RHINO: Reconstructing Human Interactions with Novel Objects
from Monocular Videos
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We develop RHINO, a novel framework that reconstructs detailed (dynamic) 3D human-object interactions (HOI) and the

surrounding scene within a common world frame from a monocular RGB video with a moving viewpoint. RHINO uses per-component
neural SDFs to: (i) capture shape details, and (ii) encourage contact via a differentiable distance term. The “zoom-in insets” highlight
plausible contacts. RHINO requires neither a pre-scanned object template nor prior knowledge of the object, unlike most existing work.

Abstract

Reconstructing people, objects, and their interactions in 3D
is a long-standing and fundamental goal for intelligent sys-
tems. Often the input is RGB video from a moving camera,
making the task ill-posed; depth is ambiguous, humans and
objects occlude each other, and camera and object motion
entangle to create apparent motion. Most prior work ad-
dresses humans or objects in isolation, ignoring their inter-
play, or assumes known 3D shapes or cameras, which is im-
practical for real-world applications. We develop RHINO
(Reconstructing Human Interactions with Novel Objects),
a novel three-step framework that recovers in 3D a hu-
man, novel (unseen) manipulated object, and static scene
in a common world frame from a monocular RGB video.
First, we leverage 3D-aware foundation models to obtain
cues that stabilize Structure-from-Motion (SfM) even for
low-texture regions, this yields a coarse shape and apparent

motion of a manipulated object from foreground pixels, and
a coarse scene shape and camera motion from background
pixels. Second, we estimate a human in the camera frame
via an off-the-shelf method, and subtract the camera mo-
tion from apparent motion to extract the object motion;
this registers the human, object, and coarse scene shapes
into a common world frame. Third, we refine shapes using
a compositional neural field with per-component signed-
distance fields. The latter further enables differentiable
contact priors that attract surfaces while penalizing inter-
penetration, improving the physical plausibility of the final
reconstruction. For evaluation, we capture a new dataset of
handheld monocular videos synchronized with a volumetric
4D capture stage, providing ground-truth shape and cam-
era motion. RHINO outperforms state-of-the-art baselines
on novel-view synthesis and 4D reconstruction. Ablations
show that each stage contributes substantially. Code and
data are available at hitps://Ixxue.github.io/RHINO.


https://lxxue.github.io/RHINO

1. Introduction

Humans constantly interact with and manipulate objects in
their surroundings. Enabling computers to perceive these
interactions in 3D from a single RGB video benefits assis-
tive robotics, AR/VR, healthcare, media, and learning from
internet-scale videos. In this work, we reconstruct a 4D
scene with dynamic human-object interactions (HOI) from
such a monocular video.

This task is challenging due to depth ambiguities and
human-object occlusions. Moreover, camera motion pro-
duces “apparent motion” that entangles camera and object
motion. Finally, while 3D human recovery is now tractable,
reconstructing manipulated objects remains highly chal-
lenging because objects vary widely in shape and appear-
ance and are often low-texture or symmetric, making fea-
ture detection and tracking difficult.

Due to these challenges, prior methods address only
parts of the problem. Most methods reconstruct human-free
scenes [4, 54, 59, 60] or humans in isolation [12, 16, 17, 45].
A few methods jointly reconstruct humans and scenes in a
common world frame, but still fail to capture manipulation-
induced object motion [68, 76]; see Fig. 2. Moreover, many
methods assume known object/scene shapes [2, 20, 21, 24]
or calibrated cameras [2, 23], which is often impractical.

To our knowledge, no method provides a framework for
recovering a 4D HOI scene in a world frame from a moving-
view monocular RGB video. We address this gap with
RHINO (Reconstructing Human Interactions with Novel
Objects), a three-stage framework; see its results in Fig. 1.

First, we estimate the shape and motion of a novel (un-
seen) object. Prior work [22, 52] tackles this via Structure-
from-Motion (SfM) and feature correspondences. However,
everyday objects in full-body videos are often low-texture
and occupy a small region of the frame, making sparse fea-
tures [10] unstable and dense correspondences [51] incon-
sistent across frames. We leverage recent 3D-aware founda-
tion models [32] to produce dense, robust correspondences
that enable more reliable SfM for these objects.

However, the camera also moves, so apparent motion en-
tangles camera and object motion. To disentangle the two
motions, we first estimate the camera motion from static
background regions via SfM, and scale and align it with the
apparent motion. Then, we “subtract” this camera-induced
component from the apparent motion to obtain object mo-
tion. We also estimate an initial human shape and motion
in the camera frame [53]. Overall, this stage registers the
human, object, and scene into a common world frame.

The initial human, object, and scene shapes are coarse.
We refine them using a compositional neural field with per-
component signed-distance and appearance fields. We opti-
mize the fields for photometric and mask consistency, with
geometric regularization. This yields detailed 3D human,
object, and scene shapes aligned with the image cues. Cru-

Figure 2. Existing work, such as the HSR [68] SotA method,
can faithfully reconstruct the 3D shape of a static scene and of a
person moving in it, but struggles when people manipulate objects.
As illustrated, when a person pushes a table (top), the static part
of the scene is reconstructed well (bottom row, two views), but the
table’s reconstruction is degenerate (see the red highlight). Here
we do not show the reconstructed person to reduce occlusions.

cially, operating in a world frame—rather than individual

camera frames—enables multi-frame optimization over all

components, mitigating per-frame initialization errors.

However, reconstructed 3D shapes often lack physically-
plausible contact; hands frequently hover above objects or
visibly interpenetrate them. Our key insight is that neural
signed distance fields (neural SDFs) not only encode geom-
etry, but also provide continuous, differentiable distances
to object surfaces—an ideal signal for reasoning about con-
tact. We therefore repurpose per-component neural SDFs to
formulate a contact-aware loss that simultaneously attracts
surfaces and penalizes inter-penetrations, improving physi-
cal plausibility even under occlusions. We show that using
neural SDFs to jointly encode shape and reason about con-
tact is effective for monocular HOI reconstruction.

For evaluation, we capture a new dataset of 7 sequences
using a handheld camera synchronized with a 4D capture
stage to obtain monocular RGB video paired with ground-
truth 4D HOI geometry and camera motion. We evaluate on
novel-view synthesis and 4D reconstruction; RHINO out-
performs state-of-the-art (SotA) baselines. Ablations show
that each of RHINO'’s three stages contributes significantly.

Overall, our main contributions are the following:

1. We address the problem of reconstructing a 4D HOI
scene in a world frame from monocular RGB video, a
setting not tackled by prior work.

2. We use a compositional neural field framework with
per-component appearance fields and SDFs; the latter
encode both shape and human-object contact cues.

3. We use 3D-aware foundation models to estimate object
motion, while decoupling it from camera motion.

4. We collect a new evaluation dataset with a handheld,
moving RGB camera paired with 4D ground truth.

Code and data are public at https://Ixxue.github.io/RHINO.


https://lxxue.github.io/RHINO

2. Related Work 3. Method

Object Pose Estimation.Template-based pose estima- We consider an input video containing a human interact-
tion methods [3, 11, 34, 38, 58] achieve strong performanceing with an object, captured with a single, moving RGB
by tracking a known object template, but the need for a camera. Our goal is to recover the detailed 3D shapes and
pre-acquired template limits their applicability in the wild. appearances of a human, a manipulated object, and their
Template-free methods [1, 31] avoid this assumption, yet surrounding environment in a common world frame.
current approaches still require depth input [63] or a static ~ We build a three-stage framework (Figs. 3 and 4). First,
reference video to build an object model [22, 52], limit- we estimate an initial scene, object, and human (Sec. 3.1),
ing their use in the wild. Furthermore, these approachesand align them into a common world frame (Sec. 3.2).
rely on traditional 2D feature-matching techniques [10, 51] Then, we recover details via compositional per-component
that lack multi-view consistency and often produce unreli- neural SDFs (Sec. 3.3). Lastly, we use these neural SDFs to
able correspondences. In contrast, we leverage 3D foundaencourage contact and avoid inter-penetration (Sec. 3.4).
tion models [32] for dense, geometrically consistent corre-
spondences, enabling robust pose initialization without pre-
scanned templates. We further reconstruct objects in 3D,We estimate coarse shape for the static scene, and coarse
and re ne object poses using photometric cues, achievingshape and motion for the moving object and human in the
accurate pose estimation and high- delity reconstruction. camera frame. We also estimate camera motion. This lets

3D Human-Object Reconstruction. Most work on 3D us later align the human, object, and scene into a common
HOI relies on object templates that are known [18, 30, 40, world frame (Sec. 3.2), and jointly re ne these (Sec. 3.3).
64, 65, 67, 77] or retrieved from databases [8, 13, 73], lim-  Camera Motion & Scene Initialization. We estimate
iting applicability. ProciGen [66], trained on a large syn- the camera motion under the assumption that the scene
thetic dataset, enables template-free HOI reconstruction.background is static and de ned in the world frame. Con-
InterTrack [67] extends this to coherently track HOI in sequently, any apparent motion between the scene and the
3D over videos. Most existing methods are evaluated oncamera is caused only by the camera motion. However, the
datasets such as BEHAVE [2] and InterCap [24], focus- input video also contains the dynamic human and object.
ing on minimally clothed bodies—neglecting detailed sur- To isolate the static background, we exploit SAM2 [46] to
face geometry that serves as a critical contact ®ug,(  segment the video into a scene-only video, masking out the
shoes). Recent methods [15, 26, 71, 72] reconstruct de-human and the object. Based on these background pixels,
tailed interacting humans and objects with separable rep-we perform SfM [32, 42] and estimate camera motion for all
resentations, but rely on multi-view input, which is rarely framesCsen= fCl. 0N\, whereCl,,isthe camera pose (ex-
available in practice. Hand-only tracking and contact cuestrinsics) for framea andN is the video length, and a rough
have been used to reconstruct unseen objects [43, 56], buBD scene point cloud? CL g, as shown in Fig. 3 (a).
interactions are simple. Recently, HOLD [14] attains de-  Object Pose Initialization. We segment the moving ob-
tailed hand—object reconstructions from a single video, yetject from the video and establish feature correspondences
it does not tackle full-body interactions. Unlike CHORE across adjacent frames on the object pixels. However,
and InterTrack, which operate in the camera frame, RHINO the object usually occupies a small area in images, and it
reconstructs full-body human-object interactions in a world might be occluded, low-texture, or symmetric. This makes
frame, including the scene, directly from monocular RGB standard keypoint detectore.§, SuperPoint [10, 14])
video—without requiring prior object knowledge. or keypoint-free feature matching.¢, LoFTR [22, 51])

3D Human-Scene Reconstruction.Existing methods  yield sparse or non-distinctive matches, which challenges
recover 3D human skeletons [5, 19, 37, 49] or meshesStructure-from-Motion (SfM). We empirically nd that re-

[9, 20,21, 23, 28, 33, 35, 36, 39, 70, 75] within static scenes. cent 3D-aware foundational models remain surprisingly ef-
However, these methods typically rely on pre-scanned scendective. Thus, we adopt MASt3R [32] to establish cor-
geometry. Recent feedforward models [6, 47] relax this de- respondences across neighboring frames. MASt3R casts
pendency by inferring camera and human parameters fronthis as a 3D task based on pointmap regression rather than
images, though at reduced accuracy and without explicita 2D problem in image space, resulting in feature corre-
human modeling. Several works [50, 68, 69, 76] seek spondences that are more accurate and robust, even in low-
joint human-scene reconstruction from monocular inputs. texture regions. Based on these reliable matches, we per-
HSR [68] reconstructs humans within static scenes but can-form triangulation and obtain a composed camera trajec-
not handle moving objects. Going further, RHINO tack- tory, Cqj, as if the object was static, as shown in Fig. 3 (b).
les the challenging task of additionally reconstructing the ~ Human Initialization. We infer SMPL-X [44] bodies
dynamically manipulated object—whose shape, pose, andn the camera frame via the AiOS [53] model applied on a
motion are all unknown—in the same world frame. per-frame basis. These bodies have a reasonable but rough

3.1. Initialization



Figure 3.Camera & Object motion (Sec. 3.1, Sec. 3)2When both the camera and object move, their motion entangles into “apparent”
motion. To disentangle them, we (a) estimate camera motion in the world frame via SfM on scene-only pixels, (b) estimate apparent motion
via SfM on object-only pixels, (c—d) estimate object motion in the world frame by “removing” the camera motion from the apparent one.

pose, so their pixel-alignment can be improved. Thus, we
re ne poses to align to Sapiens [29] 2D keypoints, while
regularizing poses with a temporal smoothness loss, and in
terpolating keypoints in the case of occlusions by objects.

3.2. Aligning into World Frame

Section 3.1 de nes two camera trajectori€sc, and Coy;,

in the scene (or world) and object frame, respectively. But

in reality we have one camera, so we need to “unify” these.
Object to World. We consider as real the camera tra-

jectory estimated from the static scefr, SO we need to

align Copj to Csen. Let S be a scaling and = [R;t;0;1]

a rigid transformation, anB oy = fP, g, be the object

motion (sequence of poses) in the world frame. Then:

T S Cobj= Cscn Pobj, 1)

where we need to estima& T. We identify time frames
i%where the object is static, using RANSAC to nd a simi-
larity transform betweeg,; andCsry the frames that pro-

3.3. Joint Optimization

Given initial scene, object, and human estimates in a com-
‘mon world frame (Sec. 3.2), we re ne these to recover de-
tails via a compositional neural eld that has per-component
neural Signed-Distance Fields (SDF) and appearance elds.
Joint optimization in a shared world frame enforces multi-
view consistency and mitigates initialization imperfections.
3D Shape Representation. Extending the modeling

paradigm in [16, 68], we represent the shape of a human
(H), object(0O), and sceneg) as neural SDFs:

fle R¥* Mol R¥M (xM oy (M2, (B)
fQ R RY M, x%4 (9;2°), (6)
fS. R31 RY M xSi (S;25). (7)
where f{) maps a 3D pointx() to a signed distance
value, (), and a geometric feature{). To capture pose-

dependent deformations.(, clothing wrinkles)f f con-

vide consensus are static-object frames. For these frameditions on body articulation ,, excluding global orienta-

Pl

obj = 1,50 EQ. (1) simpli es to:

T S C:obj: Csen, )

which helps solve for scal&, rotation,R, and translation,
t, through the Umeyama least-squares algorithm [57]:

) 3)

min
o

i P2
SRt 1kSRC°bj+t Cserk”

wherec,; ci., are the camera centers Gfyyj; Cscn. We

then solve for object pose in the world frame (Fig. 3 (c—d)):
4

by removing the real-camera motid@g.,, from the appar-
ent motion C oy, after morphingC qp; via Procrustesg; T ).
Human to World. The per-frame bodies of Sec. 3.1 live

Popj = Cscln T S Copjs

tion and translation. The human and object elds operate in
canonical space; for mapping to the world frame see below.

Appearance Representation.To model the appearance
of ahuman¥d), object(O), and scene]) we employ three
neural elds that predict RGB colors from 3D points:

frgb:R3+n ptNz+3 1 R37 (XH; b;ZH;nH)i CH, (8)
frgb: R n*3 1 R3: (xO%:v:z%:n°)1 c©, (9)
fop: R¥ "1 R3 (x%;v;2%n%)1 ¢ (10)

All color elds condition on shape featureg!’, and nor-
mals,n(). The latter encourages disentanglement of shape
and appearance, and is obtained by computing the gradient
of the respective SDF. Note tH’q‘gb conditions on y, while

in the camera frame, under a weak-perspective assumptiont ,‘gb andf %b condition on the viewing directiory,. For the

We recover the body's trajectory in the world frame under a
perspective camera by exploiting 2D projection constraints
along with 3D contact constraints with a ground estimated
by applying RANSAC orP CL g, as in [25, 68].

object and the scene model, we optimize a per-frame latent

code to capture effects like shadows and highlights.
Mapping Canonical to World Frame. We model the

human and object in respective canonical, pose-independent



Figure 4. Method Overview. Starting with initialized global human and decoupled object poses (Sec. 3.1, Sec. 3.2), we sample points
along the camera ray for the human, object and static scene. To enable consistent representation, sampled points are warped into canonical
space using inverse LBS for the human and the estimated rigid transformation for the object. All components are then rendered holistically
via compositional volume rendering. A global optimization (Sec. 3.3) helps learn the 3D representation of all elements and re ne the initial
poses via a photometric loss, while encouraging physically plausible contact by leveraging differentiable contact priors (Sec. 3.4).

frames and nd maps from these to the world frame. For depth ambiguityg.g, hands might hover over or penetrate
the human eld, we use skeletal deformations and linear an object. We tackle this via contact and collision losses
blend skinning (LBS) with bone transformations extracted with a two-stage alternating re nement framework.

from asin [16, 68]. To do sox* = LBS(x"; ) and Contact Estimation. We leverage the recent image-
x" = LBS (x™; ), wherexlives in the world space.  based InteractVLM [13] model to estimate 3D body contact
For the object, we simply apply the object's pose to move points from each frame. However, this sometimes yields

between th(.e.space)sfr’ = Pop x° gndxo = Pob}xm- false positives and temporally-inconsistent detections. We
Compositional Volume Rendering.We perform acom-  tackle this by exploiting object motion. Since objects move
positional volume rendering for each camera rayp ren- only under manipulation, any frame containing object mo-

der animage and model occlusions between scene elementsion is labeled as a “contact frame,” suppressing false-

Speci cally, we sampleN 3D points within the bounding  positives on frames where no interaction occurs. Moreover,
box of each component in the world frame, and then sort we apply a temporal Iter on raw contact predictions to im-
based on their distance to the camera. The color value is: prove their temporal consistency; for details see Supp. Mat.
c(r) = X aN cO(x1) (11) Then, we use the object's neural SDF of Eq. (6) to de ne
i=1 ’ a differentiable term? = f& (x¢) that attracts the body-

where ; is an opacity value de ned in [68]. Similarly, we contact pointsx., onto the object. We also apply contact
can render depth, surface normals, and masks. and collision losses for physical plausibility as in [55]:

Joint Optimization. We train the human, scene, and ob-
ject neural elds jointly to recover details, via global opti- o
mization over alK frames using a per-pixel RGB loss and _ o. 2 . Cj .
auxiliary losses (mask, depth, and normal losses) as in [68]. L coliision = itanh = > if x. <0 (13)

In our work, we model close human-object interactions,
which often feature severe mutual occlusions (so recon- Pose Re nement via Contact. We use the physical
structed bodies seem truncated), and require detailed hantbsses of Eq. (12) and Eq. (13) in an optimization-based
reconstruction. To address this, we sample points within framework. However, applying these from the start harms
SMPL-X [44] human bodies (with negative SDF values) object shape due to inter-penetrations. To tackle this, we
and penalize for points outside these (with positive SDF). take a two-stage approach. In the rst stage, we optimize
Due to hand dexterity and inaccurate hand pose estimationgverything using the losses of Sec. 3.3 (RGB, mask, and
naive reconstruction often leads to clumpy hand geometry.shape cues); the physical losses are omitted. In the sec-
We resolve this via a hand-speci ¢ SDF loss that is guided ond stage, we freeze the shape networks (Eq. (5) — Eq. (7))
by the SMPL-X body mesh. For details, see Supp. Mat. and appearance networks (Eqg. (8) — Eq. (10)) and optimize
only the human and object poses; all losses are used, includ-
ing physical losses. We alternate between these two stages
The recovered scene, object, and human align well to pixelsthroughout the optimization; in this way the physical losses
(Sec. 3.3), but may be misaligned w.r.t. each other due tore ne poses without corrupting the object's shape.

Lcontact= 1tanh 0;and (12)

3.4. Improving Physical Plausibility



Setup Chamfer Hausdorff F1 Score Method | PSNR" SSIM"  LPIPS#
Distance [cmJ# Distance [cmJ# @2 cm [%]" HSR [68] 2265  0.791 0.246
Method H O s H O H+O H O H+O H O H+O _HOLD[14] 1792 0646 0513
HSR [68] 3 7 3 269 — _— o208 _ — 5517 _ — RHINO (Ours)| 25.80 0832  0.212
HOLD [14] 7 3 7 — 441 — @ — 1192 — — 8364 — e Evaluati i
InterTrack[67] 3 3 7 4.66 11.16 7.8 2058 3328 30.97 2041 16.81 2502 a0'€ 2 Evaluation on novel-view syn-
thesis. We evaluate on all BenchRHINO

RHINO(Ours) 3 3 3 265 1.21 242 1564 10.80 14.90 56.16 90.42 56.51

sequences. Our method (RHINO) pro-

Table 1.Evaluation on shape reconstruction.We evaluate on all BenchRHINO sequencesddes substantially better view synthe-
using standard metrics. Columns denote the human (H), object (O), or scene (S). The “Setupiality, outperforming both baselines
columns indicate whether each model (row) estimates shape for the human, object, or seenass all metrics.

4. Evaluation

First, we discuss the dataset and metrics. Next, we evaluat
RHINO against SotA methods on shape reconstruction and

novel-view synthesis. Last, we ablate our design choices.
4.1. Dataset — BenchRHINO

Most HOI datasets have been captured with static cameras

[2, 24, 71, 72, 77]. No existing dataset captures full-body
and object interactions with a moving camera, similarly to
cameras of Internet videos. We |l this gap by capturing

BenchRHINO, a new benchmark dataset captured with a

hand-held camera moving within a volumetric 4D capture

studio. This lets us capture monocular, moving-viewpoint

RGB video, with frames paired with 3D ground truth (GT).
BenchRHINO: Setup & Statistics. We use a capture

less objects and rapid pose changes. HSR [68] reconstructs
a human and a scene in a world frame, but cannot handle

edynamic human-object interactions. InterTrack [67] pre-

dicts sparse human and object point clouds from an RGB
video, but struggles generalizing for previously unseen ob-
jects, and cannot produce a detailed reconstruction.
Evaluation Metrics. Shape reconstruction is evaluated
via Chamfer distance (CD), Hausdorff distance (HD), and
F1 score at 2 cm. Baselines perform reconstruction in the
camera frame, so we perform ICP to align their results to the
GT mesh before computing the metrics. Novel-view syn-
thesis is evaluated via PSNR, SSIM [61], and LPIPS [74].

4.3. Task 1. Shape Reconstruction
We compare to HSR [68], HOLD [14], and InterTrack [67]

studio comprising 106 synchronized cameras (53 RGB and®" shape reconstruction on the BenchRHINO dataset. As
53 IR cameras) at 12 MP resolution and 30 FPS. We captureShown in Tab. 1, our method clearly outperforms all base-
7 sequences, featuring 4 subjects manipulating 6 objects. lines [14, 67, 68]. The difference becomes more evident
Shape GT.Shape is reconstructed from the raw images In the qualitative comparisons pr_esented in Figs. 5 and 6.
via a commercial software [7]. To separate this shape into HOLD [14] struggles reconstructing good shape when the
a human mesh and object mesh, we rst detect respectiveOPi€ct pose is noisy (Fig. 5, 2nd row and 4th row). Equip-
masks (paired with labels) in RGB images via SAM2 [46], Ping HOLD with accurate object pose estimation leads to
and then back-project masks from all views while applying S9N cantly be_tter object reconstruction quahty in _F|g. 6.
majority voting to factor-out noise in SAM2 mask labels. ~ However, it still struggles modeling hand-quect Interac-
Camera Motion GT. We use an iPhone to capture video 10N, @s the reconstructed shapes look aligned to image
with a moving viewpoint. To recover its GT motion (se- CUes, but are misaligned w.r.t. each other in 3D space.
quence of 6D poses), we take two steps. First, we attach adnterTrack [67] reconstructs reasonable shape for objects
AprilTag [41] to get a rough initial pose trajectory within the  Similar to its training data€(.g, chair, suitcase), but strug-
capture stage. Then, we utilize the mask loss between thedles modeling the relative spatial con guration of the hu-
projected mesh mask and the segmentation masks obtaineftan and object. For out-of-distribution objects, InterTrack
with SAM2 [46], similar to the MultiPly method [27]. struggles signi cantly more, as shown in Fig. 6. In con-
WIldRHINO: In-the-wild videos. Since our annotated trast, our method robustly reconstructs unseen objects and
dataset is captured in lab settings, we also capture videos if1O!S that closely resemble the ground truth.
natural indoor environments for qualitative evaluation. We 4.4. Task 2: Novel-View Synthesis

capture 5 sequences of 3 subjects manipulating 4 objects.

We compare to HSR [68] and HOLD [14] quantitatively
on novel-view synthesis on BenchRHINO, even though this
Baselines. No existing method can reconstruct detailed task is not our primary goal. InterTrack [67] is excluded
human-object interactions in a world frame from monoc- from this comparison as it only outputs point clouds and
ular RGB videos. We compare to the following closest re- does not model appearance. As shown in Tab. 2, our
lated work: HOLD [14] reconstructs hand-object interac- method produces better rendering quality than the baselines.
tions only in the camera frame, and struggles with texture- For visual comparisons, please see Supp. Mat.

4.2. Evaluation Protocol



Figure 5.Evaluation on shape reconstruction (Sec. 4.3)n our BenchRHINO dataset (Sec. 4.1). HOLD [14] struggles with noisy object
poses (rows 2, 4) and fails to model interaction. InterTrack [67] recovers reasonable object shape but fails to model the interaction due to
large human and object pose errors. Our method (RHINO) faithfully recovers interactions, which lie closer to the ground truth (GT).

Figure 6. Evaluation on shape reconstructionon WildRHINO.
InterTrack [67] fails on these out-of-distribution objects. While
HOLD (vanilla HOLD [14] using our method's object poses)
reconstructs good object shape, it fails to model interactions. Figure 7. Evaluation on object pose estimation (Sec. 4.5\We
RHINO yields reasonable reconstruction re ecting the interaction. compare t&SP+SG a HOLD-inspired [14] baseline that uses Su-
perPoints [10] and SuperGlue [48], and one that uses LOFTR [51].
denotes failed reconstruction due to wrong object poses.

4.5. Ablation Study

Object Pose Estimation.We compare our object pose es- used in BundleSDF [62] and OnePose++ [22]. As shown
timation, which uses MASt3R [32] features, against tra- in Fig. 7 and Tab. 3, object poses estimated with our
ditional pipelines. These include the SuperPoint [10] + method enable signi cantly more robust and accurate ob-
SuperGlue [48] pipeline 8P+S(@), as used in HOLD [14]  jectreconstruction. The qualitative results in Fig. 7 visually
and OnePose [52], a strong 2D feature matching baselineexplain this performance gap. The SP+SG pipeline tends
We also compare against the dense feature LOFTR [51],to fail for large textureless objects (Fig. 7, 3rd row) due to
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