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Figure 1. HOLD: Given a monocular video sequence of a hand interacting with an unknown object, our method, HOLD, reconstructs
high-quality 3D hand and object surfaces in both in-the-lab videos from a static camera and in-the-wild egocentric-view videos. Here we
show the input images and the reconstructed normals. Best viewed in color.

Abstract

Since humans interact with diverse objects every day,
the holistic 3D capture of these interactions is important
to understand and model human behaviour. However,
most existing methods for hand-object reconstruction from
RGB either assume pre-scanned object templates or heav-
ily rely on limited 3D hand-object data, restricting their
ability to scale and generalize to more unconstrained in-
teraction settings. To this end, we introduce HOLD – the
first category-agnostic method that reconstructs an artic-
ulated hand and object jointly from a monocular interac-
tion video. We develop a compositional articulated implicit
model that can reconstruct disentangled 3D hand and ob-
ject from 2D images. We also further incorporate hand-
object constraints to improve hand-object poses and conse-
quently the reconstruction quality. Our method does not
rely on 3D hand-object annotations while outperforming

† Work done prior joining Google

fully-supervised baselines in both in-the-lab and challeng-
ing in-the-wild settings. Moreover, we qualitatively show its
robustness in reconstructing from in-the-wild videos. Code:
https://github.com/zc-alexfan/hold

1. Introduction

We interact with a diverse set of objects in our everyday
lives: We hold our morning cup of coffee; we hold a drill
when making home renovation; and we pour cereal from a
box. Studies show that on average, we interact with 140
objects per day [40]. To understand and model these inter-
actions, it is critical to be able to reconstruct them in 3D.
Toward this goal, we tackle the challenging problem of re-
constructing diverse 3D objects and the articulated hands
holding them from only a monocular video of the hand-
object interaction, as illustrated in Fig. 1.

Most hand-object reconstruction methods assume a pre-
scanned object template [9, 18, 19, 62], making it infeasible
to scale to in-the-wild scenarios [2]. Other methods do not
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assume object templates [17, 23, 65], but are trained us-
ing datasets with a limited number of objects, leading to
poor generalization. Very recently, Yeet al. [66] introduced
a data-driven prior that is trained on six object categories
and they leverage this prior to reconstruct hand and object
surfaces from segmentation mask observations. Although
they can reconstruct novel objects and articulated hands,
their method is limited to these training categories. An-
other emerging line of work focuses on in-hand object scan-
ning [16, 21, 72] from monocular videos. They adapt multi-
view reconstruction techniques to aggregate observations of
hand-held objects in multiple rigid poses. While achiev-
ing promising reconstruction quality on novel objects, these
methods do not consider hand articulation and hence cannot
handle more dexterous hand-object interaction.

In this paper, we go beyond prior works to tackle the
problem ofcategory-agnostic reconstructionof hands and
objects. Given a monocular video as input, our method
HOLD (Hand and Object reconstruction by Leveraging in-
teraction constraints in three Dimensions) reconstructs hand
and object 3D surfaces for every frame without assuming an
object template. Our key insight is that hands and objects
in interaction provide complementary cues to each other's
shapes and poses. For example, when one holds a coffee
mug, the hand geometry infers the shape of the mug via con-
tact. Thus, we propose to jointly model the object and artic-
ulated hand with a compositional neural implicit model.

To jointly reconstruct the hand and object surfaces from
a video, HOLD performs initial hand pose estimation via
an off-the-shelf hand regressor and object pose estimation
with structure-from-motion (SfM). With the initial noisy
hand and object poses, we train HOLD-Net, our compo-
sitional neural implicit model of an articulated hand, and
an object. The model is volumetrically rendered and super-
vised with auxiliary losses to obtain the 3D hand and object
surfaces. After initializing the hand and object shapes by
training HOLD-Net, we optimize hand and object poses via
interaction constraints. Finally, we use the re�ned poses to
train HOLD-Net for better shape reconstruction.

We empirically show that by jointly modelling the hand
and object in this category-agnostic reconstruction setting
through interaction constraints, we achieve better recon-
struction quality than methods that only consider objects.
We quantitatively evaluate our method with an existing
hand-object dataset and further show that our method can
generalize to both in-the-lab and in-the-wild videos. We
also demonstrate generalization to videos captured by a
moving camera from both 3rd person and 1st person views
with diverse lighting and background conditions.

To summarize our contributions: 1) We present a novel
method that accurately reconstructs 3D hand and object sur-
faces from monocular 2D interaction videos without requir-
ing a pre-scanned object template or pre-trained object cate-

gories. 2) We formulate a compositional implicit model that
facilitates the disentanglement and the reconstruction of 3D
hand and object. 3) We show that by jointly optimizing
hand-object constraints, we can obtain better reconstruction
quality than treating the hand and object separately. 4) We
evaluate our method both qualitatively and quantitatively
for 3D reconstruction, and we demonstrate realistic recon-
struction on challenging in-the-wild videos. Our model and
code will be available for research.

2. Related Work

3D hand pose and shape recovery:The �eld of monocu-
lar RGB 3D hand reconstruction has been evolving since the
foundational work of Rehg and Kanade [44]. A signi�cant
portion of the existing literature is focused exclusively on
reconstructing the hand [1, 4, 8, 10, 17, 22, 29, 36, 38, 48–
51, 58, 68, 71, 74, 75]. For instance, Zimmermannet
al. [75] employ a deep convolutional network, implement-
ing a multi-stage approach to achieve 3D hand pose esti-
mation. Spurret al. [50] incorporate biomechanical con-
straints to re�ne and stabilize the predictions of hand poses.
Recently, there are also methods that reconstruct 3D hand
poses of strongly interacting hands [14, 26, 28, 29, 34–
37, 39]. Tseet al. [57] introduce a spectral graph-based
transformer for two hand reconstruction. Compare to these
methods, we focus on hand-object reconstruction.
Hand-object reconstruction: Reconstructing the hand
and object in 3D from images and videos is also a well-
established research area [7, 11, 17–19, 32, 55, 56, 62,
63, 73]. Most methods in the literature assume an ob-
ject template and only estimate the object and hand pose
[2, 7, 32, 55, 63]. For example, Tekinet al. [63] infer 3D
control points for both the hand and the object in videos, us-
ing a temporal model to propagate information across time.
Liu et al. [32] devise a semi-supervised learning approach
by �rst constructing pseudo-groundtruth on hand-object in-
teraction videos based on temporal heuristics and train the
model with the new annotation. Yanget al. [63] introduce
a contact potential �eld for better hand-object contact for a
given object. Despite accurate object pose estimation qual-
ity, it is hard to generalize such work to novel objects and in-
the-wild videos because it requires known object templates.
There are methods that do not assume an object template by
training on 3D hand-object data [5, 17, 23, 65]. Unfortu-
nately, these methods have poor generalization ability due
to limited 3D hand-object data. Recently, there are more
generalizable approaches [21, 42, 43, 53, 66] with differ-
entiable rendering and data-driven priors. However, they
require either the hand to be rigid when interacting with
objects [21, 42], multi-view observation [43], or category-
level hand-object supervision [66]. In contrast to them, our
method allows articulated hands, only requires monocular
view, and is category-agnostic.



Figure 2.Method overview. For each image in a video, our method, HOLD, �rst initializes the hand and object poses using off-the-shelf
estimators. Then we brie�y pre-train HOLD-Net, a compositional implicit signed distance �eld to learn hand and object shapes. The
learned shapes of HOLD-Net are then used to re�ne poses with hand-object interaction constraints. Finally, we use the re�ned poses to
fully train HOLD-Net to learn accurate 3D geometries of hand and object.

In-hand object scanning: There have been increasing in-
terests in in-hand object scanning. The goal of this task is
to reconstruct canonical 3D object shape from a video of
a human interacting with an object; the hand is often not
reconstructed. For example, early works such as Tzionas
et al. [59] leverage hand motion as a prior for object scan-
ning. Recently, BundleSDF [61] estimates the object pose
with the help of sequential RGBD images and simultane-
ously reconstructs the implicit surface de�ned by the Signed
Distance Function (SDF). HHOR [21] also employs SDFs
for object surface representation but distinguishes itself by
concurrently reconstructing both the object and the hand,
assuming the object is securely gripped. Hampaliet al. [16]
propose a novel approach, incorporating a camera trajec-
tory alignment technique and utilizing volumetric rendering
for enhanced object surface reconstruction. Very recently,
Zhonget al. [72] introduce a global coloring and relighting
network that signi�cantly improves texture extraction dur-
ing the object scanning process. In contrast to our work, the
methods above do not reconstruct hands with articulation
and mainly focus on capturing the object canonical shape.

3. Method: HOLD

Figure 2 summarizes our method, HOLD, for reconstruct-
ing hand-object surfaces from a monocular RGB video. To
achieve this, HOLD �rst initializes hand and object poses
(Sec. 3.1) for each frame in a video. Then we use the
poses to train HOLD-Net (Sec. 3.2), a compositional im-
plicit signed distance �eld for hand and object shapes with
a small amount of epochs. Using the learned shapes, we re-
�ne hand-object poses via interaction constraints (Sec. 3.3).
Finally, with the re�ned poses we fully train HOLD-Net
(Sec. 3.4), resulting in accurate 3D hand-object geometry.

3.1. Pose initialization

For each frame, to obtain hand poses� , shape� , global
rotation R h 2 SO(3) and translationt h 2 IR3, we use
an off-the-shelf hand pose estimator [30]. Estimating ob-
ject pose is more challenging because our approach is cat-
egory agnostic and existing category-level object pose esti-

mators are unsuitable for out-of-category objects [3, 60].
Consequently, following [16], we �rst create object-only
images for each video by masking out the object pixels us-
ing an off-the-shelf segmentation network [25]. We then
use HLoc [46, 47] to perform structure-from-motion (SfM)
to obtain a point cloud de�ning the object and its rotation
R o 2 SO(3) and translationt o 2 IR3 for each frame. Since
SfM only reconstructs point clouds up to a scale, to align
the hand and object in the same space and to estimate the
object scales 2 IR, we perform a simple optimization pro-
cedure that encourages hand-object contact while enforcing
the 2D reprojection of hand joints and the object point cloud
to match with the original 2D projection. This optimization
updates hand and object translationf t h ; t og for each frame,
the hand shape� , and an object scales. Details in SupMat.

3.2. HOLD­Net training

3.2.1 HOLD-Net

Inspired by [13, 64], we represent the hand and object
surfaces as two neural representations that can be volu-
metrically rendered into an RGB image. We use a time-
dependent NeRF++ [70] to model the dynamic background.
Our HOLD-Net model is illustrated in Fig. 3
Hand model: We model the hand as an implicit network,
driven by MANO pose� , global rotationR h , and transla-
tion t h . To model the hand shape and appearance in canoni-
cal space, we use a signed distance and texture �eld param-
eterized by a multi-layer perception (MLP):

f h : R3 ! R � R3 (1)

x 7! d;c; (2)

where the MLPf h , with learnable parameters h , takes in
a canonical pointx , and predicts its signed distance values
to the hand surfaced and colorc.

To determine the signed distance and color in the de-
formed observation space, we map points in the observation
spacex0 back to the canonical space using inverse LBS:

x = (
P n b

i =1 wi (x0) � B i ) � 1x0; (3)



Figure 3. HOLD-Net . Given as input hand and object poses and a query pixel, HOLD-Net determines the pixel color in the following
steps. 1) HOLD-Net �rst samples points along the ray independently for object, hand, and background using error-bounded sampling. 2)
These sampled points in the observation space are then mapped to the canonical space. Object points are rigidly transformed based on
the object pose and hand points undergo articulated deformation with inverse linear blend skinning. 3) The SDF and color values for the
sampled points are queried from the canonical hand, object, and background networks. 4) All object, hand, and background points are
aggregated and their color and density values are integrated to determine the pixel color.

wheref B i gi =1 ;:::;n b are the bone transformations derived
from � with forward kinematics, andf wi (x0)gi =1 ;:::;n b are
the skinning weights of each deformed point determined by
averaging the skinning weights of the K-nearest vertices of
the MANO model [45] weighted by the distance.
Object model: Similar to the hand model, our object model
is driven by the relative object scales, rotation R o and
translationt o between the canonical and deformed space re-
spectively. The object canonical shape and texture are mod-
elled via a neural signed distance and texture �eldf o, with
learnable parameters o:

f o : R3 � Rn z;o ! R � R3 (4)

x; zo 7! d;c; (5)

wherezo 2 Rn z;o of dimensionnz;o = 32 is an optimizable
dependent latent code to model the changing object appear-
ance due to varying pose, occlusion and shadows.

To determine the signed distance and color of the object
in the deformed observation space, we map points in the
observation spacex0 back to the canonical space using a
simple rigid transformation:

x = ( sR o) � 1 � (x0 � t o): (6)

Background: Following [13, 64], we de�ne a bounding
sphere of the foreground scene, in our case the hand and the
object. For a given samplex0 outside the bounding sphere,
the signed distance and color are predicted by a background
network with learnable parameters b:

f b : R3 � R3 � Rn z;b ! R � R3 (7)

x; v ; zb 7! d;c; (8)

wherev 2 R3 is the viewing direction andz 2 Rn z;b of
dimensionnz;b = 32 is an optimizable latent code with dis-
tinct value for each frame to model dynamic backgrounds.

Since we are only interested in modelling hands and ob-
jects, and images of human interaction often obtain parts
of the body, this model is also used to explain partial ob-
servation of the human body as part of the changing back-
ground. Following NeRF++ [70], we use their inverted
sphere parametrization in our background model. More de-
tails can be found in SupMat.
Compositional volumetric rendering: Following [64], to
convert hand and object SDFs to density� for volume ren-
dering, we use the cumulative distribution function of the
scaled Laplace distribution, denoted as� � 1 ;� 2 (s), where
� 1; � 2 > 0 are optimizable (see [64] for details).

To render the foreground,i.e., the hand and object, we
�rst sample points along the corresponding rayr parame-
terized by a camera centero and a viewing directionv us-
ing error-bounded sampling [64]. We samplen points for
the handf x0gh

i =1 ;:::;n , transform them to canonical space
using inverse LBS, and query their opacity and color val-
uesf (� i ; ci )gh

i =1 ;:::;n from the canonical hand modelf h .
Similarly for the object, we samplen points f x i gi =1 ;��� ;n

along the same ray, and obtain their density and color
f (� i ; ci )go

i =1 ;:::;n by transforming them rigidly back to the
canonical object model. We then sort and merge the two sets
of samples via their depth value to obtainf (� i ; ci )gi =1 ;:::; 2n

and perform volumetric rendering:

CF (r ) =
P 2n

i =1 � i ci (9)

where� i = exp
�

�
P

j<i � j � j

�
(1 � exp (� � i � i ))

and � i is the distance between two consecutive samples.
Similarly, we determine the background colorCB (r ) by
querying the density and color of sampled points from the
background network. To composite the background and
foreground, we render the foreground mask probability of a
ray r , which can be derived asM F (r ) =

P 2n
i =1 � i 2 IR. To



render with the dynamic background, the �nal color value
of the ray is de�ned as

C(r ) = CF (r ) + (1 � M F (r ))CB (r ) (10)

whereCB (r ) is the background color value. Similar to de-
termining the foreground probability, our model also deter-
mines the amodal mask [27] probability of a pixel belong-
ing to handM h (r ) 2 IR or objectM o(r ) 2 IR by accu-
mulating the transmittance of hand or object samples inde-
pendently. In addition, our model renders the class prob-
ability S(r ) 2 IR3 between hand, object, and background
of each pixel by following the rendering procedure in Eq. 9
and Eq. 10, while replacing the colorc of each sample point
with a one-hot three-vector for each class.

3.2.2 Training losses

Since reconstructing the 3D hand and object shapes from
a monocular video is highly under-constrained, we devise a
lossL consisting of several terms to optimize for the texture
and shape network parametersf  h ;  o;  bg, the per-frame
parametersf �; R h ; t h ; R o; t o; zo ; zb g, and global parame-
tersf �; s g.

In particular, we �rst encourage RGB values to be con-
sistent with the input image via

L rgb =
X

r






 C(r ) � Ĉ(r )






 (11)

wherer is a ray casted from a sampled pixel on an image,
andC(r ) andĈ(r ) are the rendered and ground-truth color.

To encourage disentanglement between the hand, object,
and background, we enforce a multi-class segmentation loss

L segm=
X

r






 S(r ) � Ŝ(r )






 ; (12)

whereŜ(r ) 2 IR3 is a one-hot vector representing the pre-
dicted class of a pixel, obtained with an off-the-shelf seg-
mentation network [25]. To regularize the hand and object
shapes, we sample points uniformly at random as well as
around the surface of the hand and object in their canonical
space. We then enforce the eikonal lossL eikonal [12] to reg-
ularize the canonical hand and object shapes. To provide a
shape prior for the hand, using the same set of samples, we
enforce the SDF predicted by our canonical hand model to
be similar to the one from a MANO model using the fol-
lowing loss:

L sdf =
X

x 2X

kf h (x) � SDF (x)k (13)

whereX is a set of randomly sampled points in canonical
space andSDF (x) is the signed distance from the MANO

mesh. To obtain a smooth SDF from the MANO mesh, we
sub-divide MANO using Loop subdivision [33].

Finally, to enforce sparsity of the hand density outside
of its surface, for a rayr that is far from the MANO hand
mesh, we enforce its amodal mask probabilityM h (r ) to be
zero. A rayr is far away from a mesh if its closest distance
to the mesh exceeds a threshold. Similarly, we periodically
construct an object mesh via marching cubes and use it to
enforce the object sparsity loss when the ray of a pixel is far
away from the object. Formally,

L sparse=
X

r2F h

kM h (r )k +
X

r2F o

kM o(r )k (14)

whereFh andFo are the set of rays that are far from the
hand and object meshes respectively. The total lossL is
de�ned as

L = L rgb + � segmL segm+ � sdfL sdf

+ � sparseL sparse+ � eikonalL eikonal (15)

where� � are the weights for the losses. Note that since
predicted segmentation masks are often noisy we gradually
decrease� segm over time and gradually increase the prior
weights� sdf and� sparseover time.

3.3. Pose re�nement

The poses from Sec. 3.1 are imperfect because object point
clouds from SfM are noisy, and the hand shape parame-
ters are not optimized. While jointly training HOLD-Net
and optimizing the poses could theoretically resolve noisy
poses, we empirically �nd that this strategy is inef�cient
as the pose of each training frame gets only sparse train-
ing signals, i.e. only when the the corresponding frame
is sampled. To obtain accurate poses ef�ciently, we �rst
train HOLD-Net for a small number of epochs to ob-
tain a coarse estimate of the object shape. Then we fol-
low [67] and re�ne the hand and object pose parameters
f R h ; t h ; R o; t o; �; s g with mesh-based constraints, using
the object mesh extracted from HOLD and MANO.

In particular, we encourage contact between frequently
contacted hand verticesV tips (vertex ids from [17]) and the
object vertices by encouraging each such hand vertex to be
close to an object vertex. Formally, the loss is de�ned as:

L contact=
X

i

min
j




 V i

tips � V j
o




 : (16)

To provide better pixel-alignment for the hand and the ob-
ject, we use Soft Rasterizer [31] to render the hand amodal
masksM h and object amodal masksM o and encourage
it to match the masks from off-the-shelf semantic segmen-
tation using an occlusion-aware termL mask similar to [69]
(see SupMat). These simple terms work well in practice;
see SupMat for more discussion.



3.4. Final training

Given the re�ned hand pose parametersf � g from Sec. 3.2
and f �; R h ; t h ; R o; t o; sg from Sec. 3.3, we fully train
HOLD-Net with the lossL following the formulation in
Sec. 3.2 to reconstruct the 3D hand and object geometries
for every frame of an input video. To avoid artifacts that
f h , f o, f b could have learnt during pre-training due to in-
accurate poses, we trainf  h ;  o;  b; zo; zbg from scratch.
For brevity, we ignore the timestamp for frame-speci�c pa-
rameters. Note that HOLD-Net is pre-trained with half the
number of epochs compared to this full-training stage for
computational ef�ciency as we observe that the hand and
object shape stabilizes in the early stages of training.

4. Experiments

In this section, we compare our method with existing base-
lines for thecategory-agnostic hand-object reconstruction
task. The goal of the task is to reconstruct accurate 3D sur-
faces for the hand and object from monocular video obser-
vations, where we do not assume an object template.
In-the-lab dataset: We use the widely-used HO3D-v3
dataset [15] for quantitative and qualitative evaluation. The
dataset consists of RGB videos of a human hand manipu-
lating a rigid object. The hand is articulated in this dataset
and it provides accurate 3D annotations for MANO hand
parameters and 6D object poses. Since the dataset does not
release ground-truth for its evaluation set, we use sequences
in the training set for evaluation. Since our task focuses on
generalization, none of the methods here are trained using
HO3D. We downsample all sequences every 5 frames.
In-the-wild sequences: To evaluate whether our method
can generalize to diverse in-the-wild settings, we capture
sequences of household items in both in-door and out-door
scenes. We capture in both 1st-person moving view and
3rd-person static view via an iPhone 14 main camera under
different lighting conditions. For each video, we downsam-
ple it every 10 frames for our experiments.
Metrics: We use root-relative mean-per-joint error
(MPJPE) in millimeters to measure hand pose error, and
Chamfer distance in squared centimeters to evaluate object
reconstruction quality [5]. Since Chamfer distance is sensi-
tive to outliers, we also use F-score in percentage to mea-
sure local shape details [54, 66]. In particular, to evalu-
ate object template quality independent from object pose,
following [66], we perform ICP alignment to the ground-
truth mesh of the HO3D meshes allowing scale, rotation
and translation and compute the Chamfer distance (CD) and
F-score at 5mm (F5) and 10mm (F10). To measure object
pose and shape relative to the hand in 3D, we subtract each
object mesh by the predicted hand root and compute the
hand-relative Chamfer distance for the object (CDh ).
Implementation details: We train each sequence using

MPJPE [mm]# CD [cm2] # F10 [%] " CDh [cm2] #

iHOIy [65] 38.4 3.8 75.8 41.7
DiffHOI [66] 32.3 4.3 68.8 43.8

Ours 24.2 0.4 96.5 11.3

Table 1. Comparison with SOTA hand-object reconstruction
methods. We evaluate our method and two baselines on the HO3D
dataset.y During training, iHOI uses 3D annotation of the test
objects, while DiffHOI and ours do not use such information.

Adam [24]. In each iteration we optimize 10 randomly sam-
pled images from the sequence. For each image, we sample
256 pixels and for each pixel, we sample 64 points along the
ray. For stability, we perform gradient clipping. We perform
the initial training for 100 epochs, which requires around
10 hours using an A100 GPU. The �nal training takes 200
epochs. We use SAM-track [6] to derive the hand and object
segmentation masks by using point-prompting for the �rst
frame of each video. More details can be found in SupMat.

4.1. State­of­the­art comparison

Hand-object reconstruction: Table 1 compares our
method with existing hand-object reconstruction methods
that do not assume an object template. We observe that
HOLD signi�cantly outperforms existing methods in terms
of hand pose (MPJPE), object pose and shape (CD) accu-
racy. Our method also infers the relative spatial arrange-
ment of the hand and object more accurately as shown by
the superior hand-relative Chamfer distance (CDh ).

This improvement is also re�ected in the qualitative
comparison in Fig. 4. Our method consistently produces re-
constructions that are closer to the ground-truth than those
of iHOI and DiffHOI, with notable improvements in captur-
ing the �ne structures, such as the mug handle and the car
frame, as well as the dynamic postures of the hand and ob-
ject. In contrast, the reconstructions from the two baseline
methods lack details and suffer from erroneous hand and
object poses, even on the easier in-the-lab dataset. Notably,
both baseline methods use 3D supervision - iHOI is trained
on the HO3D dataset sequences with ground-truth 3D shape
and DiffHOI uses 3D shapes of diverse bottles and mugs as
training supervision. In contrast, our method only uses the
input 2D monocular video without requiring any 3D anno-
tation, while still achieving superior quality. Our method
can also reconstruct hands and objects reliably under differ-
ent backgrounds, and lighting conditions in both 3rd-person
view and moving egocentric views (see Fig. 5).
Generalization: To quantify our method's ability to gener-
alize compared to DiffHOI, in Table 2 we split the HO3D
sequences according to whether they belong to the training
categories of DiffHOI. We see that while DiffHOI's perfor-
mance signi�cantly drops across all metrics for unseen cat-
egories, our method has consistent performance on all cate-
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