligned animatable SMPL model.

• We demonstrate that Hoi3DGen surpasses baselines by
4–15× in text to 3D consistency and 3–7× in 3D model

quality.
Our code, data, and pretrained models will be released.

2. Related work
Text-to-3D generation. For general objects, recent meth-
ods can be classified as Score Distillation Sampling (SDS)-
based or learning-based. SDS-based approaches like
DreamFusion [42], ProlificDreamer [53] and more [7, 33,
39, 50] distil 3D objects from pre-trained 2D image diffu-
sion models [45]. Learning-based approaches either fine-
tune image diffusion models to generate novel views condi-
tioned on camera poses [25, 47, 67, 68], or adopt native 3D
representations like Triplane [6, 21], SDF [51], occupancy
[78], or hybrid ones [56] to directly obtain 3D. Trained
on large-scale datasets [12, 13], these methods can gener-
ate high-quality 3D from text. Orthogonal to these, human
avatar creation relies more heavily on SDS due to the lack of
high-quality and diverse human data [5, 23, 27, 35, 52, 75].
Recent works [69, 81] propose to distill 2D generation
models to create large-scale human data. While showing
promising results, these methods consider only humans or
only objects and cannot model the complex relationship
during interaction.
Human-object interaction. Most existing methods focus
on the accurate capture of hand-object [20, 72], full-body-
object [58, 62] or human-scene [19, 70, 73] interactions
from images [60] or videos [9, 16, 59, 61, 63]. Based
on the captured interaction motion data [3, 30, 49], sev-
eral works learn to generate HOI motion sequences con-
ditioned on signals like human or object position [30, 54],
past motion sequence [64], and text [15, 31, 41, 55, 65].
Despite impressive performance, these approaches are typi-
cally limited to non-clothed SMPL body meshes and object
templates from the training datasets, restricting generaliza-
tion. Another line of work synthesizes interactions from
provided human and object meshes and optimizes human
poses via SDS [77, 80], with [77] further improving con-
tacts using open-set affordances and LLMs. However, they
require user-supplied meshes and cannot generate fully-
textured HOIs from text. The most related work [11], em-
ploys SDS to optimize separate human and object NeRFs
and fuses them into a combined scene, but suffers from the
Janus problem, noisy textures, and severe interpenetrations,
making segmentation difficult and lacking contact control.
In contrast, our method produces realistic human–object in-
teractions with high-quality textures, accurate contacts, and
also enables accurate human-object segmentation.
3D datasets with text annotation. With the great progress
in large language models (LLM), automated text annotation
for various 2D [46, 69] and 3D data [29, 79] has become
a viable option. For objects, CAP3D [37] proposed a scal-
able pipeline using vision language models and annotated
the Objaverse dataset [13]. Follow-up work [38] further im-
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proves the accuracy by robustly selecting better views for
annotation. These works output only one description of the
object, while Marvel-40M+ [48] introduces multi-level an-
notations, which allow control at different complexity lev-
els. Orthogonal to these, PoseScript [14] develops a pro-
cedural pipeline to assign text labels based on axis angles
and further train a model for automatic human-pose-to-text
annotation. However, these methods handle objects and hu-
mans separately. Some works [41, 54, 66] annotated in-
teraction motion with text manually, which is not scalable.
Another work [71] utilizes GPT-4V for detailed HOI label-
ing, but its dependence on proprietary models introduces
cost constraints, and its lengthy descriptions deviate from
natural human phrasing. In contrast, we propose a fully au-
tomatic and scalable pipeline based on open-source models
to annotate complex interactions through natural language.

3. Method

We present Hoi3DGen, a framework to obtain high-quality
3D models of humans interacting with objects. An overview
of our method is provided in Fig. 2.

First, we introduce an automatic data annotation pipeline
that produces detailed text captions for 3D-human-object-
interaction (Sec. 3.1). We then adopt a text-to-image and
2D to 3D lifting paradigm for 3D generation. We propose
a view-conditioned image generator that synthesizes inter-
action images from text (Sec. 3.2) and lifts them into high-
quality textured 3D meshes, which are then semantically
segmented into human and object components, and aligned
with the SMPL model for consistent semantics and anima-
tion (Sec. 3.3).

3.1. Data Curation

Given a 3D human–object-interaction mesh, we aim to au-
tomatically generate captions that describe appearance, ac-
tions, and contacts. For scalable automation, we decompose
the task into subtasks that multimodal LLMs can solve ef-
ficiently and reliably. As is common in many interaction
datasets [3, 60, 76] and also the case in ProciGen, we as-
sume that the 3D interaction is represented as a textured
SMPL [36] model for the human and a separate textured
mesh for the object, see Fig. 2 top left. We then divide the
interaction annotation into 1.) appearance labeling, 2.) in-
teraction labeling and 3). caption generation.
Appearance Labeling. To label humans and object, our
method begins by rendering them separately into four or-
thogonal views: front, back, and either side. We then
use these views as queries for the multimodal LLM In-
ternVL [10] and prompt it to describe the attributes shown
in the image. For human labeling, we focus on clothing,
hairstyle, and footwear. For object labeling, we annotate
attributes such as color, texture, and overall structural form.

Interaction Labeling. A detailed interaction description
should define the what and how of the interaction. We query
the InternVL with the four views of human-object interac-
tion renderings and ask it to describe the type of interaction
by picking a label from a predefined list of possible actions
of the shown object category. Alternatively, one could let
InternVL propose actions, but we found that this leads to
poor annotation quality due to hallucinations or ambiguous
wording for semantically similar actions. Addressing the
how is also crucial, since the same action can produce very
different interactions depending on the contact points (i.e.
holding a basket in the right or left hand). To integrate this
information, we analyse contact points of the SMPL mesh
with the object and filter out body parts whose distances are
smaller than 4cm as the contacting parts.
Combined Caption Generation. To generate the final cap-
tion, we integrate human, object, action, and interaction
labels, along with the object category, using LLaMA 3.1
(70B) [18]. The strong generative capability of the model
helps us in obtaining high-quality, natural, and detailed text
captions.
Filtering. We apply our data annotation method to the en-
tire ProciGen dataset [60], yielding over 750k pairs of 3D
models and captions. Although ProciGen features large ob-
ject shape diversity, the human appearances and interaction
types are limited (100 subjects and 18 categories, respec-
tively). More importantly, many ProciGen interactions in-
volve multiple simultaneous contacts, which leads to a less
rich training signal when finetuning, since the model has to
distinguish contacts such as left and right part labels. To
avoid forgetting during the finetuning, we aim to minimize
the training iterations and therefore curate a small subset of
high-quality and diverse samples.

We separate interactions according to K = 8 frequent
but distinct contact configurations: on back, right hand, left
hand, right leg, left leg, both hands, no contact, and others.
The goal is to construct disjoint subsets Dk = {xk

i }, where
each sample xk

i = (t, I) consists of text description t and
renderings I that only have contact configuration k. For in-
stance, right hand includes only those with contact limited
to the right hand and forearm. Then, we filter each subset by
removing data where the object is either significantly over-
lapping with the human or is far away from both the human
and the ground. We then group the remaining data based on
action-contact pairs and remove samples where the action
clearly mismatches the contact (i.e. a sample with contact
point right hand and action kicking). Finally, we arbitrar-
ily select 50 samples from each subset Dk, leading to 400
remaining high-quality 3D HOI instances.

3.2. View-Conditioned 2D Interaction Generation

For text-to-image generation, we build on top of the la-
tent diffusion model SANA [57], which can already gen-
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straps.
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with leather straps and metal buckles, 

using his left hand.

Unfiltered Interactions 

A female wearing denim jacket and 
blue jeans carries a light wooden table, 

contacting it with her torso, hips, left 
and right thighs and arms, and left 

shoulder.

High-Quality Interactions
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Figure 2. HOI3D framework overview. Top: We first leverage the existing multimodal foundation model InternVL [10] to perform de-
composed annotation of human, object, and human-object-interaction of samples from the ProciGen [60] dataset. We then use LLaMa [18]
to create a final detailed caption for the sample. Bottom: We leverage our data consisting of high-quality and diverse human-object-
interactions to fine-tune an existing text-to-image model. Subsequently, we establish a pipeline to reconstruct high-fidelity textured 3D
meshes. The output of our final text-to-3D inference pipeline consists of segmented meshes for the human and object, as well as an ani-
matable SMPL model.

erate high quality human-only or object-only images but
cannot follow precisely the interaction prompts. A key
discovery of our work is that fine-tuning on the 400 high-
quality and diverse interaction samples is sufficient to adjust
the learned representation, enabling the model to generate
high-quality human-object interactions while maintaining
its original power of generating diverse humans and objects.

Another key innovation to enable lifting to high-quality
3D models is to introduce a conditioning of the text-to-
image model on the camera view angle. Specifically, we
append a view description tv to the interaction prompt t to
generate the 2D interaction image I using our latent dif-
fusion model ϵθ. We allow control of three distinct view
angles tv ∈ {front, left diagonal, right diagonal} that avoid
occlusion for most interaction types. These correspond to
rendering 3D interaction meshes from azimuth angles of
0o,−45o,+45o respectively. We then finetune the model
using the standard diffusion loss [22]:

L = Ex0, ϵ, σ

[
∥ϵ− ϵθ(zt, σ, cond)∥22

]
, (1)

where ϵ ∼ N (0, I), σ ∼ U(0, 1), and cond = (t, tv). Fi-

nally, since training on the highly correlated finetuning data
will inadvertently bias the model and reduce output variety,
we improve overall texture quality and fidelity in the gener-
ated output by retexturing with the Flux model [4].

We show in Tab. 4 that our view-conditioned sampling
produces more accurate 3D contacts and our fine-tuning sig-
nificantly improves the existing text-to-image model for in-
teraction image generation in Tab. 2.

3.3. 3D Interaction and Semantic Registration

3D Interaction Generation. Given the high-quality im-
age of our finetuned diffusion model, we can obtain a 3D
mesh using a large-scale image-to-3D model. In our ex-
periments, we use Hunyuan3D [51] due to the observation
that it can generate diverse shapes and interactions if the
2D image is of high quality. Our view control allows us to
sample three images of the same interaction type, where at
least one view has the full interaction visible from which
Hunyuan3D can easily generate high quality and complete
3D mesh. Hence, we directly apply Hunyuan3D to all gen-
erated images and obtain three different textured 3D inter-
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actions. The user can either pick the best one manually or
we perform automatic selection based on segmentation and
contact semantics, which we describe next.
Interaction Segmentation. Despite high quality, the 3D
generation from Hunyuan3D is a single combined mesh in a
normalized space. For practical applications, one also needs
to understand the semantics, such as which part the human
is and where contacts happen. To this end, we propose to
segment the mesh and register a SMPL [36] body model
that provides semantics and allows further animation.

Given the combined 3D mesh M produced by Hun-
yuan3D, our objective is to separate it into two semantically
meaningful components: the human mesh Hm and the ob-
ject mesh O. To this end, we render M into a video se-
quence along a smooth camera trajectory that spans eleva-
tions in [−60◦, 60◦] and a full 360◦ azimuth. We then apply
the open-vocabulary video segmentation model Grounded-
Segment Anything 2 (GSAM2) [26, 34, 44] to obtain tem-
porally consistent binary mask sequences {Mh

i ,M
o
i }Ni=1 of

human and object, for each rendered view i. We input per-
son and the target object category to prompt GSAM2 for
human and object segmentation respectively.

We aggregate the 2D masks to segment 3D mesh vertices
based on vertex visibility and majority voting. For each ren-
dered view i, we have access to the object mask Mo

i of
GSAM2 and the depth map Di and camera parameters of
the rendering process. A vertex v is considered visible in
view i if it projects inside the image and passes a z-buffer
consistency check:

visi(v) = 1[−δ ≤ zi(v)−Di(πi(v)) ≤ δ], (2)

where δ is a depth tolerance, πi(.) is the projection function
of frame i, and zi(v) denotes the projected depth of v to
view i. For the set of views where v is visible, we compute
the fraction in which the vertex lies inside the object mask.
Let V(v) denote the set of visible views of v. A vertex is
then assigned the binary object label if this fraction exceeds
a certain threshold τ (empirically, 0.5):

l(v) =

{
1, if 1

|V(v)|
∑

i M
o
i [πi(v)] > τ,

0, otherwise,
(3)

Finally, the mesh M is split into the human and object com-
ponents (Hm,O) according to these per-vertex labels.
SMPL Registration. To obtain semantics for the gener-
ated interaction, we register a SMPL [36] body model Hs to
our segmented human mesh Hm. Since the human mesh is
often incomplete, off-the-shelf human registration methods
do not work well for our setup, since they require complete
scans [60] or were trained on limited poses [28]. To solve
this issue, we introduce a simple yet effective approach to
obtain an aligned SMPL mesh. First, we apply Camer-
aHMR [40] to a arbitrary rendering with zero elevation to

“A young woman with a ponytail, wearing a red hoodie 
and blue jeans, lifts a green plastic stool using both 

hands.”

Ours:✓ Avg. Clip score: 0.38

Base Sana:X    Avg. Clip score: 0.43

X Incorrect 
Contact

X Malformed 
Object 

X Wrong 
Interaction

Figure 3. Analysis of the CLIP score. While our model clearly
generates images that follow input interaction descriptions more
precisely than SANA [57], the CLIP score indicates the opposite,
rendering it unusable as a metric for our task.

identify the front view of the mesh. Then, we render the
mesh from the front to get a higher quality SMPL by reap-
plying CameraHMR. The SMPL model is then scaled and
translated to match the center and scale of our mesh out-
put. Finally, scale, global translation, and rotation (7DoF)
are refined with a few rounds of Chamfer distance-based
optimization.

4. Experiment

4.1. Experimental Setup
Implementation Details. For our text-to-image pipeline,
we fine-tune the pretrained Sana model at a resolution of
1024×1024. The fine-tuning process is carried out on four
H100 GPUs over 24 hours, with each GPU handling a batch
size of 4, yielding an effective batch size of 16. All infer-
ences are performed on a single A100 GPU.
Evaluation Metrics. We evaluate model performance in
two aspects: consistency to input text prompt and qual-
ity of the generated 3D interactions. For text consistency,
we report GPT score, CLIP score, and contact accuracy.
The GPT score is defined in the same way as in InterFu-
sion [11], where GPT-4V is prompted to select the one that
is most consistent with the input text among the generations
from different methods. Each 3D generation is rendered
into 4 orthogonal views as the input to GPT-4V. CLIP score
averages CLIP similarity [43] across eight rendered views.
While we report this standard metric for completeness, we

3409



find that CLIP is poorly suited for fine-grained interaction
recognition as we show in Fig. 3. We also report contact
accuracy to evaluate if our 3D interactions faithfully fol-
low the contacts defined in input prompts. Using our SMPL
registration to the 3D interaction, we can segment out the
body parts that are mentioned in the prompt and consider it
in contact if its minimum distance to the object is smaller
than 4cm, which is the same as Section 3.1. We then cal-
culate the percentage of contacts that correctly follow the
contacts defined in prompts as the contact accuracy.

For 3D quality, we also instruct GPT-4V to select the best
one among generations from different methods. In this case,
however, we only prompt the model to consider the visual
quality alone without providing the prompt to generate the
3D. We additionally conduct user studies to evaluate the text
consistency and 3D fidelity, detailed later.
Interaction Prompts. We ask ChatGPT to generate 100
prompts describing humans and objects in various interac-
tion scenarios and use these prompts as input to produce
our 3D interactions. These prompts cover the most general
interactions and are used to report the GPT score in text
consistency, quality, CLIP score, and the user study. For
contact accuracy, we use ChatGPT to generate 60 prompts
focusing specifically on the most important body parts for
interaction: hands and feet.

4.2. Text-to-3D Interaction Generation
Our Hoi3DGen allows generation of 3D human-object in-
teraction (HOI) with contacts controlled precisely by text
descriptions. We compare our method against TREL-
LIS [56], a state of the art method for text to general 3D
object synthesis, and InterFusion [11], current state-of-the-
art method for text-to-3D textured HOI generation.

Quantitative evaluation. We report the text consistency
and 3D quality metrics in Table 1. It can be seen that our
model significantly outperforms baselines in GPT scores.
TRELLIS generates 3D interaction as a full mesh, hence
it cannot reason about the semantic contacts between hu-
man and object. InterFusion generates the interaction con-
ditioned on a SMPL mesh, yet the interaction is not aligned
with the original human mesh, hence it also cannot reason
about the contacts. Our model generates 3D interaction to-
gether with a registered human body model, and the con-
tact follows precisely the input prompts with an accuracy of
90%.

As shown in Table 1, to obtain most faithful assessments,
we also conduct a user study to assess text consistency and
3D quality on 40 randomly selected examples, 20 for each
criterion. Participants view 360° videos of TRELLIS, Inter-
Fusion, and our results in random order. Among 33 partic-
ipants, our method is preferred by 91.09% for text consis-
tency and 85.56% for 3D quality, significantly outperform-

Method Text Consistency 3D Quality
GPT ↑ CLIP ↑ Contact ↑ User ↑ GPT ↑ User ↑

TRELLIS 0.04 0.32 N/A 3.44% 0.21 10.16%
InterFusion 0.15 0.35 N/A 5.47% 0.00 3.28%
Ours 0.81 0.42 90% 91.09% 0.79 85.56%

Table 1. Quantitative comparison with text-to-3D models. We
compare our method against TRELLIS [56], a general text-to-3D
object generation model, and InterFusion [11], a text-to-3D inter-
action model. Our method outperforms all prior arts in both con-
sistency to input text and quality of the generated 3D interactions
by a very large margin.

ing other methods. We provide the details on the user study
in the Supplemental material.

Notably, InterFusion achieves better text consistency
than TRELLIS, yet its 3D quality is worse than direct
3D generation from TRELLIS. This is attributed to its re-
liance on score distillation sampling which suffers from
low-resolution results and the Janus problem. Our method
generates 3D HOI directly, while also maintaining high
quality.

Qualitative comparison. In Fig. 4, we present represen-
tative examples comparing our method with baselines. As
shown in rows 1 and 3, Interfusion suffers from Janus arti-
facts, resulting in multiple hands and missing faces. Even
when the generated results appear plausible (row 2), the
overall quality is low and the contacts are incorrect.

TRELLIS, trained natively with 3D data, generates much
higher-quality 3D results. However, it is not interaction-
aware. The model either generates partial objects (Fig. 4,
row 2) or completely omits object generation (Fig. 4, rows
1 and 3).

In contrast, after guiding Sana with our annotated high-
quality interaction data, our model is able to precisely fol-
low the text prompt and generate accurate interactions with
coherent contacts. Note also how well our model gener-
alizes to different characters, clothes, and hairstyles, while
the training data ProciGen contains only 100 human sub-
jects. This clearly shows the advantage of our high-quality
data and the great potential of existing models: interaction
capability is there, we just need to distill them from struc-
tured data.

4.3. 2D Interaction Generation
To obtain high-quality 3D generation with correct contacts,
we fine-tune a 2D image generation model on our curated
dataset. We evaluate this by comparing our model against
the pretrained baseline using the CLIP score, the GPT score
for text consistency, the GPT score for quality, and for con-
tact accuracy. CLIP and GPT scores are computed directly
on generated 2D images, while contact accuracy is mea-
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“A short man with a thick beard, dressed in overalls and a white undershirt, carries a wooden box painted light blue 
with both hands.”

InterFusionTRELLIS Ours Extracted SMPL 

“Spiderman holding a blue backpack in his left hand.”

Ours Extracted SMPL InterFusionTRELLIS

“An elderly man with glasses, wearing a tan blazer and slacks, carries a black leather briefcase-style toolbox in right hand.”

Extracted SMPL OursInterFusionTRELLIS

Figure 4. Qualitative comparison for text to 3D generation. InterFusion [11] is based on Score Distillation Sampling and hence is slow
and produces low-quality 3D due to the well-known Janus problem. TRELLIS [56] is a learning based native 3D generation method, hence
it can produce better 3D but is not interaction-aware. Our method faithfully follows the text prompts, especially the detailed body contact
specifications. Our contacts are highlighted with spheres coloured based on contacting body parts.

sured by applying our 3D interaction generation and seg-
mentation pipeline to extract 3D HOI and human registra-
tions from the generated images. As shown in Table 2, our
method substantially improves contact accuracy, reflecting
enhanced interaction awareness in the 2D generation model.
Our model also achieves significantly better GPT scores,
demonstrating more faithful adherence to input prompts.

In Contact score, our model achieves an accuracy of
90% in comparison to 45.76% of the base model. No-
tably, removing prompts involving Right Hand and Both
Feet causes the baseline score to drop to 23.07%, whereas
our method only decreases slightly to 87.5%, indicating the
base model’s bias toward a limited set of contact configura-
tions. The detailed results are provided in the Supplemental

material.
Although our model attains a slightly lower CLIP score

than the pretrained model, we attribute this to CLIP’s lim-
ited sensitivity to fine-grained physical interactions [24, 74],
as illustrated in Fig. 3. In contrast, the gains in contact ac-
curacy and text consistency reflect stronger interaction un-
derstanding beyond what CLIP can capture.

4.4. Ablation Studies
We ablate different design choices of our method.

High-Quality Interaction Data. A critical step in our
data curation pipeline is filtering undesirable data with
issues such as interpenetration, implausible actions, and

3411



Method Text Consistency Generation Quality
GPT ↑ CLIP ↑ Contact ↑ GPT ↑

SANA 0.31 0.42 45.76% 0.24
Ours 0.69 0.40 90% 0.76

Table 2. Quantitative comparison with 2D baselines. We
compare our method against pretrained text-to-2D generation
SANA [57] model. Our method achieves higher text consistency
and 3D interaction quality. The CLIP score is however not very in-
formative due to its limited sensitivity to fine-grained text [24, 74]
as we also show in Fig. 3.

mismatched action-contact pairs. We compare our model
against one trained on the entire ProciGen dataset in Tab. 3b.
While the full ProciGen dataset provides diverse interac-
tion examples, the aforementioned issues cause the model to
learn incorrect and implausible actions. Consequently, our
model trained on filtered data points achieves higher contact
accuracy and GPT scores.

Retexturing. We also observe that removing retexturing
causes a small drop in contact scores, but significantly re-
duces GPT-Score, as can be seen in Tab. 3c. This indicates
that retexturing is essential for better texture quality.

Method Text Consistency
GPT ↑ CLIP ↑ Contact accuracy ↑

a. Ours w/o data filter 0.20 0.413 0.80
b. Ours w/o retexturing 0.05 0.412 0.85
c. Ours 0.75 0.417 0.90

Table 3. Ablation studies. Our proposed data filtering improves
contact accuracy and retexturing improves consistency to text in-
put (GPT score). Combining both achieves the best result.

View conditioned sampling. To produce the final 3D
model with correct contacts, we rely on a pretrained image-
to-3D model. This image to 3D lifting is mostly accurate
when both the human and object are visible. To make the
3D generation more stable, we propose to condition the 2D
image sampling on a text that specifies which view to gen-
erate. To evaluate this, we compute the contact accuracy
of generating one, two or three views, respectively. When
more than one views are generated, the contact accuracy is
simply the maximum of the generated views. We send the
ground-truth image renderings from ProciGen and also the
images generated by our view conditioned model to Hun-
yuan3D and report the contact accuracies in Tab. 4. It can be
seen that Hunyuan3D can preserve the contacts over 79% of
the time when only one view is given. However, it faithfully
preserves the contacts with more than 94% accuracy when
we sample three times with different views. This highlights
the importance of our view conditioned sampling.

Method 3 views 2 view 1 view
ProciGen [60] images 94.7% 89.5% 79.6%
Our generated images 90.0% 86.7% 78.3%

Table 4. Contact accuracy of the lifted 3D given different number
of 2D images. Our view-conditioned sampling allows generating
three views conditioned on the view description, leading to more
stable 3D results.

Human registration. We propose a simple yet effective
pipeline to register SMPL model to the generated interac-
tion mesh. We compare this against ETCH [28], a state-of-
the-art human registration method. We compute the one-
directional Chamfer distance from the segmented human
mesh to the registered SMPL mesh, and the results are:
4.30cm (ETCH) vs. 1.60cm (ours). ETCH was trained
on scans with mainly standing poses, hence it cannot han-
dle complex poses like sitting and bending. Our method is
training-free and overall more robust to different poses.

5. Limitation and Future Work
Despite that our method can follow detailed text prompts
and generate coherent 3D interactions, one limitation that
we noticed is that while our model can reason about the con-
tacts very well, it has difficulties with following very com-
plex human pose descriptions. Notably, such human poses
can be very ambiguous when described in text. As opposed
to body part contacts, it is also difficult to obtain unique ex-
amples demonstrating characteristic poses. Therefore, fu-
ture work could introduce a dedicated model for text-to-
human-pose generation to further improve the pose aware-
ness, similar to InterFusion[11] or ChatPose[17].

6. Conclusion
In this paper, we address the challenging problem of gen-
erating 3D-human-object-interactions from detailed text
prompts by leveraging existing foundation models for cu-
rating diverse and high-quality training data, and to estab-
lish an accurate text-to-3D pipeline. We show that little
data for interaction is enough to adjust the rich representa-
tions learned in general text-to-image models, and that with
view-conditioning, the text-to-image output can be lifted to
high-quality 3D meshes with accurate contact. Our results
outperform the baselines by nearly an order of magnitude,
exhibiting strong generalization to diverse categories and
interaction types.
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