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with both hands while bent at the waist”
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holding it upright in front of the body”
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Left view Right view

Figure 1. HORIA. Given a monocular video, our framework reconstructs the 4D human and object with spatially and temporally consistent
appearance, guided by the text descriptions of each interaction phase.

Abstract

Joint 4D reconstruction of a human and object from a
monocular video is essential for understanding how peo-
ple interact with their environment. While recent meth-
ods have made noticeable progress, capturing such human-
object interactions remains difficult due to two main chal-
lenges. First, a video typically contains composite seman-
tic context spanning multiple interaction phases, making it
difficult to track the temporal changes of the interaction in
the reconstruction. Second, under human-object occlusion,
a single-view observation contains incomplete visual infor-
mation about the interaction, resulting in geometrically in-
consistent reconstructions. To address these challenges, we
introduce HORIA, built upon two core designs. First, we
decompose the entire input video into temporally grounded
and semantically distinct interaction phases with motion-

aware captioning, obtaining a specific text description for
each phase. Second, conditioned on these text descrip-
tions of the interaction, we propose an interaction-aware re-
rendering that compensates for the limited single-view ob-
servation. Specifically, we render the initially reconstructed
4D human and object from novel viewpoints and refine the
renderings with a text-to-video diffusion prior, which pro-
vides auxiliary novel-view supervision beyond single-view
cues. As a result, our framework produces temporally co-
herent and accurate 4D reconstructions under diverse inter-
action scenarios, achieving state-of-the-art performance.

1. Introduction

Joint 4D reconstruction of a human and object from a
monocular video has garnered significant attention in var-
ious applications such as robot manipulation, immersive
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AR/VR experiences, and digital content creation. The hu-
man and object interact through not only physical relation-
ships, such as contact between their surfaces, but also se-
mantic relationships that characterize the functional intent
of the interaction, such as reaching for a cup. Capturing
both relationships of human-object interaction (HOI) is cru-
cial for faithful 4D reconstruction.

While recent approaches [52, 54, 57–59] have shown no-
table progress, they still face two main challenges. First,
existing methods struggle to capture the evolving semantic
context of interactions over time. They rely primarily on
local geometric proximity without considering the semantic
context, which text descriptions [31] can incorporate into
the reconstruction. However, a video typically spans multi-
ple interaction phases, and summarizing the entire sequence
into a single global description fails to capture which inter-
action applies at each moment. Second, a monocular obser-
vation misses the geometric cues of the occluded regions,
where the human and object frequently obscure each other.
This lack of geometric cues makes their spatial relationship
difficult to reconstruct, often leading to severe interpenetra-
tion and temporally inconsistent results.

To address the above challenges, we present HORIA, a
framework that reconstructs the 4D human and object from
a monocular video through interaction-aware re-rendering.
Our framework first splits the input video into several inter-
action phases and assigns a text description to each phase.
This decomposition allows each description to capture the
fine-grained temporal dynamics of its own phase. To de-
cide where to decompose, we estimate the object motion
and incorporate it into the captioning of human-object in-
teractions, a process we refer to as motion-aware caption-
ing. Based on each caption, we split the video into tempo-
rally grounded interaction phases with precise boundaries.
Consequently, each text description is aligned with its cor-
responding interaction phase, providing reliable temporal
guidance for accurate 4D reconstruction.

Building upon these grounded descriptions, we introduce
an interaction-aware re-rendering pipeline that renders and
refines novel-view videos of the reconstruction to compen-
sate for limited single-view observations. Specifically, we
render the initially reconstructed human and object from
novel viewpoints and feed the renderings into a text-to-
video diffusion network [46]. Leveraging its prior knowl-
edge of human-object interactions, the network refines them
toward plausible interaction videos under the text descrip-
tion. During this refinement, we additionally apply distinct
text prompts to the human and object regions, keeping the
appearance of each region faithful to its own description
and specifying where they interact. After the re-rendering
process, we aggregate the refined novel-view videos into a
single signed distance field (SDF), which serves as a geo-
metric consensus across viewpoints. As shown in Fig. 2,

Final reconstruction

Initial reconstruction Rendered video (init)

Re-rendered video (refined)

Re-rendering
𝑃!"#$%&'( “A person raises the umbrella overhead with one hand.”

Figure 2. Re-rendering for reconstruction. Conditioned on the
text description Psemantic, our re-rendering refines the novel-view
renderings of the initial reconstruction, and the refined videos
serve as auxiliary supervision for the final 4D reconstruction.

our re-rendering process corrects the spatial misalignment
between the hand and the umbrella, guiding the final re-
construction. As a result, our framework produces accu-
rate and plausible 4D reconstructions of the human and ob-
ject through re-rendering that compensates for the limited
single-view observation.

Extensive experiments demonstrate that our framework
significantly outperforms existing reconstruction methods
across various interaction scenarios. Our contributions can
be summarized as follows.
• We propose HORIA, a framework for joint 4D recon-

struction of a human and object from a monocular video
via temporally grounded novel-view video refinement.

• To capture fine-grained human-object interactions across
the entire video sequence, we decompose the input video
into several interaction phases with our proposed motion-
aware captioning.

• To compensate for limited single-view cues from the in-
put video, we introduce an interaction-aware re-rendering
pipeline that provides auxiliary novel-view supervision
for accurate 4D human and object reconstruction.

2. Related works
Human and object reconstruction. Most recent works on
human and object reconstruction [6, 7, 11, 15, 24, 30, 51–
59, 63] reconstruct the 3D human and object from a sin-
gle image or monocular video, relying on geometric con-
straints, such as contact maps. CONTHO [30] jointly pre-
dicts dense contact maps from images and refines the re-
construction using a contact-based Transformer [45]. Vis-



Tracker [54] exploits the correlation between human and
object motion, predicting the object pose of occluded
frames from the human motion and the neighboring visible
frames. RHINO [59] jointly recovers the human, object,
and scene from a monocular video, and refines their poses
with contact-driven optimization. CARI4D [57] proposes a
render-and-compare network that aligns rendered estimates
with input observations to enhance reconstructions.

Unlike existing 4D human and object reconstruction
methods, our framework has two key differences. First,
prior works rely primarily on local geometric priors, such
as contact maps, which cannot represent the semantic con-
text of the interaction. Our framework uses text descriptions
that carry the semantic context, assigning a description to
each interaction phase through video decomposition. This
enables the reconstruction to reflect the complex interac-
tions of the real world. Second, whereas previous methods
reconstruct the human and object from a single viewpoint
that suffers from human-object occlusion, our framework
refines the novel-view renderings of the reconstruction via
interaction-aware re-rendering. This re-rendering process
supplements the occluded regions and serves as auxiliary
supervision for accurate reconstruction.
Video decomposition. Video decomposition methods lo-
calize the segment of an input video that semantically corre-
sponds to a text query [4, 13, 14, 23, 25, 29, 39, 47, 62, 64].
TALL [13] introduces a cross-modal temporal regression
method to predict temporal action boundaries aligned with
a text query. TimeLens [62] adapts pretrained multimodal
large language models [1] with interleaved timestamp en-
coding and reinforcement learning for precise temporal
grounding. FMimic [4] decomposes a video into human-
object interaction states using contact distance thresholds
for robotic imitation learning. Different from FMimic, our
video decomposition takes a coarse-to-fine strategy that de-
tects initial segment boundaries from object trajectories and
refines them into precise interaction phase boundaries us-
ing TimeLens [62]. This aligns each text description with
the interval it describes, providing accurate boundaries of
interaction phases for 4D human and object reconstruction.
Generative priors for reconstruction. Recently, vari-
ous reconstruction methods [9, 16, 18, 27, 31, 36, 42–
44, 48, 60] have leveraged generative priors (e.g., text-to-
image generation [40]) to supplement the information miss-
ing from a single-view observation of the input image or
video. NeRDi [9] reconstructs a 3D object from a single
image by minimizing a diffusion loss on its novel-view ren-
derings with a text caption. Vivid4D [16] reconstructs a
4D dynamic scene from a monocular video, warping the
video’s pixels into novel viewpoints and completing the
occlusions with a video inpainting model. TeHOR [31]
jointly reconstructs a 3D human and object by distilling a
diffusion prior conditioned on text descriptions that con-

tain the semantic context of the interaction. Most of these
methods leverage the distillation strategy [35], which com-
putes text-conditioned score gradients on the renderings and
drives them toward the distribution of the diffusion prior.
However, the score gradients provide an over-smoothed sig-
nal [49], which degrades the reconstruction quality. In con-
trast, our re-rendering refines the novel-view renderings,
which serve as supervision targets, providing clear interac-
tion cues for accurate 4D reconstruction.

3. HORIA
Figs. 3 and 4 illustrate the overall pipeline of HORIA. We
first describe the 4D representation of the human and object
(Sec. 3.1). Subsequently, we describe three stages: video
decomposition (Sec. 3.2), interaction-aware re-rendering
(Sec. 3.3), and 4D HOI optimization (Sec. 3.4).

3.1. 4D representation
Given a monocular video X of T frames, we reconstruct
the motion of the human body and the rigid object over the
entire sequence. We represent the human and object as sets
of 3D Gaussians [21], denoted by {Φh,t}Tt=1 and {Φo,t}Tt=1,
which can be rendered into 2D space through a differen-
tiable rasterizer [61]. Each Gaussian is anchored to a sur-
face point of its base mesh, which allows the Gaussians to
be converted into meshes [31].
Human representation. We represent the human with the
SMPL-X model [33], parameterized by the human pose θ,
shape β, and translation γ. We attach a set of 3D Gaussians
Φh to the canonical SMPL-X mesh. These Gaussians are
deformed via linear blend skinning with θ [28].
Object representation. We represent the rigid object with a
set of 3D Gaussians Φo defined in a canonical space. These
canonical Gaussians are then transformed into 3D space
via a similarity transformation parameterized by rotation R,
translation T , and scale s.
Temporal parameterization. We parameterize the motion
of both the human and object using a cubic B-spline [8],
a polynomial curve determined by a set of coefficients de-
fined at sparse time intervals. Unlike independent per-frame
pose parameters, the B-spline assigns shared coefficients to
neighboring frames, yielding smooth motion. Specifically,
we define the concatenated motion sequence of the human
and object as Ψ = [θt, γt, Rt, Tt]Tt=1 ∈ RT×D and formu-
late it as Ψ = BC. B ∈ RT×N is a B-spline basis ma-
trix, and C ∈ RN×D is a coefficient matrix, where N is
the number of coefficients and D is the dimension of the
motion parameters. All rotations use the continuous 6D ro-
tation representation [65].

3.2. Video decomposition
We decompose the input video into interaction phases by
identifying boundaries where the interaction changes based
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Figure 3. Overall pipeline of HORIA. Given an input video, our framework first decomposes it into interaction phases based on initially
estimated human and object motion. Then, the text description of each phase guides the re-rendering of the human and object under novel
viewpoints and provides auxiliary supervision for 4D HOI optimization.

on the human and object motions. Our video decomposi-
tion takes a coarse-to-fine strategy: we first detect coarse
boundaries from the object trajectory, caption each coarse
segment, and then refine the boundaries by grounding each
caption in the video. Before the video decomposition, we
independently extract the initial motions of the human and
object using Multi-HMR [2] and FoundationPose [50] re-
spectively. These initial motions serve as physical cues for
tracking changes in the relative distance between the human
and object over time.
Coarse boundary detection. Based on the initial motion
estimations, we first detect coarse boundaries where the ob-
ject trajectory changes sharply. To this end, we simplify the
object trajectory using the Ramer-Douglas-Peucker (RDP)
algorithm [10]. RDP is a curve simplification method that
finds coarse boundaries where the trajectory departs sharply
from the overall path. Such a sharp change in the object tra-
jectory typically coincides with a change in the interaction,
such as the object being picked up, carried, or put down.
Motion-aware captioning. From each coarse segment, we
extract two text prompts, Psemantic and Pcontact. Psemantic cap-
tures the global context of the interaction phase, providing
detailed descriptions of human appearance, object category,
and their interaction type. Pcontact specifies the human body
parts in physical contact with the object during that interval.
These prompts are acquired using a vision-language model
(VLM) [32] from five uniformly sampled frames of each
coarse segment. To incorporate 3D human-object distance
information in the captioning, we measure the 3D distance
between the object and several human parts (e.g., head and
hands). Then, we state whether the object moves closer,

moves away, or stays unchanged relative to each part from
the start to the end of the segment, and provide this infor-
mation as additional input to the VLM. Details are provided
in the supplementary material.
Fine boundary grounding. Based on the coarse segments
and their text descriptions, we refine the coarse boundaries
into precise temporal spans using a temporal grounding
model, TimeLens [62]. Specifically, we query TimeLens
with each caption across the full video timeline to accu-
rately localize the visual extent of each interaction. If pre-
dicted intervals overlap, we merge them into a single con-
tinuous segment. The resulting segment intervals serve as
the final interaction phases used for the re-rendering stage.

3.3. Interaction-aware re-rendering
For each interaction phase, we render the 3D human and
object Gaussians from fixed novel viewpoints and refine the
renderings with a text-to-video diffusion network [46]. To
this end, we reconstruct the canonical human Gaussians Φh
using LHM [37] and the base object Gaussians Φo using
SAM 3D [5], respectively. We also build a 2D background
by removing the human and object from the first frame us-
ing SmartEraser [19].
Novel-view rendering and refinement. For each novel-
view camera π, sampled at 30◦ azimuth intervals, we render
the RGB appearance of the posed human and object Gaus-
sians onto the 2D background to obtain a novel-view video
Xπ , and project the SMPL-X joints from the same view-
point to obtain a skeleton video Sπ . We encode Xπ and in-
ject noise to an initial noise level τ0 to obtain Xτ0,π , where
the sampling process starts from the rendered appearance.



Initial object motion

1. Coarse boundary
detection (RDP)

2. Motion-aware
captioning

3. Fine boundary
grounding

VLM

Psemantic :

Pcontact   :

“A person 
prepares to…”

“Left  hand,
R ight  hand”

“A person dribbles 
the basketball forward 

with …”

“A person prepares 
to shoot the basketball 

with both hands”

“A person jumps and 
releases the basketball 
overhead with both …”

Ti
m

eL
en

s“·········”

“·········”

“·········”
“·········”

“·········”

+
3D distance changes between
the object and each body part:

- Head: moves closer
- Hips: moves away
- Left hand: unchanged
- Right hand: unchanged …

Initial human motionInitial object motion3D Gaussians

Reference image
(from input video)

Rendered video
(noisy interaction)

Noise

Re-rendered video
(refined interaction)

Video diffusion network

Psemantic Phuman

Regional text conditioning

Video decomposition Text-guided video refinement

Pobject

2D skeleton

Pcontact

Figure 4. Detailed process of video decomposition (left) and text-guided video refinement (right).

Conditioned on the semantic prompt Psemantic and a refer-
ence image Xref, which is the first frame of the interaction
phase, we refine Xτ0,π into

X∗
π = fψ

(︁
Xτ0,π;Psemantic, Sπ, Xref

)︁
(1)

where fψ denotes a stochastic sampling process [26] built
on a pretrained video diffusion network [46]. Using the
prior knowledge of the diffusion network learned from
large-scale video data, the stochastic sampling effectively
corrects artifacts associated with implausible human-object
interactions.
Regional text conditioning. To explicitly guide the hu-
man and object regions during the refinement, we condi-
tion each region on its own text prompt: Phuman for the hu-
man mask Mhuman and Pobject for the object mask Mobject.
The masks are obtained by rendering the human and object
Gaussians separately. Phuman and Pobject are extracted from
the semantic prompt Psemantic, and the extraction details are
provided in the supplementary material. To capture the con-
tact region, we draw a circular region around the joints of
Sπ specified by Pcontact and merge it into the object mask
Mobject. Within every cross-attention layer of the sampling
process in Eq. (1), we blend each region’s prompt into the
base prompt Psemantic as follows:

Attn′(Xτ,π) = (1− λMunion)Attn(Xτ,π;Psemantic)

+ λ
∑︂

r
Mr Attn(Xτ,π;Pr), (2)

where r ∈ {human, object} indexes the two regions,
Munion = Mhuman ∪Mobject is the union of their masks, and
λ = 0.2 is a blend weight. This regional conditioning pre-
vents semantic interference between the human and object
while preserving their interaction.

3.4. 4D HOI optimization
Based on the re-rendered novel-view videos, we jointly op-
timize the motion sequence Ψ to recover the accurate 4D
human and object. The overall loss formulation is

L = Lrecon + LSDF + Lcontact + Lcollision, (3)

where Lcollision is a penalization term that discourages inter-
penetration between the human and object Gaussians, fol-
lowing [20]. The remaining terms are detailed below.
Reconstruction loss. The reconstruction loss Lrecon mea-
sures the discrepancy between the rendered human and ob-
ject sequence and two types of target videos: the input
video X and the re-rendered novel-view videos X∗

π . Specif-
ically, it computes the mean squared error (MSE) on both
RGB pixel values and foreground silhouette masks across
all camera viewpoints.
SDF loss. The signed distance function (SDF) loss LSDF
enforces geometric consistency by aggregating the novel-
view evidence into a single 3D point cloud for each frame.
As the novel-view re-rendering operates on each viewpoint
independently, relying solely on Lrecon can result in incon-
sistent visual cues across views. To resolve this problem,
we construct a unified 3D geometric consensus across all
viewpoints via an SDF. Specifically, we extract object seg-
mentation masks [38] and metric depth maps [34] from each
re-rendered video X∗

π and unproject the masked depth maps
into 3D point clouds across all views. We then aggregate
the point clouds and remove outliers via DBSCAN cluster-
ing [12], suppressing noisy points inconsistent with the ma-
jority of views. From the point cloud, we build a distance
field and align the object Gaussians with the field. We apply
this loss to the object Gaussians only.
Contact loss. The contact loss Lcontact encourages geomet-
ric proximity between the object surface and the human



Caption Decomposition CDH↓ CDO↓ Contact↑ Collision↓ AccelH↓ AccelO↓

✗ ✗ 5.723 54.505 0.349 0.072 0.307 3.468

Standard ✗ 5.500 51.155 0.391 0.059 0.291 3.129

Motion-aware ✗ 5.511 42.102 0.408 0.060 0.294 3.210

Motion-aware Uniform 5.404 37.121 0.469 0.056 0.298 2.986

Motion-aware (Ours) Grounded 5.385 34.894 0.520 0.056 0.273 1.571

Table 1. Effect of video decomposition.

Re-rendering Regional cond. CDH↓ CDO↓ Contact↑ Collision↓ AccelH↓ AccelO↓

✗ ✗ 6.009 66.138 0.300 0.064 0.308 3.115

✓ ✗ 5.519 36.151 0.499 0.058 0.290 1.614

✓ (Ours) ✓ 5.385 34.894 0.520 0.056 0.273 1.571

Table 2. Effect of re-rendering.

Methods CDH↓ CDO↓ Contact↑ Collision↓ AccelH↓ AccelO↓

Initial reconstruction 5.821 88.508 0.275 0.069 0.334 20.034

w/o LSDF 5.706 48.121 0.354 0.063 0.291 2.410

w/o Lcontact 5.418 40.162 0.459 0.057 0.288 1.709

w/o Lcollision 5.390 38.945 0.512 0.061 0.277 1.602

HORIA (Ours) 5.385 34.894 0.520 0.056 0.273 1.571

Table 3. Ablation on 4D HOI optimization.

body parts specified in Pcontact. We identify the Gaussian
centers on the SMPL-X body model corresponding to these
parts and minimize the distance between them and their
nearest object points. This loss enforces local physical plau-
sibility across the estimated interaction regions.

4. Experiments
4.1. Datasets
We use Open4DHOI [52] and BEHAVE [3] for our ex-
periments. Open4DHOI is an open-vocabulary, in-the-wild
human-object interaction dataset spanning a wide range of
object categories. From the whole set, we curate a test set
of 210 sequences, spanning diverse interactions. BEHAVE
is an indoor interaction dataset that captures the interactions
of 8 human subjects and 20 objects in a controlled setting.
We use its official test split, consisting of 340 sequences.

4.2. Evaluation metrics
For all evaluations, we align the reconstruction to the
ground truth (GT) per frame by translating the human root.
Chamfer distance (CDH, CDO). We measure the Chamfer
distance between the reconstructed human and object sur-
faces and their corresponding GT. The Chamfer distance
is separately computed for the human (CDH) and object
(CDO) in centimeters.
Contact score (Contact). We evaluate contact fidelity by
comparing the contact regions of the reconstructed human
and object against the GT. We define the contact map as the
human vertices of the SMPL-X mesh surface [33] within
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Figure 5. Effectiveness of video decomposition. A single de-
scription of the entire video does not distinguish the interaction
phases, resulting in implausible re-rendering and reconstruction.
Our decomposition assigns a description to each phase, guiding
the re-rendering to follow the interaction at each moment.

5 cm of the object surface. The contact score (Contact) is
computed as the harmonic mean of precision and recall be-
tween the predicted and GT human contact maps.
Collision ratio (Collision). To evaluate physical plau-
sibility, we measure the interpenetration between the re-
constructed human and object surfaces. The collision ra-
tio (Collision) is the percentage of human vertices located
within the object mesh.
Acceleration error (AccelH, AccelO). To evaluate the tem-
poral consistency of the reconstructed 4D motion, we mea-
sure the difference between the predicted and GT acceler-
ation. AccelH is computed over the 14 body joints of the
SMPL-X model, and AccelO over the 3D object center.

4.3. Ablation study
We carry out all ablation studies on Open4DHOI [52].
Effectiveness of video decomposition. Tab. 1 and Fig. 5
show the effectiveness of our video decomposition with
motion-aware captioning. The first to third rows of Tab. 1
compare different captioning strategies, where standard
captioning describes the interaction from the input video
alone without object motion. Using text captions (the sec-
ond row) largely improves over no captioning (the first row)
by providing semantic priors, and our motion-aware cap-
tioning (the third row) further improves the reconstruction
by capturing dynamic movements from the object motion.



Open4DHOI [52] BEHAVE [3]

Methods CDH↓ CDO↓ Contact↑ Collision↓ AccelH↓ AccelO↓ CDH↓ CDO↓ Contact↑ Collision↓ AccelH↓ AccelO↓

Im
ag

e-
ba

se
d PHOSA [63] 6.434 61.138 0.267 0.061 – – 5.661 40.355 0.326 0.099 – –

HOI-Gaussian [51] 5.330 47.086 0.382 0.072 – – 3.420 39.722 0.521 0.097 – –

TeHOR [31] 5.501 44.397 0.456 0.070 – – 3.627 31.168 0.552 0.099 – –

HORIA (Ours) 5.380 37.268 0.501 0.056 – – 3.512 13.013 0.569 0.080 – –

V
id

eo
-b

as
ed

VisTracker [54] 6.392 51.289 0.383 0.152 0.459 2.197 6.049 16.664 0.464 0.108 1.553 1.336

InterTrack [56] 7.143 49.110 0.482 0.218 2.534 5.996 9.487 19.441 0.560 0.268 2.258 5.427

CARI4D [57] 5.740 39.090 0.514 0.182 0.710 2.332 3.582 14.213 0.583 0.130 0.990 1.148

HORIA (Ours) 5.385 34.894 0.520 0.056 0.273 1.571 3.341 12.932 0.592 0.075 0.312 0.981

Table 4. Quantitative comparison with state-of-the-art methods on Open4DHOI [52] and BEHAVE [3]. Bold and underlined values
indicate the best and second-best scores, respectively.

The third to fifth rows compare different decomposition
strategies, where uniform decomposition splits the video
into fixed 81-frame intervals. A single global description
(the third row) misses fine-grained interaction details, and
uniform segments (the fourth row) often mix multiple in-
teraction phases, yielding ambiguous text captions. In con-
trast, our grounded decomposition (the fifth row) localizes
the boundaries of each interaction phase, providing clear
textual guidance that achieves the best results. As shown
in Fig. 5, a single description of the entire video fails to
distinguish holding the chair from lifting it, causing wrong
reconstruction, whereas our decomposition guides the re-
rendering to follow each interaction phase.

Effectiveness of interaction-aware re-rendering. Tab. 2
shows the impact of our novel-view re-rendering pipeline
and its text conditioning strategies. Without novel-view re-
rendering (the first row), reconstructing solely from monoc-
ular observations suffers from depth ambiguities, leading to
wrong reconstruction. In contrast, using re-rendering (the
second row) provides multi-view supervision to mitigate
depth ambiguities. Furthermore, our regional text condi-
tioning (the third row) guides the human and object with
separate prompts, ensuring clear boundaries between them.
More qualitative re-rendering results, as in Fig. 2, are pro-
vided in the supplementary material.

As described in Sec. 3.3, the re-rendering operates on
each viewpoint independently, which may cause cross-view
inconsistency between the re-rendered videos. To prevent
the inconsistency, our framework has three core designs.
First, the SDF loss LSDF in 4D HOI optimization aggre-
gates all viewpoints into a single target (i.e., SDF), which
optimizes the object toward a geometric consensus across
viewpoints. Second, the re-rendering process is conditioned
on the human skeleton (Eq. (1)) projected from the same
4D human motion, which constrains the human-object in-
teraction in every viewpoint to follow the underlying mo-
tion. Third, the re-rendering runs on each short interaction

In
pu

t v
id

eo
“A person lifts the electric kettle from 

the floor with one hand”

“A person holds 
the electric kettle 
at waist height”

“A person lowers the 
electric kettle towards the 

floor with one hand”
𝑃 !
"#

$%
&'
(

A
fte

r o
pt

im
.

B
ef

or
e 

op
tim

.

Figure 6. Effectiveness of 4D HOI optimization. For each in-
teraction phase described with Psemantic, our 4D HOI optimiza-
tion corrects the artifacts (red circles) in the initial reconstructions,
yielding accurate reconstruction results.

phase obtained by the video decomposition, which allevi-
ates the accumulation of cross-view discrepancies. For a
long video, each autoregressively generated view gradually
deviates from the content generated in the other views, caus-
ing cross-view discrepancies. Our framework reduces such
discrepancies by re-rendering the short interaction phases
obtained from the video decomposition.
Ablation on 4D HOI optimization. Fig. 6 and Tab. 3 show
that our 4D HOI optimization effectively refines initial re-
constructions using the re-rendered videos guided by the
text descriptions. As shown in Fig. 6, the initial recon-
struction in the first row of Tab. 3 suffers from depth am-
biguity and implausible artifacts. Our 4D HOI optimiza-
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Figure 7. Qualitative comparison with state-of-the-art methods. We render each method’s reconstruction at −30◦ azimuth and highlight
representative failure cases with red circles.

tion resolves these artifacts and yields temporally consis-
tent motion by integrating auxiliary evidence from multi-
view re-rendering in Sec. 3.3. The second row shows that
removing the SDF loss LSDF largely degrades the object re-
construction. Without LSDF, the re-rendered videos super-
vise the reconstruction only through Lrecon, which compares
the rendering with each view independently and cannot re-
solve the inconsistencies across views. LSDF aggregates all
viewpoints into a single 3D geometric consensus, guiding
the object toward a geometry consistent across views. The
third row shows that the contact loss Lcontact brings the hu-
man and object into physical contact, improving the contact
score by a large margin. The fourth row shows that the colli-
sion loss Lcollision suppresses human-object interpenetration.

4.4. Comparison with state-of-the-art methods

We compare our framework with state-of-the-art recon-
struction methods, categorized into image-based and video-
based approaches. Since the image-based methods optimize
each frame independently, evaluating them on the full video
is computationally expensive. We thus evaluate the image-
based methods on key frames sampled at 1 fps, and report
AccelH and AccelO only for the video-based methods.

Tab. 4 and Fig. 7 demonstrate that our framework outper-
forms all baselines both quantitatively and qualitatively on
Open4DHOI [52] and BEHAVE [3]. Previous video-based
methods frequently misplace the object relative to the hand
or body during interaction, since they heavily rely on geo-
metric constraints without semantic understanding of the in-
teraction. Unlike these methods, HORIA leverages the text
description of each interaction phase to capture the seman-
tic context of the interaction. Moreover, our interaction-
aware re-rendering provides novel-view supervision, and
the SDF loss enforces geometric consistency across these
viewpoints, achieving the best performance.

5. Conclusion
We present HORIA, a framework for joint 4D reconstruc-
tion of a human and object from a monocular video. Our
framework decomposes the input video into several inter-
action phases and assigns a text description to each phase
to capture fine-grained human-object interactions. Guided
by the text descriptions, our re-rendering refines the novel-
view renderings of the reconstruction to compensate for
limited single-view observations. Extensive experiments
show that HORIA achieves state-of-the-art performance.



HORIA: 4D Human and Object Reconstruction from a Monocular Video
with Interaction-Aware Re-Rendering

Supplementary Material

In this supplementary material, we present additional
technical details and more experimental results that could
not be included in the main manuscript due to the lack of
pages. The contents are summarized below:

• S1. Visualization in video format
• S2. Comparison on InterCap dataset
• S3. Implementation details
• S4. Comparison of running time
• S5. Limitations and future work
• S6. More comparisons with state-of-the-art methods

S1. Visualization in video format
The supplementary video "HORIA Suppl.mp4" consists
of four parts. The first part provides an overview of our
framework on a single example, showing how the video de-
composition, interaction-aware re-rendering, and 4D HOI
optimization proceed in sequence. The second and third
parts show qualitative results of the video decomposition
and interaction-aware re-rendering, respectively. The last
part compares HORIA with state-of-the-art reconstruction
methods, VisTracker [54] and CARI4D [57], rendering each
reconstruction as a video at −30◦ azimuth.

S2. Comparison on InterCap
Tab. S1 shows that HORIA also outperforms existing re-
construction methods on the InterCap [17] dataset. Similar
to BEHAVE [3], InterCap is an indoor human-object inter-
action dataset that captures 10 subjects interacting with 10
rigid objects, including whole-body motion with the hands.
We use its official test split, consisting of 240 sequences,
for evaluation. Compared to both image-based and video-
based methods, HORIA achieves more accurate reconstruc-
tion with fewer interpenetrations.

S3. Implementation details
We provide the implementation details of three stages:
video decomposition (Sec. 3.2), interaction-aware re-
rendering (Sec. 3.3), and 4D HOI optimization (Sec. 3.4).

S3.1. Video decomposition
Coarse boundary detection. To detect initial segment
boundaries where the object trajectory changes sharply, we
apply the RDP algorithm [10] to the relative trajectory be-
tween the object and human root. Before running RDP, we

Methods CDH↓ CDO↓ Contact↑ Collision↓ AccelH↓ AccelO↓

Im
ag

e-
ba

se
d

PHOSA [63] 4.622 42.161 0.375 0.079 – –

HOI-Gaussian [51] 2.891 39.542 0.509 0.080 – –

TeHOR [31] 2.528 32.160 0.513 0.073 – –

HORIA (Init.) 2.705 63.394 0.406 0.098 – –

HORIA (Ours) 2.524 14.951 0.543 0.069 – –

V
id

eo
-b

as
ed

VisTracker [54] 6.152 23.257 0.405 0.105 1.216 2.781

InterTrack [56] 10.019 20.959 0.487 0.218 1.985 4.104

CARI4D [57] 2.415 16.741 0.516 0.084 1.047 2.129

HORIA (Init.) 2.728 62.777 0.402 0.101 0.825 21.712

HORIA (Ours) 2.501 14.551 0.539 0.069 0.300 0.942

Table S1. Quantitative comparison with state-of-the-art meth-
ods on InterCap [17]. Bold and underlined values indicate the
best and second-best scores, respectively.

smooth this relative trajectory using a moving average fil-
ter with a window size of 5 frames to remove the estima-
tion noise of the initial object motion. The RDP algorithm
then splits the video where this relative trajectory deviates
by more than 10 cm from the simplified linear trajectory. To
prevent overly short segments, we set the minimum length
of each split segment to 15 frames.
Motion-aware captioning. We extract the semantic prompt
Psemantic and contact prompt Pcontact for each coarse segment
using a VLM (i.e., GPT-5 [32]) with the text instructions
shown in Figs. S1 and S2. For each segment, we uniformly
sample five frames, resize their longer side to 224 pixels,
and feed them into the VLM. To inform the VLM of how
the object moves relative to the human, we provide a motion
hint, shown in the lower part of Fig. S1. It describes the 3D
distance change between the object and seven body parts:
head, chest, hips, left and right hands, and left and right feet.
Comparing the first and last frames of the segment with a
tolerance of δ = 10 cm, we categorize the distance change
of each part as moves closer when the distance decreases
by at least δ, moves away when it increases by at least δ,
and unchanged otherwise. For Pcontact (Fig. S2), the VLM
selects the body parts in physical contact with the object
from 18 pre-defined candidates, which are then mapped to
the corresponding SMPL-X [33] body vertex groups.
Fine boundary grounding. To refine the coarse segments
into precise interaction phases, we ground each caption
across the full video using TimeLens-7B [62]. For each
Psemantic obtained from the motion-aware captioning, we
query TimeLens with the full video sampled at 6 fps, and it



You are a precise video annotator for hand-object
interaction segments.

Provide a detailed description of the human-object
interaction shown across these uniformly sampled
frames of the given video.

The interacted object is {object}.
Here is information about changes in the distance

between the object and each body part.
These measurements may contain errors; use them as

supplementary reference information.
Hint: {motion hint}

Task:
- Write exactly one short English caption describing

the dominant human-object interaction across these
frames.

- Refer to the object as "{object}".
- Prefer a motion or state change over a static

appearance description.
- Express exactly one action; do not use the words "

and" or "then".
- Do not include timestamp phrases, frame numbers, or

vague statements.

Output Format: {"caption": str}

▷ {Motion hint} (example)

3D distance changes between the object and each body
part from the first to last frame of this segment:

- Head: moves closer
- Chest: moves closer
- Hips: unchanged
- Left hand: unchanged
- Right hand: moves closer
- Left foot: moves away
- Right foot: moves away

Figure S1. Motion-aware captioning instruction for Psemantic.
The lower box shows an example of the object motion hint, which
summarizes how the distance between the object and each body
part changes within the segment.

predicts the start and end times of the described interaction.
After the grounding, we merge consecutive predicted inter-
vals whose temporal intersection over union reaches 0.9.
The merged intervals serve as the final interaction phases
for the re-rendering.

S3.2. Interaction-aware re-rendering

Novel-view rendering. To obtain the novel-view videos
for each interaction phase, we place six novel-view cam-
eras at {−90◦,−60◦,−30◦,+30◦,+60◦,+90◦} from the
viewpoint of the input video. These novel-view cameras
are centered at the average 3D position of the human root
and the object in the first frame. For each viewpoint, we
render the 3D human and object Gaussians posed by their
initial motions onto the 2D background at a fixed resolution
of 480× 832.
Text-guided video refinement. To refine the rendered
novel-view videos, we use Wan2.1-Fun-1.3B-Control [46]
as the text-to-video diffusion network. We first encode the
rendered novel-view video into the latent space and inject

You are a precise video annotator for hand-object
interaction segments.

Provide the contact information for the human-object
interaction shown across these uniformly sampled
frames of the given video.

The interacted object is {object}.

Task:
- Identify the body parts that are in direct physical

contact with the object during this chunk.
- Choose only from this pre-defined list; multiple

parts are allowed: head, torso, hips, ...
- Focus only on the person whose body center is

closest to the image center.
- "left" and "right" are the person’s anatomical sides

, not the viewer’s sides.
- For no visible contact, return: {"contact_parts":

[]}

Examples:
- {"contact_parts": ["right hand"]}
- {"contact_parts": ["right arm", "right elbow"]}
- {"contact_parts": []}

Output Format: {"contact_parts": ["part name", ...]}

Figure S2. Motion-aware captioning instruction for Pcontact.

Gaussian noise with a strength of 0.8, which alleviates un-
natural rendering artifacts while keeping the coarse video
structure. To denoise this noisy video latent, the diffusion
network is conditioned on: (1) the semantic prompt Psemantic
obtained from motion-aware captioning (Sec. 3.2), (2) 2D
human skeletons obtained by projecting the initial 3D hu-
man motion onto the novel viewpoint, and (3) a reference
image that is the first frame of each video segment. Using
these conditions, we iteratively denoise the noisy video la-
tent for 8 steps with a stochastic differential equation (SDE)
sampler [41]. At each step, the stochastic sampling injects
random noise into the video latent and denoises it under the
text description. Through this iterative process, the sam-
pling gradually corrects the implausible human-object in-
teraction in the rendering, based on the prior knowledge of
the diffusion network.
Regional text conditioning. To keep the appearance of the
human and object faithful to their own descriptions during
the refinement, we condition the human and object regions
on separate text prompts, Phuman and Pobject. We derive
Phuman and Pobject from Psemantic using the VLM [32], where
Phuman describes the identity, clothing, and body shape of
the person, and Pobject describes the category and shape of
the object. To apply each prompt to its own region, we ob-
tain the human and object masks by rendering the human
and object Gaussians separately from each novel viewpoint.
In every cross-attention layer of the diffusion network, we
blend the regional prompts into Psemantic with a weight of
λ = 0.2, following Eq. (2). As a result, the refined videos
keep the appearance of the human and object faithful to their
own descriptions while maintaining their interaction, and
serve as reliable supervision for the 4D HOI optimization.



VisTracker [54] InterTrack [56] CARI4D [57] HORIA (Ours)

403 783 453 439

Table S2. Running time comparison with video-based meth-
ods. We report the average runtime (sec) per one second of video.

S3.3. 4D HOI optimization

We use the Adam [22] optimizer for the 4D HOI optimiza-
tion. The learning rate is set to 5 × 10−2 for the object
rotation and translation, 1 × 10−3 for the human pose, and
1 × 10−4 for the human shape. We optimize for 250 steps
on a single NVIDIA RTX A6000 GPU.

S4. Comparison of running time

Tab. S2 shows that HORIAhas a competitive running time
compared to existing video-based methods. All methods are
evaluated on a single NVIDIA RTX A6000 GPU. Specifi-
cally, the interaction decomposition, interaction-aware re-
rendering, and 4D HOI optimization stages take 10, 308,
and 121 seconds, respectively, totaling 439 seconds per one
second of video. Although the re-rendering stage involves
a video diffusion model, our framework runs efficiently by
requiring only 8 denoising steps and accelerating the subse-
quent optimization with powerful multi-view cues from the
re-rendered videos.

S5. Limitations and future work

Reconstruction of local details. While our framework cap-
tures the overall interaction between the human and object,
it may miss fine-grained local details, such as hand articula-
tion, as shown in Fig. S3. Since the current video diffusion
network [46] struggles to generate complex hand poses, the
re-rendered videos provide unreliable cues for hand articu-
lation and its interaction with the object. A promising fu-
ture direction is to train an HOI-specific video diffusion net-
work on large-scale human-object interaction videos with
diverse hand articulations, providing reliable cues for 4D
reconstruction.

Physical grounding. Our framework encourages physi-
cal plausibility through the contact and collision constraints
during the 4D HOI optimization, but does not model phys-
ical dynamics, such as gravity and friction. This limits the
use of our reconstructions in robotics applications that re-
quire physically valid demonstrations. Future work could
incorporate more physics-based constraints or simulations
into the 4D HOI optimization to obtain physically grounded
reconstructions.

Methods CDH↓ CDO↓ Contact↑ Collision↓ AccelH↓ AccelO↓

TeHOR [31] 5.750 44.176 0.426 0.080 1.590 24.685

HORIA (Ours) 5.385 34.894 0.520 0.056 0.273 1.571

Table S3. Comparison with TeHOR [31] on every frame of
Open4DHOI [52].

Input video Reconstruction results

Figure S3. Failure case of reconstructing local details.

S6. More comparisons with state-of-the-art
methods

As the image-based methods in Tab. 4 are evaluated only
on key frames to reduce the evaluation cost, we compare
HORIA with TeHOR [31], a representative image-based
method, on every frame of Open4DHOI [52]. As shown
in Tab. S3, HORIA achieves substantially lower accelera-
tion errors than TeHOR. While TeHOR reconstructs each
frame independently, our framework is supervised by the re-
rendered videos, which carry the temporally coherent mo-
tion prior of the video diffusion network, yielding tempo-
rally consistent 4D reconstructions.

In addition, Fig. S4 shows more results demonstrating
the effectiveness of the 4D HOI optimization. Figs. S5
and S6 provide more qualitative comparisons with state-of-
the-art methods. These examples demonstrate the effective-
ness of our framework in reconstructing the 4D human and
object across diverse interaction scenarios.
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“A person lifts the chair from the floor 
with both hands”

“A person carries the 
chair across the room 

with both hands”

“A person turns the chair 
upright while lowering it to 

the floor”

Figure S4. More qualitative results of 4D HOI optimization. We render all reconstructions at −30◦ azimuth and highlight representative
failure cases with red circles.
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Figure S5. More qualitative comparison with VisTracker [54] and CARI4D [57]. We render each method’s reconstruction at −30◦

azimuth and highlight representative failure cases with red circles.



Final reconstruction

Initial reconstruction Rendered video (init)

Re-rendered video (refined)

Re-rendering
𝑃!"#$%&'( “A person raises the umbrella overhead with one hand.”

Figure S6. More qualitative comparison with VisTracker [54] and CARI4D [57]. We render each method’s reconstruction at −30◦

azimuth and highlight representative failure cases with red circles.
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