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Figure 1. We propose ViHOI, a novel plug-and-play approach that enables motion diffusion models to effectively leverage rich visual priors

from a set of 2D reference images. It utilizes reference images synthesized by a text-to-image generation model that contains rich world
knowledge during inference, enabling strong generalization to unseen objects and delivering superior results across multiple benchmarks.

Abstract sual and textual priors. Concurrently, we design a Q-
Former-based adapter that compresses the VLM’s high-

Generating realistic and physically plausible 3D Human- dimensional features into compact prior tokens, which sig-

Object Interactions (HOI) remains a key challenge in mo-
tion generation. One primary reason is that describing
these physical constraints with words alone is difficult.
To address this limitation, we propose a new paradigm:
extracting rich interaction priors from easily accessible
2D images. Specifically, we introduce VIiHOI, a novel
framework that enables diffusion-based generative mod-
els to leverage rich, task-specific priors from 2D images
to enhance generation quality. We utilize a large Vision-
Language Model (VLM) as a powerful prior-extraction en-
gine and adopt a layer-decoupled strategy to obtain vi-

*Corresponding author.

nificantly facilitates the conditional training of our diffu-
sion model. Our framework is trained on motion-rendered
images from the dataset to ensure strict semantic align-
ment between visual inputs and motion sequences. Dur-
ing inference, it leverages reference images synthesized
by a text-to-image generation model to improve general-
ization to unseen objects and interaction categories. Ex-
perimental results demonstrate that ViHOI achieves state-
of-the-art performance, outperforming existing methods
across multiple benchmarks and demonstrating superior
generalization. The code for this work will be released
at https://github.com/MPI-Lab/ViHOL
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1. Introduction

Human-Object Interaction (HOI) generation aims to synthe-
size realistic, physically plausible, and semantically con-
sistent interaction sequences between humans and objects
[4, 35]. It holds significant promise for applications in
virtual reality[14], computer animation [13, 35, 42], and
robotics [2, 49]. However, generating high-quality HOI se-
quences remains a considerable challenge. These applica-
tions demand that the generated motion not only adheres
strictly to the textual prompts but also satisfies rigorous
physical constraints [16, 17].

With the rapid development of diffusion models, there
has been an increasing effort to apply them to the HOI gen-
eration task [19, 36]. However, their performance is mainly
limited by the quality of the conditioning signals they re-
ceived [15, 28]. The HOI process involves a continuous
series of spatial state changes and must adhere to reason-
able interaction relationships between the human and the
object [10, 34, 43]. However, the text annotations in exist-
ing datasets typically provide only an abstract description of
the HOI sequence [5, 46]. Although intuitive, they lack cru-
cial geometric and spatial priors. For example, “pick up a
box” provides no specific details regarding the box’s shape,
size, or the required human pose. This forces the model
into a complex “one-to-many” learning problem, which not
only hinders the realism and controllability of the generated
motion but also weakens the model’s ability to generalize to
objects and actions outside the dataset [21, 31].

To overcome this challenge, existing works incorpo-
rate various priors into the generation process. These ap-
proaches generally fall into two paradigms: (1) semantic en-
hancement, which leverages large language models (LLMs)
to enrich the text annotations [5, 46], and (2) physical con-
straint, which introduces explicit priors based on geometry
and interaction [8, 30, 40, 47]. For semantic enhancement,
fine-grained text improves motion quality, but still lacks
structured knowledge to precisely coupling motions with
the geometry of objects, leading to suboptimal performance
on unseen objects and motions [39]. In the case of physical
constraints, some works introduce explicit contact priors,
such as affordance maps or contact points [8]. However,
these methods tend to focus on the immediate interaction
regions, neglecting the global dynamics and coherence of
the full-body motion [30]. We argue that these approaches
overlook a robust and readily accessible source of informa-
tion: 2D images. We believe that 2D images provide a rich
set of visual interaction priors, such as object shape, scale,
and human-object spatial relations. Leveraging these visual
priors may significantly enhance the fidelity and physical
plausibility of the HOI generation model.

Accordingly, we propose ViHOI, a novel framework that
enables diffusion-based generative models to leverage these
rich, task-specific priors from 2D images to enhance gen-

eration quality. Our framework consists of two core com-
ponents: VLM-based Prior Extractor and Vision-aware
HOI Generator. Specifically, we use a large VLM [1] and
design a structured prompt to explicitly guide it to focus on
key human-object interaction cues in the images, such as the
object’s shape, size, and human-object interaction pose. We
simultaneously extract both visual and textual information
from the VLM. This approach inherently ensures the se-
mantic alignment of these two distinct modalities. Further-
more, we observed that different layers of the VLM exhibit
varying levels of attention to images versus text [6, 9, 48].
Therefore, we adopt a layer-decoupled strategy to extract
the VLM’s outputs. Specifically, we extract the VLM’s in-
termediate outputs: (1) an embedding from an early, vision-
friendly layer serves as the spatial-visual prior, capturing
rich geometric detail; and (2) an embedding from a deeper,
semantic-rich layer serves as the semantic control, which is
extracted from the tokens corresponding to the text descrip-
tion within our prompt.

For the Vision-aware HOI Generator, we use a diffusion-
based motion generator that injects visual and textual priors
via self-attention. To mitigate the impact of redundant fea-
tures from the VLM’s intermediate layers, we design two
Q-Former-based prior adapters [23]. These adapters refine
high-dimensional visual and textual embeddings into struc-
tured prior tokens, making them suitable for downstream
generation tasks. Our framework employs different strate-
gies to obtain visual priors for training and inference. Dur-
ing training, we extract visual priors by rendering 2D im-
ages directly from the Ground Truth (GT) motion sequences
in our dataset. To capture the interaction’s dynamics, we
utilize the dataset’s contact labels to select three keyframes
corresponding to the start, middle, and end frames of the
contact phase. This strategy ensures strict semantic consis-
tency between the visual prior and the target motion at a
low cost. During inference, we leverage an advanced text-
to-image generation model to synthesize three sequentially
coherent and reasonable HOI images. This leverages the
rich world knowledge embedded in the image generation
model, thereby enhancing our motion generation model’s
generalization capability to unseen objects and scenarios.

Despite the inherent style gap between the clean, ren-
dered training images and the synthesized inference images,
our model maintains robust performance and strong gener-
alization during testing. This demonstrates that our VLM-
based prior extractor successfully identifies and leverages
the underlying motion-relevant features, proving the robust-
ness and effectiveness of our proposed image-as-motion-
prior paradigm.

We further showcase the versatility of our method as
a plug-and-play module, successfully boosting the perfor-
mance of various off-the-shelf HOI motion synthesis mod-
els [25, 38, 45]. Finally, our method achieves state-of-the-
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art performance in both qualitative and quantitative terms,
advancing the field of HOI motion synthesis.

2. Related Work

To compensate for the limitations of text-only conditions,
which omit key details like shape, size, and contact, a
significant body of work has sought to inject additional
prior knowledge into the generation process. These ap-
proaches generally fall into two main paradigms: (1) se-
mantic enhancement [5, 44, 46], and (2) physical con-
straints [5, 7, 8, 30, 40, 47]. The semantic enhancement ap-
proach addresses the problem within the language modality,
leveraging LLM to expand simple instructions into detailed
scripts with explicit steps and descriptions, providing more
fine-grained textual guidance for generation. However, due
to the lack of direct supervision over the spatial relationship
between the human and the object, the resulting generations
may suffer from inconsistent contact, interpenetration, and
floating objects [27, 39].

Physical constraints introduce more explicit, non-textual
priors to govern the physical interaction process. Current
methods include: (i) Contact-based methods, which typi-
cally select a fixed set of body joints and use a generative
module to predict their contact points on the object [5, 8].
The contact points often act as a guidance signal during in-
ference [8, 30]; (i1) Kinematics-based methods, which in-
tegrate physical laws into the model, such as kinematic-
chain approaches defining joint coordination or physics-
driven rules that restrict object motion [40, 45, 47]; and (iii)
Decomposition-based methods, which often use LLM plan-
ning to decompose a long motion into segments to model
human-object relative states. While effective at enforcing
specific rules, these priors are usually based on simplified
or localized representations [7, 49]. Consequently, it may
present suboptimal performance in full-body coordinated
motion and suffer from a lack of overall coherence.

Recently, an emerging line of work has explored utiliz-
ing text-to-video generation models to facilitate human mo-
tion synthesis [20, 22, 26, 29]. These approaches typically
rely on a complex “video generation and 3D pose recovery”
pipeline. However, such methods are limited by the inher-
ent inaccuracies of 2D-to-3D pose estimation. In particular,
lifting 3D poses from generated videos often leads to no-
ticeable jittering and temporal inconsistencies, while also
introducing substantial computational overhead

In this paper, we employ robust visual priors extracted
from a set of reference images to facilitate HOI motion syn-
thesis. These priors, encoded as compact tokens, implicitly
capture key interaction details. Experimental results show
that the visual priors yield more realistic generation results
and enable our model to achieve superior generalization.

3. Method

We propose VIiHOI, a novel framework that enables
diffusion-based generative models to leverage rich, task-
specific priors from 2D images to enhance generation qual-
ity. Section 3.1 details our task-aware prior extractor, which
utilizes a VLM to extract decoupled image and text pri-
ors. Section 3.2 describes the vision-aware HOI generator,
built upon a Diffusion Transformer (DiT), which effectively
fuses these priors to synthesize the final motion. Section 3.3
outlines our training and inference strategies, which use ren-
dered images from the ground-truth (GT) motion data dur-
ing training and leverage a text-to-image synthesis model at
inference. An overview of our method is described in Fig. 2.

3.1. VLM-based Prior Extractor

We use Qwen2.5-VL [1] as our prior extractor, leverag-
ing its extensive world knowledge and robust joint vision-
language understanding ability to extract visual and textual
priors. Standard vision encoders [32] typically process only
a single image at a time, thereby missing the temporal cues
that multiple images can provide. In contrast, VLM archi-
tecture supports multi-image input, allowing it to capture
temporal dynamics and interactive context—thereby sup-
plying downstream generative models with richer, more dy-
namic visual priors. Moreover, injecting both visual and
textual conditions into a generative model requires that the
two modalities be semantically aligned. In our approach,
the VLM architecture treats image patches and text tokens
as elements of a unified sequence, jointly performing atten-
tion across Transformer layers [12, 41]. This co-processing
strategy ensures that the two modalities align naturally
through the model’s hierarchical reasoning, as substantiated
by our ablation studies.

Instruction Design. In addition to human motion, images
contain substantial redundancy, such as background, object
textures, and the character’s clothing. We therefore care-
fully design a prompt to draw motion cues from the ref-
erence images. It explicitly defines the task, indicates the
key attributes to focus on (e.g., object shape and contact re-
gions), and incorporates the original text annotation from
the dataset. The designed prompt is as follows:

“We are conducting the text-to-HOI motion genera-
tion task and the given textual description is: {text}. We
want to extract motion priors from the following three refer-
ence images to facilitate the generation of Human-Object-
Interaction motion. These priors include the human pose,
the object’s shape and size, and the contact region on the
object during interaction, etc. The initial position of the
object is in front of the person.”

Here, {text} is the original text annotation for one motion
sequence in the dataset. We index the start and end tokens
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Figure 2. Overall architecture of VIHOI. We extract visual priors from a set of reference images and textual priors from the input prompt
using a VLM. This allows for natural alignment between priors of the two modalities. Subsequently, two Q-Former-based prior adapters
distill these high-dimensional priors into a single compact token, respectively, providing the diffusion model with semantically consistent
conditioning signals. At each denoising step, a selected HOI generator uses these compact visual and textual prior tokens to guide the

synthesis of realistic, semantically coherent human-object interactions.

of {text} in the prompt and extract its token embeddings
from the VLM as the text-conditioning embeddings. These
embeddings are then used together with the image priors
to modulate the generator, ensuring that the text instruction
and the image prior are aligned.

Decoupled Priors Extraction. We extract both visual and
textual priors from the VLM for motion generation. The
deeper layers of a VLM enjoy stronger text encoding capa-
bilities, while its shallower layers reserve more visual de-
tails [48]. Based on this insight, we introduce a decoupled
strategy to obtain the visual and textual priors. Specifically,
we extract visual and textual priors from different layers of
the VLM.

e Visual Prior (F,): We extract a set of visual embeddings
from the 3rd layer of the LLM in Qwen2.5-VL. These em-
beddings preserve rich geometric and spatial cues from
the reference images.

e Textual Prior (F;): We employ the embeddings of the
text tokens corresponding to {rext} from the 12th layer of
the LLM in Qwen2.5-VL. These embeddings represent
the textual description of the motion sequence.

This decoupled strategy offers the HOI generator more
informative priors for each modality. We will compare the
performance of different layer combinations in the experi-
mentation section.

3.2. Vision-aware HOI Generator

Our VLM-based prior extractor can be used as a plug-and-
play module for the diffusion-based HOI motion generators

[25, 38, 45]. The visual and textual priors are transformed
into conditional tokens that guide an iterative denoising pro-
cess for HOI motion synthesis. Specifically, we represent
an HOI motion sequence as xy € RLXD | where L is the
sequence length and D is the dimension of the pose repre-
sentation (including SMPL-X [18] parameters, object posi-
tion, and object rotation parameters). Starting with a clean
motion sequence xg sampled from the training data, we ap-
ply the diffusion process to generate a sequence of progres-
sively noisier data {z;}7_,, where T is the total number of
diffusion steps. This forward process is defined as:

N(‘Tt;\/ax())(l_dt)]:)a (1)

where a; = HE:l a;, and oy € (0,1) is a time-dependent
variance schedule parameter, A/(0,I) denotes the stan-
dard normal distribution, and I is the identity matrix. As
t increases, the distribution of z; gradually approaches
N(0,1).

The HOI motion generation model fy is trained to ap-
proximate the reverse diffusion process p(xo|c), i.e., recon-
structing x( by iteratively denoising from z given the con-
dition c. The training objective is to minimize the following
reconstruction loss:

£ =Eiay [l70 = folwnt, )] @

where ¢ contains both visual and textual conditions from
Section 3.1.

q(we|zo) =

Prior Adaptors. The visual and textual priors extracted
from the VLM’s intermediate layers are high-dimensional,
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length-variable token sequences. Therefore, it is challeng-
ing to use them directly as conditions for the motion diffu-
sion model. To address this problem, we design Q-Former-
based prior adaptors to distill these rich priors into compact,
fixed-dimensional representations.

Taking E, € RE*4 as an example, where L,, denotes
the number of visual tokens, and d presents the token em-
bedding dimension. We first map these token embeddings
to the same dimension as the motion tokens in the selected
HOI generator:

Z,, = LayerNorm(Linear(E,)). 3)

Next, we perform cross-attention between a learnable query
qv and Z,,, where Z,, serves as both the key and value:

¢y = CrossAttention(qy, Zy, Zy). )

The Q-Former contains two successive cross-attention lay-
ers. Finally, we obtain c,, which provides visual priors on
interaction from the VLM. Similarly, we obtain a compact
textual prior ¢; from E} using another Q-Former with the
same structure. Therefore, ¢ = {¢,, ¢;} in Eq. 2.

During training, we freeze the VLM’s parameters and
jointly train both prior adaptors and the HOI Generator. On
the one hand, this strategy preserves the rich world knowl-
edge contained in the VLM. On the other hand, it compels
the prior adaptors to extract the most relevant information
from the VLM for HOI synthesis.

3.3. Reference Image Generation

Training Stage. As illustrated in Fig. 3 (a), we render the
ground-truth motion sequences of one dataset to obtain 2D
reference images [33]. Moreover, we use the contact labels
in the training data to select three reference images corre-
sponding to the start, middle, and end frames of the inter-
action process. This method excels at capturing the interac-
tion’s critical temporal dynamics. More importantly, it en-
forces strict semantic alignment between the 2D visual con-
dition and the 3D motion sequence, thereby circumventing
an extra costly process of curating large-scale image-motion
paired data.

Inference Stage. As illustrated in Fig. 3 (b), we use an
advanced text-to-image generation model named Nano Ba-
nana [37] to synthesize three reference images. We pro-
vide “Nano Banana” with a rendered image depicting both
the human and the object in a static pose. This enables the
model to accurately perceive the object’s geometry and the
relative scale between the human and the object. Moreover,
we design the following prompt that guides Nano Banana to
generate three temporally coherent and semantically correct
reference images:

“{text}. Please first divide the above-described inter-
action process into three stages, and ensure that there is

contact between the character and the object in each stage.
Then, synthesize one image for each of the three stages. You
should ensure each image contains only one character and
one object, and that the object’s shape and size match those
in the provided image. Moreover, both the background and
the character should be realistic and consistent across the
three generated images.”

Similarly, {text} denotes the original text annotation for
the motion sequence in the dataset. During training, our
model captures the correspondence between the set of 2D
reference images and the 3D HOI motion. In the inference
stage, it leverages the set of reference images synthesized
by the text-to-image generation model to achieve precise
motion control. Since the text-to-image generation model
contains rich world knowledge, our model’s generalization
ability can be significantly enhanced.

Training Dataset Reference Images
GT Sequences  Contact Labels Start Middle End

L Render N 2
dbe (T2 a2

(a) Training Stage

Evaluation Dataset Reference Images

Rendered Image Prompt Start Middle End
‘(text). Please first Text-to-Image Py
f divide the above- | I ), Wi
¥ described interaction K 4.
process into three
= stages, ..." -

(b) Inference Stage

Figure 3. Illustration of strategies to obtain the set of reference
images during the training and inference phases, respectively.

4. Experiment

4.1. Datasets and Settings

Datasets. We conduct experiments on two public 3D HOI
motion datasets: FullBodyManipulation [24] and BEHAVE
[3]. The first dataset comprises 10 hours of HOI motion se-
quences. It covers 17 subjects and 15 objects. We follow the
approach described in CHOIS [25] to split the training and
test data. Specifically, we use the data from 15 subjects as
the training set and the remaining 2 subjects as the test set.
The second dataset includes 1,451 HOI sequences, involv-
ing 8 subjects and 20 objects. We use the text annotations
provided by HOI-Diff [30] for each HOI sequence. We also
strictly adhere to the official train-test split protocol [3].

Evaluation Metrics. Following existing works [25, 38],
we adopt the following evaluation metrics. For geometric
accuracy, we measure pose fidelity using MPJPE (mean per-
joint position error). It represents the mean Euclidean dis-
tance (in centimeters, cm) from the ground truth. To eval-
uate interaction quality, we assess the fidelity of the con-
tact using Contact Precision (Cpy.), Recall (Cy.), Contact
Percentage (Cy) and the F1 score (Cr1). For motion plau-
sibility, we compute the Foot Sliding (FS) metric to quan-
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R-precision?

FID| Diversityl FS| Cprect Crect Cr T

Ct% Phanal MPIPE]

Method Top-1 Top-2 Top-3

MDM [38] 0.31 0.53 0.66 1.56 11.15 036 0.69 051 054 046 057 23.11
ROG [45] 033 054 0.68 1.54 1144 041 0.69 057 057 051 057 22.59
CHOIS [25] 0.37 059 0.73 0.77 11.03 036 080 0.68 0.70 0.61 0.60 15.43
SemGeoMo [5] 0.36 0.62 0.76 0.79 1035 036 082 0.74 0.75 0.66 0.59 16.34
MDM+ViHOI 036 0.61 0.75 1.18 1097 032 067 055 057 050 0.57 23.12
ROG+ViHOI 039 0.64 0.77 0.68 1217 036 070 0.64 0.64 0.58 0.56 22.61
CHOIS+ViHOI 0.41 0.65 0.79 0.68 11.57 026 083 075 0.75 0.64 058 14.97

Table 1. Quantitative comparisons on the FullBodyManipulation dataset [24]. We apply ViHOI as a plug-and-play module to three state-
of-the-art HOI motion generation methods, demonstrating its effectiveness and flexibility.

tify undesirable foot movement and the penetration score
(Prhand) to measure mesh interpenetration, both as defined
in [25]. Moreover, we use the Fréchet Inception Distance
(FID) to measure the distance between the generated and
ground-truth motion distributions in the latent space. We
also employ the R-score to evaluate the semantic alignment
between the synthesized motion and the input text condi-
tion. Finally, we measure Diversity to assess the genera-
tional variety of our approach.

Baselines. We adopt the following state-of-the-art, open-
source models as baselines: MDM [38], CHOIS [25], ROG
[45], and SemGeoMo [5]. We have two purposes. First,
we showcase the versatility of our method as a plug-and-
play module for these baselines. Second, we compare the
performance of the different priors used in our work with
that of the baselines. MDM is a widely used general text-
to-motion generation model. We extend it by increasing
its input and output dimensions to predict the object’s full
6D pose, thereby enabling HOI synthesis. CHOIS utilizes
sparse object waypoints as a global path prior for HOI gen-
eration. ROG enriches the object’s geometric representation
by sampling key points on its surface and jointly modeling
the interactive distance field with human joints. SemGeoMo
employs a dual prior enhancement strategy. It provides a
semantic prior through fine-grained textual annotation gen-
erated by an LLM and a geometric prior via an affordance
map and joint positions.

4.2. Quantitative and Qualitative Results

Results on FullBodyManipulation. Tab. | presents
our quantitative results on the FullBodyManipulation
dataset [24]. We equip three baselines with our approach
to explore visual and textual priors. ViHOI consistently im-
proves the performance of baseline models across the vast
majority of metrics. In particular, although ViHOI does not
adopt the CLIP [32] text encoder, it still achieves high R-
Precision in text matching. This demonstrates that our vi-
sual and textual priors carry rich semantic cues and strong
semantic controllability. These results underscore ViHOI’s

versatility and ease of adaptation across existing HOI mo-
tion generation models.

SemGeoMo [5] introduces finer-grained text annotation
and an affordance map as semantic and geometric priors.
Although it performs well at modeling contacts, it still lags
behind our method in FS and MPJPE. In contrast, our ap-
proach achieves superior results in both contact quality and
joint accuracy, demonstrating that incorporating visual pri-
ors effectively balances local contact precision with global
interaction realism.

In Fig. 4, we present qualitative results by different mod-
els. Both ROG and MDM exhibit obvious object floating
and drifting artifacts, which significantly degrade the real-
ism of the interaction, while CHOIS suffers from severe
penetration issues. In contrast, our model generates inter-
actions that are more coherent with the textual descriptions
and better aligned with real-world physical plausibility.

Results on BEHAVE. We further conduct experiments on
the BEHAVE dataset [3]. Since BEHAVE lacks ground-
truth contact labels, we exclude contact-related accuracy
metrics from our evaluation metrics for this benchmark. As
shown in Tab. 3, ViHOI achieves strong performance on the
BEHAVE dataset. Although MDM achieves higher scores
on the diversity metric, its performance on other interaction-
related metrics, such as FID and R-Precision, is noticeably
inferior. We attribute this higher diversity score to its unsta-
ble generation behavior, in which the generated motions of-
ten fail to align with specific textual constraints. In contrast,
our method strikes a better balance, producing interactions
that are not only diverse but also consistently high-quality
and semantically relevant.

Results on Unseen Objects. Following the data split strat-
egy of [27], we divide the FullBodyManipulation dataset by
object category, ensuring that the test set contains unseen
objects. This setup enables a fair evaluation of generaliza-
tion to novel objects. As shown in Tab. 2, ViHOI exhibits no
significant performance degradation when generating inter-
actions with unseen objects. Moreover, it consistently and
significantly outperforms other models in this setting. This
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Figure 4. Qualitative comparisons on the FullBodyManipulation dataset [24]. Compared to state-of-the-art methods, our approach gener-

ates more realistic and physically plausible human-object interactions.

R-precisiont

FID| Diversityt FS| Cprect Crect Cr T

Cy% Phanal MPJPE|

Method Top-1 Top-2 Top-3

MDM [38] 026 043 057 7.38 9.73 036 0.64 052 063 047 0.31 21.58
ROG [45] 0.18 0.38 0.54 8.08 9.22 033 0.68 048 060 048 0.35 19.71
CHOIS [25] 035 0.51 0.68 4.99 9.11 040 083 071 074 065 0.27 15.42
CHOIS+ViHOI 0.33 0.57 0.73  2.02 9.49 024 086 079 0.80 0.71 0.19 14.58

Table 2. Quantitative comparisons on the unseen objects of the FullBodyManipulation dataset [24]. We follow the data split strategy of
[27] and divide the dataset’s objects by category, ensuring that the test set contains unseen objects.

R-precision
Top-1 Top-2 Top-3

MDM [38] 0.18 035 044 852 1031 036 2249
ROG [45] 0.17 033 0.49 6.16 9.62 031 19.79
CHOIS [25] 0.23 0.38 048 4.26 851 029 1851

CHOIS+ViHOI 0.23 041 051 390 994 0.26 17.09

Method FID| DiversityT FS| MPJPE|

Table 3. Quantitative comparisons on the BEHAVE dataset [3].

result demonstrates the robust generalization capability of
our method.

To further assess ViHOI’s generalization ability, we
also conduct experiments on the 3D-FUTURE dataset [11].
Since this dataset contains only object meshes, we fol-
low the approach of [25] and replace the objects in the
ground-truth (GT) sequences with 3D-Furniture. As illus-
trated in Fig. 5, our method continues to produce plausible

and coherent motions. Experiments on both datasets con-
firm that leveraging reference images generated by a text-
to-image model enhances the generalization of HOI motion
generation models.

4.3. Ablation Studies

To assess the contribution of each component within Vi-
HOI, we conduct a series of ablation studies to evaluate their
individual impacts. We systematically dissect our frame-
work to isolate the contributions of our two core innova-
tions: (1) leveraging the Q-Former to compress the dense,
high-dimensional VLM priors, and (2) extracting textual
priors from the VLM. For the first setting, we apply average
pooling directly to the VLM’s visual and textual embed-
dings, respectively, and then project the resulting vectors
through a simple MLP to align with the feature dimension
of the motion generator. For the second setting, we adopt
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Method R-precisiont FID| Diversity!
Top-1 Top-2 Top-3

FS\L CprecT CrecT CFlT C% Phand\lr MPJPEl«

ViHOI-Pool 0.15 0.24 0.32 26.03 7.63
ViHOI-CLIP 035 0.60 0.75 0.69 10.33

023 051 037 040 035 0.68 22.62
030 0.80 069 071 060 0.60 17.57

ViHOI 041 065 0.79 0.68 11.57

026 083 075 075 0.64 0.58 14.97

Table 4. Ablation study on the FullBodyManipulation dataset [24]. We adopt CHOIS [25] as the HOI motion generator in this experiment.

Method R-scoret FID] Cprect Cy Phandl MPIPE]
V3-T24 0.67 235 0.81 0.67 0.56 18.05
V3-T36 0.71 1.19 0.80 0.61 0.57 17.30
V12-T12 0.75 087 0.81 0.62 0.59 15.90
V12-T36 0.67 231 080 0.66 0.62 17.97
V24-T24 0.61 3.15 0.81 0.64 0.54 16.94
V36-T36 0.74 1.08 0.80 0.63 0.58 16.65
T12-only 0.72 1.28 0.81 0.62 0.59 17.49

Ours(V3-T12) 0.79 0.68 0.83 0.64 0.58 14.97

Table 5. Ablation study on the FullBodyManipulation dataset [24].
We compare different layer combinations to extract E, and F.
Vn-Tn indicates the LLM layer indices for the visual and textual
modalities, respectively.

(a) CHOIS (b) Ours (ViHOI)

witid

Push the largebox, and set it back down.

‘?,'? r R .ﬁ . ¢

Lift the smallbox, move the smallbox, and put down the smallbox.

Figure 5. Qualitative comparisons on the 3D-Future dataset [11].
Our approach generates more realistic human-object interactions
on unseen objects.

CLIP [32] as the text encoder, and combine the text tokens
produced by CLIP with the visual priors extracted from the
VLM as conditioning inputs.

As shown in Tab. 4, when the VLM embeddings are di-
rectly averaged through simple pooling, the overall model
performance drops sharply. This pronounced decline under-
scores the necessity of the Q-Former-based prior adaptor,
which effectively extracts and structures interaction cues
from the VLM’s intermediate representations. Compared
with CLIP-based text encoding, our method achieves su-
perior performance across both text-matching accuracy and
interaction quality. This demonstrates the effectiveness of

extracting textual instructions directly from the LLM com-
ponent of a VLM, enabling richer semantic understanding
and more precise motion control.

Moreover, we compare different LLM layer combina-
tions to extract E, and E; from VLM as conditioning sig-
nals. As shown in Tab. 5, the combination of the 3rd layer
for visual and the 12th layer for textual yields the best per-
formance. Moreover, it significantly outperforms the vari-
ant that uses the textual priors alone, i.e., “T12-only’ in
Tab. 5. These results highlight the effectiveness of our de-
coupled prior-extraction strategy for leveraging visual and
textual conditions.

5. Conclusion and Limitations

In this work, we propose ViHOI, a novel plug-and-play
framework that enables HOI motion diffusion models to
leverage rich visual priors from 2D images effectively. Our
approach employs a large VLM as a prior-extraction en-
gine and adopts a layer-decoupled strategy to obtain com-
plementary visual and textual priors. Q-Former-based prior
adaptors then distill these high-dimensional representations
into compact tokens, providing semantically consistent con-
ditioning signals for the diffusion model. Trained on
motion-rendered images from the dataset, ViHOI utilizes
reference images synthesized by a text-to-image generation
model during inference, enabling strong generalization to
unseen objects and delivering superior results across multi-
ple benchmarks. One limitation of our current work is the
lack of fine-grained hand annotations in the datasets used
by our method, which prevents the model from accurately
generating detailed finger-motion sequences.

Broader Impacts. The synthesis of realistic and controlled
HOI sequences holds significant potential to advance appli-
cations in virtual reality, robotics, and digital entertainment.
To the best of our current knowledge, this research does not
present any obvious negative social impacts.
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