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(a) Sample videos with Human-Object Interactions (HOI)
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(b) Zero-shot generation of interactions by our HOI-Agent

Figure 1. Learning from online videos enables generation of complex human motions. (a) Our InterPose dataset is obtained from videos
with varying scenes and activities as well as diverse human-object interactions. (b) Our HOI-Agent deploys InterPose for training and enables
zero-shot generation of collision-free navigation, human-object interactions and multi-person collaboration in 3D scenes.

Abstract

Human motion generation has shown great advances pow-
ered by recent diffusion models and large-scale motion capture
data. Most of existing works, however; currently target anima-
tion of isolated people in empty scenes. Meanwhile, synthesizing
realistic human—object interactions in complex 3D scenes re-
mains a critical challenge in computer graphics and roboftics.
One obstacle towards generating versatile high-fidelity human-
object interactions is the lack of large-scale datasets with diverse
object manipulations. Indeed, existing motion capture data is
typically restricted to single people and manipulations of limited
sets of objects. To address this issue, we propose an automatic
motion extraction pipeline and use it to collect interaction-rich
human motions. Our new dataset InterPose contains 73.8K se-
quences of 3D human motions and corresponding text captions
automatically obtained from 45.8K videos with human-object in-
teractions. We perform extensive experiments and demonstrate
InterPose to bring significant improvements to state-of-the-art
methods for human motion generation. Moreover, using In-
terPose we develop an LLM-based agent enabling zero-shot
animation of people interacting with diverse objects and scenes.

1. Introduction

Realistic animation of people in complex 3D environments
remains a major challenge in gaming, robotics, virtual reality,
and embodied Al While games become more realistic,
animation of interactions among characters and of object
manipulations remains limited. In robotics, the deployment
of complex manipulation skills is rare and often involves
manual teleoperation. This motivates the growing interest in
automatic generation of realistic interactions aiming to simulate
continuous human behavior in 3D scenes.

Large-scale human motion datasets [15, 27, 35] have
substantially advanced motion generation conditioned on past
trajectories [61, 64], action categories [14, 41] and textual
descriptions [15, 16, 42, 49, 62]. In contrast, Human—Object
Interaction (HOI) [12, 25, 26, 37, 40], which requires generating
coherent human—object motion with physically plausible
contacts, remains a more challenging and insufficiently explored
problem. Early efforts such as GOAL [47] and SAGA [52]
primarily address small-object grasping, whereas subsequent
methods [11, 25, 40, 55] extend to interactions with larger ob-
jects. However, these approaches typically depend on the paired
human—object training data, exhibit limited generalization,
and are often tailored for specific interaction scenarios. This
limitation stems from the current HOI datasets [5, 26, 34, 46],
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Dataset Clip Frames AvgFrames Avg Duration (s) Hour

HD-VILA-100M [60] 10,042 1.6M 168.15 572 1596
Kinetics-700 [7] 39,464 7.5M 190.21 640  70.20
Charades [45] 6,974 2.IM 304.24 11.53 2234
Online videos 17,334 44M 255.59 836 4024
Total 73814  15M 213.34 725 148.74

Table 1. Breakdown of InterPose video sources. InterPose is
obtained from online videos and three existing video datasets.

Scale Modalit Scene
Dataset ‘ Year | Source Clip Hour | Motion  Text %meraclion Indoor  Outdoor
AMASS [35] 2019 C 11,265 40| BH X X v X
HumanML3D [15] | 2022 C 14,616  28.6 B v X v X
Motion-X [27] 2023 cVv 81,084 1442 BH v X 4 v
GRAB [46] 2020 C 1,334 38 B.H X v v X
BEHAVE [5] 2022 C 321 4.1 B X v v X
OMOMO [26] 2023 C - 10.1 B v v v X
TRUMANS [19] 2024 C 15.0 BH X v v X
LINGO [18] 2024 C - 16.0 BH v v v X
HIMO [34] 2024 C 3,376 94 | BH v v v X
InterAct-X [57] 2025 C 16,201 30.7 BH v v v X
ParaHome [21] 2025 C 207 8.1 BH v v v X
HUMOTO [31] 2025 C 735 22 BH v v v X
InterPose [ 2025 | Vv |73814 1487 | BH v v | v v

Table 2. Comparison with existing human motion datasets. Letters
C and V mean the data is obtained from motion capture and videos,
respectively. B and H present body and hand motion, respectively.
Note that, although InterAct-X merges and augments many existing
HOI datasets, InterPose provides the largest-scale interaction data.

which remain constrained in both scale and diversity, covering
only a narrow spectrum of interaction types.

To address these challenges, in this work we develop a
pipeline for automatic collection of large-scale and diverse
human motion data from videos. We build on advances in
3D human pose estimation [44] and vision—language models
(VLMs) [4] and extract interaction-rich 3D human motions
representing a large variety of daily living activities and sports.
Using this pipeline, we introduce InterPose, a large-scale
dataset of human motions and corresponding text descriptions,
focused on diverse interactions obtained from YouTube videos
and open-source video datasets (cf. Table 1). As shown in
Table 2, InterPose is the largest interaction-focused public
dataset with human motions. As opposed to motion capture
datasets taken in controlled settings, InterPose also maximizes
diversity due to “’in the whild” nature of source videos. We
use our dataset to train human animation models Masked-
Mimic [48] and OmniControl [54], and demonstrate significant
improvements in human motion brought by InterPose.

We leverage the scale and the rich diversity of InterPose
and demonstrate zero-shot HOI generation using Masked-
Mimic [48]. Experiments on standard HOI benchmarks,
including OMOMO [26] and BEHAVE [5], demonstrate that
our zero-shot approach obtains excellent results and outperforms
other in-domain trained methods such as CHOIS [25]. The ben-
efit of InterPose is particularly prominent for the BEHAVE [5]
benchmark, where all models are assessed in zero-shot settings.
These results demonstrate that using InterPose improves gener-
alization and enables zero-shot HOI generation for new objects.

To extend interaction generation to 3D environments,
we further introduce HOI-Agent, a zero-shot LLM-based
framework. HOI-Agent integrates a high-level LLM planner
with a low-level motion generator (i.e., MaskedMimic [48]).
The planner produces detailed execution steps, collision-free
waypoints, and executable Python code for downstream control,

while the InterPose-powered motion generator synthesizes
human—object interactions in a zero-shot manner. As illustrated
in Figure 1, HOI-Agent can handle a broad range of interactions.

In summary, our contributions are threefold:

* We develop an automatic pipeline for data collection
and introduce InterPose, a large-scale 3D human motion
dataset with diverse interactive activities, facilitating
generation of human-object interactions.

* We use InterPose to train state-of-the-art spatial control
methods and demonstrate substantial performance
improvements enabled by our dataset.

* We present HOI-Agent, a unified zero-shot framework
that integrates our motion model to perform diverse
manipulation tasks and generalizes to novel scenarios.

2. Related work

We briefly review relevant works on controllable motion
generation, 3D HOI datasets, as well as HOI generation.

Controllable human motion generation. Human motion gen-
eration has been explored under various conditions, including ac-
tion classes [ 14, 41], textual descriptions [16, 42, 49, 62], speech
audio [24, 66], music [22, 50], scene characteristics [51, 65] and
objects [25, 26]. Recent approaches further focus on controllable
motion generation methods with text descriptions, including
temporal or spatial composition [2, 3, 43], style control [9, 17]
and spatial guidance [10, 20, 48, 54]. To achieve zero-shot
object interaction, we sample the contact points and then control
the person’s hands to move with the object. To this end, the
spatial controllability is essential in our zero-shot framework.
Spatial control models such as OmniControl [54] and
MaskedMimic [48] are all trained with human-only datasets [15,
35], whose data mainly contains locomotion and limited inter-
actions. Such models, hence, exhibit difficulties in generating
human-object interactions (HOI). To enable HOI generation,
we retrain [48, 54] using InterPose and show improvements.

Human-object interaction generation. With the emergence
of full-body motion datasets together with hand-object interac-
tions [46], models have been developed to synthesize full-body
motions leading up to object grasping [47, 52]. Subsequent
works [6, 13, 19] have expanded this task to human-object in-
teraction for more complex object manipulations. With more
recent datasets [5, 26], several works further explore interaction
with larger objects [11, 25, 40, 55]. Specifically, CHOIS [25]
generates human-object interactions conditioned on sparse 2D
object waypoints while HOIFHLI [53] further integrates an
LLM-based agent to enable the interaction ability in 3D scenes.
Previous kinematic-based methods may generate implausible
motions such as sliding, floating and penetration. To solve
these problems, physics-based methods have recently been ex-
plored [6, 12, 33, 37, 58]. InterMiMic [58] focuses on im-
itating the motion capture data in a physics simulator while
correcting contact artifacts. Prior works highly rely on paired
human and object data, and the performance is thus limited by
the dataset scale. Zero-shot HOI methods have recently been
explored [23, 30, 56]. Specifically, ZeroHSI [23] and Zero-
HOI [30] both leverage a video generation model to first gener-
ate human-object videos and then extract the human and object
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Figure 2. Overview of data collection for the InterPose dataset. Our framework contains a module for collecting interaction-rich videos (left)
and a module for automatic extraction of 3D human motions and corresponding text captions (right).

Action: Stack Object: Box
Text: The person lifts a box and places it on top of a
stack of cardboard boxes. The person then adjusts the
box to ensure it is securely positioned.

Action: Hit Object: Racket

tucking the elbow inward and pushing outward.

Text: The person stands in a ready position, holding a
table tennis paddle. The person move the arm forward,

Action: Open Object: Box

Text: The person stands next to a motorcycle, opening a'
small storage compartment on the rear of motorcycle.
The person retrieve an object, and inspect it briefly.

‘ Action: Serve Object: Racket
Text: The person stands on a tennis court, holding a
tennis racket in the right hand and a tennis ball in the
left hand. The person raise both arms, extending the
racket above the head and the ball to the side.

Figure 3. Examples from InterPose. Our 3D human motion data originates from diverse interaction scenarios including working actions, sports
activities, indoor and outdoor scenes. All motion sequences are annotated with action, object label and a detailed textual description.

motion through estimation and optimization. Despite the high in-
teraction quality, the full process is time-consuming, which takes
several hours to obtain one sequence. Concurrent work such as
HOIGen [28] explores HOI video collection in the context of
video generation, whereas our focus is on the 3D generation.

Due to data scarcity, existing research mainly focuses on
certain types of interaction, and can hardly generalize to daily
scenarios. Based on InterPose, we enable MaskedMimic [48]
zero-shot HOI ability across various objects. Moreover, we
explore an LLM agent framework to perform various HOI tasks
such as navigation in 3D scenes and multi-person collaboration
in zero-shot manner.

Human-object interaction datasets. The field of human mo-
tion generation has advanced rapidly with the availability of
large motion capture datasets. AMASS [35] provides a compre-
hensive corpus of 3D human motion that has substantially facili-
tated motion modeling. Motion-X [27] extends this line of work
by aggregating multiple existing datasets and extracting motion
parameters from videos to form an even larger human-only col-
lection. However, current large-scale datasets mainly include
isolated human motions such as walking and sports activities,
and contain only a limited set of sequences with interactions.
While there exist human-object datasets with static scene
objects [36, 51, 63], we focus on HOI datasets with dynamic
object manipulation. GRAB [46] proposes a dynamic HOI
dataset where the interaction is mainly focused on small objects.
More recent datasets [5, 26] have introduced human motion
involving manipulation of a wider range of object sizes. Prior
datasets focus only on single object interaction, to address this,
HIMO [34] is proposed specifically for multi-object interaction.
Due to the difficulty of collecting large-scale human-object
motion, the existing HOI datasets are small-scale. Although
InterAct-X [57] merges and augments previous HOI datasets,
the total duration (31 hours) is still lower than AMASS [35]
(40 hours). The lack of large and diverse datasets hinders the
progress of realistic interaction synthesis. In contrast, as shown

in Table 2, our proposed dataset, InterPose, contains large-scale
interactive actions for both indoor and outdoor scenes, spanning
149 hours. We will make InterPose and derived models publicly
available to foster progress in HOI generation.

3. Automatic dataset construction

In this paper, we propose a large-scale human motion
dataset, InterPose, which mainly focuses on interactions. As
illustrated in Figure 2, the motion data collection pipeline is
composed of 7 main components: 1) designing keywords
to query human-object interaction videos from the web;
2) checking video metadata such as thumnail and tags with
a VLM before downloading; 3) pre-processing such as shot
splitting 4) pre-filtering videos without full-body humans
or without interactions; 5) whole-body 3D pose estimation;
6) post-processing through smoothing and filtering floating
or static humans data; 7) textual annotation through a VLM.
In Section 3.1, we present details on the collection of videos
with interaction-rich human motion. Automatic human motion
estimation and captioning steps are described in Section 3.2.

3.1. Video collection

As detailed in Table 1, we construct InterPose by processing
14K raw videos from the indoor action video dataset Cha-
rades [45], 51K from the human action recognition dataset
Kinetics-700 [7], and 61K from the high-resolution general
video dataset HD-VILA-100M [60], yielding 56K motion
sequences after filtering and extraction. To further enrich data
diversity, we additionally collect 29K online videos and extract
17K motion clips from YouTube. The pipeline for existing
datasets is identical to that for online videos, except that the
query step is omitted. Details of the online video collection are
provided in the following paragraphs.

Interaction-relevant query design. Manually searching for
HOI videos is both time-consuming and labor-intensive. To



Control joints | Training dataset AMASS [35] OMOMO [26] BEHAVE[’]
Succ0.51 Succ0.21 MPIPE| | Succ0.517 Succ0.21 MPIPE] | Succ0.57 Succ027 MPIPE |

AMASS [35] 0.9657 0.8673 46.1 0.9834 0.9087 49.0 0.9932 0.9444 49.9
Pelvis OMOMO [26] 0.8146 0.5748 150.4 0.9585 0.7759 70.0 0.9824 0.8035 74.8
’ InterPose 0.9228 0.8021 97.6 0.9979 0.9191 59.0 0.9892 0.9593 55.0
InterPose + AMASS [35] 0.9636 0.9135 55.4 0.9979 0.9855 41.2 0.9959 0.9905 371
AMASS [35] 0.9451 0.7841 72.7 0.8382 0.5290 1339 0.9837 0.7724 89.8
Hands OMOMO [26] 0.7145 0.2757 207.5 0.9170 0.6017 116.5 0.9688 0.6125 121.8
) InterPose 0.8831 0.8010 131.1 0.9191 0.8071 79.2 0.9919 0.9607 65.6
InterPose + AMASS [35] 0.9521 0.8717 71.5 0.9751 0.9004 60.9 0.9973 0.9837 52.5

Table 3. Evaluation of human motion controllability using physics-based MaskedMimic [48] generator. We train MaskedMimic [48] with
different datasets and then evaluate all the models with different control settings on the human-only dataset AMASS [35], and object interaction
datasets (OMOMO [26] and BEHAVE [5]). The best results are in bold, and the second best results are underlined.

Control joints | Training dataset

HumanML3D [15]
FS| Trajerr 0.5 Trajerr 0.2 MPJPE |

FS| Trajerr 0.5 Trajerr 0.2 | MPJPE |

OMOMO [26]

BEHAVE]5]
FS| Trajerr 0.5 Trajerr 0.2 MPJPE |

HumanML3D [15] 0.0585  0.0957 0.3467 0.0708 |0.0945  0.0604 0.5208 0.0836 |0.0497  0.0179 0.3259 0.0668

Pelvis OMOMO [26] 0.0830 03125 0.5283 0.1786 | 0.1175 0.0646 04375 0.0719 |0.0334  0.0045 0.2277 0.0492
) InterPose 0.0539  0.0957 0.3066 0.0708 [0.0779  0.0208 0.2292 0.0515 |0.0320 0 0.0982 0.0342
InterPose + HumanML3D [15]| 0.0656  0.0508 0.2207  0.0489 | 0.1185  0.0042 0.1167  0.0327 | 0.0488 0 0.0402  0.0232
HumanML3D [15] 0.0681 0.1377 0.5645 0.0849 |0.0960  0.2313 0.8646 0.1275 | 0.0878  0.0670 0.6741 0.0911

Hands OMOMO [26] 0.1066 04736 0.8936 0.2016 |0.1408  0.1187 0.8771 0.1410 | 0.0768  0.1696 0.7232 0.1223
InterPose 0.0436  0.1699 0.6123 0.0950 |0.0596  0.0979 0.6312 0.0059 |0.0275  0.0580 0.3839 0.0591

InterPose + HumanML3D [15]| 0.0524  0.0605 0.3320 0.0555 | 0.0741  0.0354 0.3396 0.0461 | 0.0639  0.0045 0.2098  0.0320

Table 4. Evaluation of human motion controllability using diffusion-based OmniControl [54] generator. Similar to Table 3, we train
OmniControl [54] with different datasets and then evaluate on HumanML3D [15], OMOMO [26] and BEHAVE [5].

address this issue, we leverage a large language model (LLM)
to automatically generate a comprehensive set of human
interaction queries, enabling systematic coverage of diverse
interaction types. Specifically, we ask LLM to give all the
queries which may possibly contain full-body and interaction
videos such as tennis training, fencing and watering flowers.
Besides, LLM also provides a variety of queries for similar
topics, e.g., for tennis, LLM generates queries such as tennis
training, tennis tutorial, tennis match and tennis serve. These
queries are integrated into our fully-automated pipeline for
searching and downloading online videos. As shown in
Figure 3, the collected videos cover diverse indoor and outdoor
scenarios, daily object manipulation actions and sports. More
examples can be found in the supplementary material.

Metadata check. Building upon the query design stage, we
incorporate an early-stage filtering mechanism to avoid unneces-
sary downloads. Specifically, we employ Qwen2.5-VL-7B [4]
to analyze available metadata, including titles, categories,
thumbnails, and ASR-derived speech transcripts, before
downloading. Qwen2.5-VL is prompted to verify whether each
candidate video predominantly features a full-body human
and whether it likely involves interaction with objects or other
individuals. This pre-selection significantly reduces the number
of irrelevant videos.

Shot detection. Given the downloaded candidate videos, we
apply PySceneDetect [8] to segment videos into coherent
temporal clips. When splitting, the frames per second (FPS)
of all segments are processed to 30 which is the most common
FPS for training motion models. Short segments (i.e., <2 sec.)
and low resolution (<360p.) videos are discarded in this step
to maintain motion quality. Besides, long videos are also split
into multiple clips of no more than 30 seconds, facilitating later
processing and annotation while preserving motion diversity.

Full-body and interaction verification. As metadata-based
filtering cannot guarantee accuracy, we perform a finer-grained
validation on each retained segment. We use a pretrained 2D
keypoint detector MediaPipe [32] to infer the keypoints of the
most clearly visible human. We then filter the videos where
humans are mostly occluded with average confidence less than
0.5 for key joints or the ratio of full-body frames lower than a
predefined threshold. In addition, we prompt Qwen2.5-VL [4]
again for all remaining video segments to further confirm that
the human consistently engages in physical interactions with
objects or other people across most frames. This two-step
verification removes residual false positives and ensures the
collected clips provide clear, high-quality interaction content.

3.2. 3D motion and annotation extraction

Pose estimation. Our objective is to extract plausible body
pose parameters (i.e., SMPL-X [38]) with both body and hand
motions, and to obtain a text description for each interaction.
In terms of body pose, we leverage WHAM [44] to jointly
estimate the local human pose and the global transformations
in world coordinates. As WHAM only estimates SMPL [29]
parameters, we further apply HaMeR [39] to extract the detailed
finger motion. To enhance the consistency between body and
hands predictions, we input the same ViTPose++ [59] 2D pose
predictions for WHAM [44] and HaMeR [39] pipelines. An
additional optimization is applied to merge body and hand
parameters to avoid twisted wrists. Note that we extract only
the human motion, and not the object, mainly due to the limited
performance of current 3D object reconstruction methods. We
show that this is already a crucial step for obtaining large-scale
human motion data with interaction priors. Future work can
revisit complementing the data with object motion.

Post-filtering and motion smoothing. Human bounding boxes



Control ioints | Filterin HumanML3D [15] OMOMO [26] BEHAVE[5]
ontrot jomnts CMNE | FS|  Trajerr05) Trajer02) MPIPE] | FS| Trajerr05) Trajerr02) MPIPE] | FS| Trajerr05) Trajerr02] MPIPE|
Pelvis X 0.0713 0.0527 0.2441 00522 | 0.1215 0 0.1208 00346 | 0.0622 0 0.0622 0.0268
: v 0.0656  0.0508 0.2207 0.0489 | 0.1185  0.0042 0.1167 0.0327 | 0.0488 0 0.0402 0.0232
Hands X 0.0683 0.0703 03584 00590 | 0.0791 0.0333 0.3292 0.0470 | 0.0684 0.0089 02188 0.0337
; v 0.0524  0.0605 0.3322 0.0555 | 0.0741 00354 03396 0.0461 | 0.0639  0.0045 0.2098 0.0320

Table 5. Ablation on data filtering with OmniControl [54]. We train OmniControl on the combination of HumanML3D [15] and InterPose
with/without filtering. All the models are evaluated on HumanML3D [15], OMOMO [26] and BEHAVE [5] test sets with pelvis or hands control.
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Figure 4. Impact of dataset size. We train OmniControl [54] on HumanML3D [15] dataset and subsets of InterPose of different sizes. The subsets
are composed of 0%, 10%, 20%, 50%, and 100% of InterPose training set. All the models are evaluated on HumanML3D [15], OMOMO [26]
and BEHAVE [5] test sets. We report Traj 0.5 and MPJPE on pelvis control and hands control setting for all the models.

Eval joints Full trajectory

Training joints

Avg
Trajerr 0.5 Trajerr02 MPJPE |

Trajerr 0.5 Trajerr02| MPIPE |
Pelvis One [54] 0.0605 0.2637 0.0564 0.0404 0.1623 0.0367
evis Random 0.0957 0.3467 0.0708 0.0633 0.2182 0.0499
Hands One [54] 0.5195 0.9014 0.2161 0.2482 0.4730 0.1102
- Random 0.1377 0.5645 0.0849 0.0686 0.2639 0.0423

Table 6. Ablation for OmniControl [54] training setting on
the HumanML3D [15] dataset. We train OmniControl [54] with
different number of joints and then evaluate with 2 settings on
HumanML3D [15]. Avg means that we evaluate with 5 sparsity levels
in the controlling signal, including 1, 2, 5, 25% density, and 100%
density (full trajectory) and then report the average performance.

that are relatively small within a video make it difficult for
pose estimation and VLM to capture accurate information. We
therefore discard detected people with bounding box area below
a threshold of 5,000p. We also detect and discard motions with
abrupt translations or orientations, e.g., the motion may jump

from one person to another because of the detection errors.

Furthermore, the human actions are manually slowed down or
even paused in some videos such as sports tutorial videos. We
discard static data by setting a threshold on joint velocities.
Finally, due to object occlusions, or motion blur, the initial
SMPL-X [38] results may exhibit jitter issues. To tackle jitter
problems, we first detect frames with severe discontinuities in

human motion and apply Slerp to interpolate motion trajectories.

We then apply another smoothing step to all frames using
a small window size to remove the small-scale jitter while
preserving motion details.

Text annotation. In terms of textual motion descriptions, we
carefully prompt a VLM, Qwen2.5-VL-7B [4], to automatically
annotate each human in the candidate videos. As InterPose
mainly focuses on interactive actions, we ask the VLM to give
the whole-body action, a detailed text about the contact body
part and the corresponding objects. In the multi-person video
cases, to ensure the correspondence between the human and

each text, we crop the video using the bounding box given from
previous ViTPose++ [59] predictions. As illustrated in Figure 3,
in addition to textual motion descriptions, the VLM is also used
to annotate the human action and the interacted object. All the
detailed prompts can be found in the supplementary material.

4. Experiments

In this section we present advances in human motion generation
brought by InterPose. In particular, we deploy InterPose to
train two state-of-the-art methods, namely OmniControl [54]
and MaskedMimic [48], and demonstrate improvements on
standard benchmarks for controlled motion generation in
Section 4.1. InterPose analysis and ablation experiments are
presented in Section 4.2. In Section 4.3 we evaluate InterPose
benefits on the task of generating Human-Object Interactions
(HOI). Finally, we present a HOI-Agent and demonstrate its
zero-shot generalization to new objects and tasks in Section 4.4.

4.1. Controllable motion generation

Implementation details. To validate the advantage of InterPose,
we train spatial control models (i.e., OmniControl [54] and
MaskedMimic [48]) on different datasets: general human mo-
tion datasets (AMASS [35] and HumanML3D [15]) and inter-
action datasets (OMOMO [26] and InterPose). Since interactive
tasks often involve multiple control joints, we modify the origi-
nal training procedure of OmniControl [54], which samples only
one joint per sample, by allowing a random number of joints
to be controlled. This adjustment better reflects real application
scenarios. An ablation study is provided in Section 4.2. Oth-
erwise, the training settings follow those of OmniControl [54]
and MaskedMimic [48]. To evaluate spatial controllability, we
condition on full joint trajectories for motion capture datasets
AMASS [35], HumanML3D [15], and OMOMO [26], as most
interactions require consistent contact along the trajectory. Ad-



Human motion

Model Training datasets

Interaction

Hreer ~L FS ~L Cprec T Crec T Cf] T Cpercenl Phana i«

CHOIS [25] ‘ OMOMO [26] ‘ 4.47 0.3435 ‘ 0.7982 0.6477 0.6773 0.5602 0.6135
AMASS [35] 0.15 0.3317 | 0.7882 0.6197 0.6484 0.6225 0.6565

MaskedMimic [45] OMOMO [26] 0.76 0.4752 0.7798 0.6032 0.6335 0.5978 0.5876
s . InterPose 0.47 0.4249 0.7890 0.7185 0.7172 0.7134 0.6131

InterPose + AMASS [35] —-0.11

0.4823 0.7915

0.7597 0.7483 0.7464  0.6193

Table 7. Evaluation of human-object interaction generation on the OMOMO [26] dataset. We train MaskedMimic [48] with different human
motion datasets and then evaluate the object interaction ability by interpolating object motion and controlling human hands to follow the objects.

Human motion

Model Training datasets

Interaction

eret ~L FS ~L Cprec T Crec T Cfl T Cpercenl P hand \L

CHOIS [25] | OMOMO [26] | 191 04546 | 0.6994 05813  0.5873  0.6296 0.6889
AMASS [35] -0.32  0.3320 | 0.7020 0.5737 05685  0.6454  0.8097

MaskedMimic [48] OMOMO [26] —0.01 04468 | 0.6975 05510 05575 0.6195  0.8025
InterPose 0.03 0.4460 | 0.6977 0.6191  0.5988  0.6992  0.8098

InterPose + AMASS [35] | -0.31 04904 | 0.7015 0.6936 0.6490 0.7706 0.8887

Table 8. Evaluation of human-object interaction generation on the BEHAVE [5] dataset. Similar to Table 7, we report the performance of

the models in Table 7 on the BEHAVE [5] dataset.

ditionally, we assess zero-shot generalization on BEHAVE [5]
to examine performance under unseen control distributions.
Metrics. Following MaskedMimic [48] and OmniControl [54],
the spatial controllability is evaluated by the success rate (Succ),
failure rate (Traj err) and mean per-joint position error (MPJPE)
to calculate the overall accuracy and position error on the
control joints. For example, Succ 0.5 denotes the proportion of
generated samples whose maximum keyframe position error is
below 0.5m. In addition, we report the foot sliding (FS) metric
for OmniControl [54] evaluation to assess motion realism.
Results. The performance of MaskedMimic [48] and OmniCon-
trol [54] trained on different datasets is presented in Tables 3-4
respectively. For MaskedMimic [48], training on AMASS [35]
yields strong performance under pelvis control due to the diverse
locomotion, which helps the model follow pelvis trajectories.
However, controlling two hands is more challenging and closely
tied to interaction, leading to a significant performance drop.
In this setting, training on InterPose substantially outperforms
AMASS [35], especially on the test sets of interaction datasets
OMOMO [26] and BEHAVE [5]. Since InterPose contains no
motions from these datasets, the improved generalization high-
lights the quality and diversity of its interactions. Combining
AMASS and InterPose achieves the best overall performance.
Similarly, for OmniControl [54], training with InterPose notably
enhances hand controllability. As MaskedMimic [48] and
OmniControl [54] represent fundamentally different paradigms,
their consistent improvements demonstrate the robustness of
the InterPose dataset.

4.2. Ablations

Impact of post-filtering. We evaluate the effect of post-filtering
described in Section 3.2 by comparing the spatial controllability
of OmniControl [54] trained on the combined HumanML3D
and InterPose datasets, with and without post-filtering, as shown
in Table 5. Model with post-filtering achieves better overall
performance. Although the unfiltered model only performs
slightly worse for controllability, the lack of filtering introduces
abnormal artifacts such as floating and abrupt rotations, leading

Methods \ Preference on OMOMO [26] (%) \ Preference on BEHAVE [5] (%)
CHOIS [25] 385 235
Ours 61.5 76.5

Table 9. User studies on OMOMO [26] and BEHAVE [5] datasets.
”Ours” indicates trained on the combination of our InterPose and
AMASS [35] datasets.

to significantly increased foot sliding. These results highlight
the importance of post-filtering for improving motion realism.

Impact of dataset size. We investigate how dataset size influ-
ences performance to assess whether larger scale interaction data
further enhances spatial control. OmniControl [54] is trained on
HumanML3D [15] combined with varying proportions of Inter-
Pose data (0%, 10%, 20%, 50%, and 100%). As shown in Fig-
ure 4, spatial controllability is evaluated on HumanML3D [15],
OMOMO [26], and BEHAVE [5] test sets. Performance
improves consistently as the amount of training data increases
across all control settings and benchmarks, suggesting that col-
lecting additional motion data could yield further gains. Detailed
quantitative results are provided in the supplementary material.

OmniControl training setting. We further investigate the
impact of training configurations in OmniControl [54]. The
original model is trained by randomly selecting a single control
joint at each iteration. In contrast, we retrain the model by
sampling a random number of control joints per iteration and
compare its performance with the original setting. Evaluation
is conducted under five levels of control signal sparsity, and we
report both the full-trajectory results and average performance
across sparsity levels. Note that, the Traj 0.5 and MPJPE for
”Avg® column of OmniControl [54] pelvis control are from
their published results. Otherwise, we report our reproduced
numbers. As shown in Table 6, while our strategy shows a
slight decrease in pelvis control accuracy, it consistently yields
substantial improvements in hand control performance.

4.3. Application: Zero-shot HOI generation

Implementation details. To demonstrate the zero-shot HOI
generation capability of InterPose, we conduct experiments on
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(b) Visual comparison on BEHAVE [5] datasets.

Figure 5. Visual comparison of CHOIS [25], MaskedMimic [48] and Ours when evaluated on OMOMO [26] and BEHAVE [5] datasets.
Note that original MaskedMimic [48] is trained on AMASS [35] dataset and Ours denotes MaskedMimic trained on the combination of InterPose
and AMASS [35]. Red boxes highlight examples of unrealistic human action, unrealistic object motion or interaction.

the standard benchmark [25], where the model must generate hu-
man—object motion conditioned on sparse object waypoints. For
this task, we adopt the spatially controllable network Masked-
Mimic [48]. However, since MaskedMimic [48] is primarily
trained on human-only datasets [35] with limited interactive
motion, its ability to follow object control points is constrained.
To overcome this limitation, we retrain the model on InterPose
and evaluate its performance on HOI generation tasks. We
further assess human motion quality and interaction fidelity by
comparing against the supervised HOI framework CHOIS [25]
on OMOMO [26] and BEHAVE [5], using the same object
waypoints for fair comparison. Object trajectories and rotations
are interpolated using PCHIP and Slerp, respectively, and
contact points are sampled based on object mesh points to guide
hand control during motion generation. To identify hand-object
contact points, we deploy a simple heuristic and sample points
on the object surface that have smaller distance to human hands.

Metrics. For HOI generation, we follow CHOIS [25] and mea-
sure foot height (H¢.e) and foot sliding (FS) to obtain the human
motion quality. Contact precision (Cpre), recall (Cr), F1 score
(Ct1), contact percentage (Cpercen) and penetration score (Phand)
are also calculated to evaluate the interaction performance,
following prior work [25]. More details about the evaluation
metrics are provided in Section A of the supplementary material.

Results. We compare our models with CHOIS [25] on the
HOI benchmarks presented in Tables 7-8. MaskedMimic [48]
trained on OMOMO [26] obtains the worst results, because
OMOMO [26] is small-scale, and thus the model fails to gener-
alize due to the gap between the GT and the interpolated hands’
trajectory. While the model trained on the AMASS [35] dataset
can achieve promising human motion quality, but due to lack of
interactive training behaviors, the model fails to accurately fol-
low the trajectories of interactive hands, resulting in suboptimal
interaction performance. Incorporating InterPose data substan-
tially enhances interaction quality, particularly in terms of object
contact metrics. Notably, even though CHOIS [25] is trained in

a fully-supervised manner on the OMOMO [26] dataset, mod-
els trained on InterPose still outperform CHOIS [25] in contact
quality under zero-shot generation. Furthermore, in evaluations
on the BEHAVE [5] dataset, where all models are assessed in
zero-shot settings, our models consistently exceed CHOIS [25]
across most metrics. The consistent performance across both
OMOMO [26] and BEHAVE [5] demonstrates the robust zero-
shot generalization capability of models trained on InterPose.

User study. We conduct a user study to further evaluate
and compare the zero-shot HOI performance of our method
with the supervised HOI approach CHOIS [25]. Specifically,
we generate 20 HOI sequences using CHOIS [25] and
MaskedMimic [48] trained on a combination of InterPose and
AMASS [35] (here denoted as Ours) for both the OMOMO [26]
and BEHAVE [5] datasets. Twenty participants were recruited
to indicate their preference based on two criteria: (1) the
quality of human and object motion, and (2) the accuracy of
contact performance. As reported in Table 9, the consistent
results across participants confirm the effectiveness and
robustness of InterPose in facilitating high-quality interaction
generation. Notably, the advantage becomes more evident on
the out-of-distribution BEHAVE [5] dataset, which indicates the
model trained on InterPose could exhibit superior generalization
and robustness in zero-shot interaction scenarios.

Qualitative results. We qualitatively compare CHOIS [25]
with zero-shot HOI generation using MaskedMimic [48], and
MaskedMimic trained on the combination of InterPose and
AMASS [35] (Ours). Evaluation is conducted on the HOI
datasets OMOMO [26] and BEHAVE [5], as illustrated in
Figure 5. From the example in Figure 5a, we observe that
CHOIS [25] generates unrealistic object motion (the object
appears to float even when the person is distant) and the
motion is not consistent with the textual description (e.g.,
the person is lifting rather than pushing the object). For the
original MaskedMimic [48], the person struggles to follow the
object trajectory and nearly falls due to distributional shifts.
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Figure 6. Illustration of zero-shot human and object motion generation by our HOI-Agent. Given an initial scene and text instruction, the
LLM planner generates a detailed plan and collision-free sparse waypoints (orange). The contact points sampled from the object surface (green)

are then used as hand control points for human motion generation.

In Figure 5b, both CHOIS [25] and MaskedMimic [48] fail
to produce plausible contacts: CHOIS [25] exhibits varying
contact positions, whereas MaskedMimic [48] suffers from
penetration issues. These examples demonstrate that a human
motion generator trained on InterPose results in interaction
motions of higher quality compared to other methods. More
visual results are provided in the supplementary material.

4.4. Application: Interaction in 3D Scenes

Previous section addresses the task of HOI generation given
object waypoints and no scene information. Here we extend
this approach to fully-automatic HOI generation and address
multiple interaction types including collision-free navigation,
multi-person collaboration as well as single and multi-object
manipulation. Some methods, such as CHOIS [25] and
CooHOI [12], primarily focus on specific interaction types,
whereas others, e.g., TokenHSI [37], support diverse interaction
generation, but require manual task planning and transition
handling, which is labor-intensive. To overcome these limita-
tions, we formulate the problem as interaction generation within
a given 3D environment guided by textual instructions. We
introduce a LLLM-based agent framework, HOI-Agent, which
performs automatic task planning and enables zero-shot gen-
eration of diverse interaction behaviors in complex 3D scenes.

HOI-Agent framework. The HOI-Agent framework consists
of a LLM-based high-level planner and a low-level motion gen-
erator. Given a human-level instruction and an environment
state, including the position, orientation, and size of each object
in the scene, the LLM planner analyzes spatial relationships and
generates detailed step-wise plans along with collision-free hu-
man or object waypoints. As described in Section 4.3, the sparse
waypoints are then interpolated into full object motion. Based on
the object motion, the contact points are sampled from the object
surface to guide a human motion generator. The low-level gener-
ator, MaskedMimic [48] trained on InterPose, supports zero-shot
HOI generation and can be conditioned on the generated way-
points to execute the desired interactions. In this manner, HOI-
Agent enables flexible and robust interaction generation across
complex 3D scenes. More detailed description, prompts and an
illustrative example are provided in the supplementary material.

Quantitative results. We evaluate our proposed HOI-Agent by
generating 20 HOI sequences in a 3D scene. The success rate
is computed based on two criteria: (1) the manipulated object
reaches a position close to the target location, and (2) the human

remains upright without falling. Among the 20 generated
sequences, 13 are successful, while the remaining failures are
attributed to either wrong planning (3 cases) or the human
subject losing balance and falling (4 cases).

Qualitative results. As illustrated in Figure 6, the high-level
planner is able to generate instruction-following and scene-
consistent waypoints used to control human motion generation.
We also show the capabilities of our HOI-Agent in Figure 1.
With our proposed HOI-Agent framework, we enable the
automatic motion generation for various tasks: collision-free
human navigation, HOI in new 3D scenes, multi-object
interaction and multi-person collaboration. More results can
be found on the project page [1].

5. Conclusion

In this paper we proposed InterPose, a large-scale and auto-
matically created dataset with 3D human motions containing
diverse human-object interactions. InterPose enables both
kinematics-based and physics-based models to generate higher
quality motion sequences. We further explored zero-shot
HOI generation, and demonstrated advantages of our dataset
compared to previous training setups. Moreover, we proposed
HOI-Agent enabling fully-automatic zero-shot HOI generation
in unseen complex 3D scenes.

Limitations and future work. First, InterPose is currently
composed of human motions only and excludes associated ob-
ject movements. With the progress in 3D object reconstruction,
future work can augment InterPose with the shape and motion
of manipulated objects to provide additional data for HOI
generation. Second, while our HOI-Agent enables high-level
planning, collision-free trajectory generation, and interaction
motion synthesis, its effectiveness depends on the underlying
LLM and prompt engineering. Learning HOI-Agent could
be another interesting direction for future work. Overall, we
believe that InterPose and the proposed HOI-Agent framework
will advance and inspire further research in HOI generation.
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