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Abstract

Reconstructing hand-held objects in 3D from monocular
images remains a significant challenge in computer vision.
Most existing approaches rely on implicit 3D representa-
tions, which produce overly smooth reconstructions and are
time-consuming to generate explicit 3D shapes. While more
recent methods directly reconstruct point clouds with diffu-
sion models, the multi-step denoising makes high-resolution
reconstruction inefficient. To address these limitations, we
propose a transformer-based model to efficiently recon-
struct dense 3D point clouds of hand-held objects. Our
method follows a coarse-to-fine strategy, first generating a
sparse point cloud from the image and progressively refin-
ing it into a dense representation using pixel-aligned im-
age features. To enhance reconstruction accuracy, we inte-
grate image features with 3D hand geometry to jointly pre-
dict the object point cloud and its pose relative to the hand.
Our model is trained end-to-end for optimal performance.
Experimental results on both synthetic and real datasets
demonstrate that our method achieves state-of-the-art ac-
curacy with much faster inference speed, while generalizing
well to in-the-wild images.

1. Introduction

Reconstructing hand-held objects in 3D from monocular
images has shown great potential for widespread real-world
applications, ranging from action recognition [4, 21, 23,
26], human-computer interaction [10, 19, 20] to robotics
manipulation [17, 53, 72]. Despite notable advancements
in this task, achieving robust and efficient 3D reconstruc-
tion remains a significant challenge.

Existing approaches for hand-held object reconstruction
can be broadly categorized into two types. The first cate-
gory employs optimization-based algorithms to predict 3D
object poses [7, 28, 33, 92, 101] alone or jointly with 3D
shapes [24, 36, 96]. While these methods achieve promis-
ing reconstruction accuracy, they often rely on additional

Methods based on
implicit functions

D-SCO

HORT (Ours)

HO

Figure 1. Comparison of inference speed and reconstruction qual-
ity on the ObMan dataset. Inference time includes meshing time.
Implicit methods [14, 16, 38, 95] require approximately 2 seconds
to generate the mesh but fail to achieve compelling results. Ex-
plicit methods face trade-offs between reconstruction quality and
inference speed: HO [32] uses meshes while D-SCO [25] employs
point clouds, but neither achieves optimal performance in both
metrics. HORT demonstrates superior performance by achieving
high-quality reconstruction with fast inference speed.

3D inputs such as multi-view images, videos, depths or
known object meshes. Moreover, they often require sev-
eral hours to optimize the pose and shape using complex
objective functions, making them impractical for real-time
applications. To alleviate these issues, the second category
explores learning-based approaches. A predominate line of
work leverages deep implicit functions [1, 12, 57, 66], such
as signed distance functions [14, 16, 38, 71, 95] and directed
distance functions [99], to reconstruct hand-held objects.
However, methods based on implicit functions tend to gen-
erate overly smooth 3D surfaces, failing to capture fine ge-
ometric details [18, 66]. Additionally, obtaining explicit 3D
meshes from learned implicit fields requires another post-
processing step with the Marching Cubes algorithm [51],
which not only reduces inference speed (Figure 1) but also
limits flexibility for downstream tasks.

A few learning-based methods [25, 32] have explored
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explicit 3D representations for hand-held object recon-
struction, offering advantages for visualization and inte-
gration with downstream applications such as object CAD
model registration and optimization-based pipeline [7, 33,
89, 101]. HO [32] employs vertex-based representation,
achieving fast inference but suffering from limited recon-
struction resolution. Motivated by the recent success of
point clouds in 3D reconstruction and generation [40, 55,
63], the state-of-the-art method D-SCO [25] reconstructs
high-resolution object point clouds from monocular images
using diffusion models [77]. However, despite its strong
performance, D-SCO is even slower than implicit function
based methods, requiring over 13 seconds per reconstruc-
tion due to its intensive denoising steps at test time.

To balance inference speed and 3D reconstruction qual-
ity, we introduce HORT, a coarse-to-fine Transformer-based
framework for Hand-held Object Reconstruction. HORT
consists of four key components: an image encoder, a hand
encoder, a sparse point cloud decoder, and a dense point
cloud decoder. The two encoders extract complementary
features - visual cues from the monocular image and geo-
metric information from the hand. To effectively encode
the hand’s kinematic structure, we transform the estimated
hand vertices into multiple hand joint coordinate systems
before processing them with a PointNet [70] architecture.
As hand pose and shape provide implicit cues about the
object’s geometry and position, our sparse point cloud de-
coder integrates both image and 3D hand features via a
multi-layer transformer, and jointly predicts sparse object
point clouds and hand-relative object pose. The dense point
cloud decoder then upsamples these sparse representations
to high resolution. For enhanced reconstruction fidelity, we
project sparse points onto the image plane to retrieve pixel-
aligned image features before applying the dense network
for refinement. Our model is trained end-to-end with ob-
ject reconstruction losses. We evaluate our model on both
synthetic ObMan [32] dataset and real-world HO3D [28],
DexYCB [9] and MOW [7] datasets. Extensive ablation
studies validate the effectiveness of our approach. HORT
achieves state-of-the-art reconstruction accuracy across all
benchmarks while maintaining high inference speed.

Our contributions are summarized as follows:
• We propose a coarse-to-fine transformer-based framework
(HORT) that efficiently reconstructs dense 3D point clouds
of hand-held objects from monocular images, balancing re-
construction quality with computational efficiency.
• We integrate fine-grained image and hand geometry fea-
tures for the sparse and dense point cloud generation, lever-
aging the implicit cues provided by hand shape for more
accurate object reconstruction.
• Our approach outperforms state-of-the-art methods on
four diverse benchmarks and generalizes well to in-the-wild
images, while achieving fast inference speed.

2. Related Work
3D hand reconstruction. We have witnessed remarkable
progress in 3D hand reconstruction over the past decades,
evolving from early efforts in the 1990s [34, 73] to mod-
ern deep learning approaches [44, 98]. Early deep learn-
ing based approaches [11, 13, 15, 37, 56, 60, 61, 78–
80, 82, 91, 102] focus on predicting a sparse set of 3D hand
joints from monocular images. The introduction of the para-
metric MANO hand model [74] has enabled more recent
works [2, 5, 11, 30, 42, 43, 46, 47, 52, 62, 67, 68, 75, 85]
to reconstruct dense 3D hand mesh with neural networks
by integrating MANO as a differentiable layer. More re-
cently, state-of-the-art 3D hand reconstruction methods [67,
68, 100] have shifted from convolutional neural networks to
transformer networks [84] and benefitted much from large-
scale training, achieving robust 3D hand reconstruction and
strong generalization to in-the-wild images. Our work fo-
cuses on hand-held object reconstruction, which is more
challenging than hands due to the diverse nature of objects.
We leverage high-quality automatic hand reconstruction as
guidance to improve the accuracy of object reconstruction.
Hand-held object reconstruction via optimization. The
optimization-based method has been widely used to con-
struct ground-truth 3D reconstructions of hand-held ob-
jects [3, 9, 28, 64, 86–88, 94], typically leveraging extra
3D inputs such as multi-view images, depth sensors, or
known 3D mesh models to produce accurate reconstruc-
tions. However, such inputs are typically unavailable in
real-world applications. To address this limitation, an-
other line of work focuses on using optimization to refine
initial predictions of object poses and shapes [7, 24, 31,
33, 36, 49, 92, 96, 101]. These methods incorporate con-
straints to improve hand-object contact, prevent penetra-
tion, or enhance temporal consistency in monocular RGB
videos. Some methods [7, 33, 92] optimize only 6D ob-
ject poses given known CAD models with multiple objec-
tives in 2D projection, hand-object interaction and collision.
Other works [24, 31, 96] further relax the CAD assumption
by jointly optimizing object poses and shapes parameter-
ized by SDF or NeRF [58]. A recent work EasyHOI [49]
employs foundation models to reconstruct objects, followed
by hand pose optimization to infer plausible hand and object
configurations. It demonstrates impressive zero-shot perfor-
mance on main benchmarks. In general, optimization-based
methods require complex objective functions and iterative
refinement, making them prone to local minima and lead-
ing to slow inference speed. In contrast, our method recon-
structs hand-held objects in an efficient feed-forward man-
ner. Our prediction results can also serve as strong initial-
izations for accelerating optimization-based methods.
Hand-held object reconstruction via learning. Learning-
based methods [14, 16, 25, 32, 35, 45, 83, 95, 99] train neu-
ral models to directly reconstruct hand-held objects from
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Figure 2. Overview of the proposed HORT model for 3D reconstruction of hand-held objects from a single RGB image. The model first
extracts fine-grained visual and hand geometry features using an image encoder and a hand encoder. Then, the sparse and dense point
cloud decoders integrate both visual and hand information to progressively generate object point clouds in a coarse-to-fine manner.

monocular images. Early works such as Hasson et al. [32]
and Tse et al. [83] employ AtlasNet [27] to reconstruct ob-
jects as sets of mesh vertices, which suffer from limited res-
olution and unrealistic geometry. To improve detailed re-
construction, later works [14, 16, 38, 95, 99] adopt implicit
3D representations such as SDF. Despite the potential of
continuous functions, these methods often generate overly
smooth surfaces and are time-consuming to derive explicit
3D shapes. To tackle this issue, the state-of-the-art method
D-SCO [96] proposes to reconstruct explicit point clouds
with diffusion models. However, the multi-step denoising
process in diffusion models leads to low inference speed for
high-resolution point clouds. In this work, we adopt explicit
point clouds similar to D-SCO. However, our approach dif-
fers fundamentally by using a transformer-based architec-
ture to reconstruct object point clouds in a coarse-to-fine
manner, achieving state-of-the-art reconstruction accuracy
while significantly improving inference speed.

3. Method
In this section, we present the HORT model for Hand-held
Object Reconstruction based on Transformers, which pre-
dicts dense object point clouds from monocular RGB im-
ages. We first introduce the overall architecture in Sec-
tion 3.1, followed by a description of the detailed compo-
nents in Section 3.2 to 3.4. Finally, we describe the training
objectives for end-to-end optimization of the HORT model
in Section 3.5.

3.1. Overview
Figure 2 illustrates the overview of our hand-held object re-
construction model HORT, which consists of four key mod-
ules: the image encoder, the hand encoder, the sparse point

cloud decoder and the dense point cloud decoder. We adopt
a coarse-to-fine paradigm to progressively generate high-
resolution point clouds for hand-held objects.

In the first stage, a sparse point cloud is generated using
the image and hand encoders, along with the sparse point
cloud decoder. The two encoders extract image features
and 3D hand features, respectively. The image features
provide crucial information about the object’s appearance
and 2D contours, while the 3D hand features help regular-
ize the object’s 3D shape and its spatial relationship to the
hand, which enable to mitigate the inherent ambiguities in
monocular RGB-based 3D reconstruction. Unlike previous
approaches [14, 16, 95] that only leverage sparse hand joint
poses for object shape learning, our hand encoder utilizes
fine-grained hand geometry, providing richer structural cues
to infer the shape of manipulated objects. To effectively in-
tegrate the image and hand features, we introduce the sparse
point cloud decoder, which jointly predicts the initial sparse
point cloud and the object’s pose relative to the hand.

In the second stage, we propose a dense point cloud de-
coder to refine and upsample the sparse point clouds gen-
erated in the first stage. Leveraging the predicted camera
parameters, we project the sparse point clouds onto the im-
age plane, enabling to retrieve fine-grained, pixel-aligned
image features for each sparse point. These features pro-
vide rich local details to enhance the upsampling process,
leading to high-resolution 3D object reconstruction. This
two-stage framework strikes a balance between reconstruc-
tion accuracy and computational efficiency.

3.2. Image and hand feature encoding

Fine-grained hand features. Given a single monocular im-
age as the input, we use a state-of-the-art hand pose esti-
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mation model [32, 68] to reconstruct the 3D hand and pre-
dict the camera parameters Kcam, which includes a camera
translation tc ∈ R3 and a scale factor sc ∈ R that normal-
izes the hand size in the camera coordinate system. The es-
timated 3D hand mesh is parameterized using MANO [74]
and consists of 3D vertices vh ∈ R778×3 driven by rigged
hand joints jh ∈ R16×3. To effectively encode the 3D hand,
we transform vh into multiple local coordinate systems in-
cluding all hand joints, finger tips and palm, resulting in a
total of 22 coordinate systems (16 joints, 5 fingertips, and
1 palm). We further concatenate the transformed coordi-
nates of each vertex with an absolute vertex index, which
helps to better capture the spatial positioning of each vertex
within the hand shape. This yields a comprehensive hand
representation eh ∈ R778×(22×3+1) that captures both pose
and shape dependent geometry. We finally encode this rich
geometric representation eh through an efficient PointNet
architecture [70] to extract hand features fh ∈ R1024.
Image features. We employ DINOv2 [65] to extract
image features from the input image I ∈ R224×224×3.
DINOv2 embeds images into 257 visual feature tokens
fv ∈ R257×1024 with a patch size of 14. To balance DI-
NOv2’s pre-trained knowledge from large-scale datasets
with domain-specific adaptation for hand-object interac-
tions, we freeze the earlier layers in DINOv2 and only fine-
tune its last twelve transformer layers. We leverage both the
hand feature fh and the image feature fv for the following
hand-held object reconstruction.

3.3. Sparse point cloud reconstruction

We reconstruct the hand-held object under the hand palm
coordinate system, as the hand palm can be reliably local-
ized by hand pose estimation models [67, 68]. To achieve
this, we decompose the reconstruction task into two sub-
tasks: canonical object point cloud generation and hand-
relative object pose estimation. This disentanglement sep-
arates object shape recovery from pose estimation, facili-
tating the learning process. For object pose estimation, we
predict only the object’s 3D translation relative to the hand
palm, denoted as to ∈ R3. This is because many every-
day objects exhibit high degrees of symmetry, making rota-
tion prediction an ill-posed problem, as shown in previous
works [16, 25]. For sparse point cloud generation, we then
produce the sparse object point cloud pso ∈ RNs

p×3 in its ro-
tated state, where Ns

p denotes the number of sparse points.
The sparse point cloud decoder employs a unified trans-

former backbone to jointly predict the object pose to and
the rotated point cloud pso. Specifically, we define 1 + Ns

p

learnable token embeddings: one token for translation pre-
diction and Ns

p tokens for point cloud generation. These
tokens are processed by a multi-layer transformer model,
which first applies self-attention among the tokens, fol-
lowed by cross-attention to condition on the extracted image
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Figure 3. Illustration of our dense point cloud decoder. The green
and yellow points in the transformer indicate object points and
hand vertices respectively. The model retrieves pixel-aligned im-
age features for each reconstructed point and enhances its local
context through self-attention. It upsamples the sparse point cloud
to a high-resolution 3D object point cloud.

features fv and hand features fh. The attention mechanism
allows effective feature fusion across different modalities.
The output embedding of the first token is used to predict
hand-relative object translation to, while the remaining Ns

p

output embeddings generate point cloud coordinates pso. By
sharing a single transformer backbone for predicting object
pose and point cloud, the decoder effectively leverages mu-
tual dependencies between the two tasks and is more ef-
ficient compared to prior work [25] that trains a separate
object pose estimation network.

3.4. Dense point cloud reconstruction
Given the predicted sparse point clouds pso and the hand-
relative object pose to, the dense point cloud decoder fur-
ther upscales it to produce high-resolution point cloud of
the hand-held object. Figure 3 provides details of the pro-
posed dense point cloud decoder.

We first bilinearly upsample the reconstructed point
clouds pso. However, the bilinearly upsampled points only
provide a coarse approximation of the dense geometry,
lacking alignment with image features and local contex-
tual neighborhood information for each point. Therefore,
we introduce an additional pixel-aligned feature extraction
method that provides localized visual information to the
dense point clouds decoder. Specifically, we first exclude
the global [CLS] token from fv ∈ R257×1024 to focus only
on the patch-level tokens. These remaining tokens are then
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reshaped into a spatial grid format and processed through
3 × 3 convolution layers, yielding a refined feature map
frv ∈ R16×16×128. Next, we transform pso from the ob-
ject canonical space to the camera coordinate space using
the estimated hand palm location tp and hand-relative ob-
ject translation to. Using the predicted camera parame-
ters Kcam, we project pso onto the image plane and retrieve
pixel-aligned features for each point via perspective projec-
tion π(·) and bilinear interpolation F(·):

fo = F(π(pso + tp + to, Kcam), f
r
v). (1)

The coordinates in the sparse point cloud pso ∈ RNs
p×3

are concatenated with their aligned visual features fo ∈
RNs

p×128. Similarly, we also retrieve visual features for 3D
hand vertices vh and feed them into the transformer model
with object features. The model consists of two blocks,
each performing self-attention followed by feature upsam-
pling. The point cloud resolution is increased by factors of
2 and 4 in the first and second blocks, respectively. Specif-
ically, as shown in Figure 3, each block first applies self-
attention [84] within local neighborhoods to aggregate spa-
tial and visual hand-object contexts for each object point,
inspired by [90]. The neighborhoods are determined us-
ing k Nearest Neighbors (kNNs) based on spatial locations
of the points, with k = 16 set empirically. The point
features are then bilinearly upsampled and passed through
three convolutional layers to predict 3D offsets for each up-
sampled point. This process ultimately reconstructs a high-
resolution dense point cloud pdo ∈ RNd

p×3.

3.5. Training
Unlike D-SCO [25] that trains each component separately,
we adopt an end-to-end training strategy to optimize the en-
tire HORT model. All components are jointly trained using
an overall loss function L combining object pose loss along
with sparse and dense point cloud generation losses:

L = λ1 × Lpose + λ2 × Ls
cd + Ld

cd. (2)

where λ1 and λ2 are hyper-parameters to balance losses.
Specifically, we use the ℓ1 loss Lpose to predict the 3D

object translation to relative to the hand palm as follows:

Lpose =
∥∥∥to − t̂o

∥∥∥1
1
, (3)

where t̂o denotes the ground-truth 3D offset between the
object centroid and the palm.

We employ the Chamfer Distance loss Ls
cd to supervise

3D point clouds generation as follows:

L{s,d}
cd = Chamfer Distance(p{s,d}o , p̂{s,d}o ), (4)

where p
{·}
o denote either sparse (pso) or dense (pdo) object

point clouds. p̂{·}o represent their counterparts evenly sam-
pled from the ground-truth object mesh.

4. Experiments
We conduct comprehensive experiments to validate the ef-
fectiveness of our approach on four diverse hand-held object
reconstruction benchmarks.

4.1. Datasets
ObMan [32]: It is a large-scale synthetic hand-object
interaction dataset, containing 2,772 object instances
from ShapeNet [8] with 21K hand grasps generated by
GraspIt! [59]. For fair comparison with previous works, we
use the standard split which includes 141K and 6,285 sam-
ples for training and testing respectively. Following [14],
we randomly sample 30K samples from the standard train-
ing set for ablation experiments, while the full training data
is used for comparison with state-of-the-art methods.
HO3D [28]: We use the HO3Dv3 version [29] of this
dataset, which captures 68 videos sequences of ten subjects
manipulating ten YCB objects [6]. We follow the standard
experimental setup in [25, 95, 99] and include 77K samples
for training and 1,221 samples for evaluation.
DexYCB [9]: It captures hand grasping of twenty YCB ob-
jects from eight cameras by twenty subjects. Following the
convention in [14, 16, 93], we focus on the right-hand sam-
ples and use the official s0 split. We follow the gSDF [16]
setup to downsample the video every 5 frames, resulting in
29K training images and 5,928 testing samples.
MOW [7]: It contains 520 images sampled from YouTube
videos in 100 Days of Hands dataset [76]. The training and
testing split contain 350 and 92 images respectively.

4.2. Evaluation metrics
Following prior works [16, 32, 95], we use two main metrics
to evaluate the 3D reconstruction quality. We also report
interaction metrics to provide more details about the plausi-
bility of our reconstructed hand-object configurations.
Chamfer Distance (CD). We compute Chamfer Distance
(cm2) between the reconstructed dense object point clouds
and the ground-truth object point clouds. Following the
standard protocol from previous works [16], we sample 30K
points on both point clouds to compute Chamfer distance.
We report the mean Chamfer distance over the whole test
set to evaluate the quality of our reconstructed point clouds.
F-score (FS). Since Chamfer distance is sensitive to out-
liers [81, 95], we also report the F-score, a geometric mean
of precision and recall, to comprehensively evaluate the re-
constructed object point clouds and report F-score at 5mm
(FS@5) and 10mm (FS@10) thresholds.
Contact Ratio (Cr). We follow previous works [14, 16, 38]
to report the percentage of testing samples where contact
points between the reconstructed hand and object exist.
Penetration Depth (Pd). Following [14, 16, 38], we com-
pute the maximum distance (in cm) from the estimated hand
mesh vertices to the object’s surface in case of a collision.
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Table 1. The performance of our hand-held object reconstruction
models with variants of visual feature encoders on ObMan dataset.

Hand Encoder Image
Encoder FS@5 ↑ FS@10 ↑ CD ↓ Cr ↑ Pd ↓

Palm Joints

R1 × × Fine-tune 0.45 0.75 3.1 0.76 2.15
R2 ✓ × Fine-tune 0.53 0.82 2.4 0.85 1.76
R3 ✓ ✓ Fine-tune 0.60 0.87 1.8 0.92 1.37
R4 ✓ ✓ Scratch 0.51 0.79 2.6 0.88 1.48
R5 ✓ ✓ Frozen 0.48 0.76 2.9 0.87 1.62

Table 2. The performance of our hand-held object reconstruction
models with various object decoder variants on ObMan dataset.
J-decode indicates models that jointly decode sparse point clouds
with hand-relative 3D translation using a transformer architecture.

Sparse Dense
FS@5 ↑ FS@10 ↑ CD ↓

J-decode upsample aligned feat. hand feat.

R1 × × × × 0.41 0.69 3.8
R2 ✓ × × × 0.47 0.77 3.0
R3 ✓ ✓ × × 0.54 0.82 2.3
R4 ✓ ✓ ✓ × 0.58 0.85 2.0
R5 ✓ ✓ ✓ ✓ 0.60 0.87 1.8

4.3. Implementation details
Model architecture. We use the large DINOv2 model [65]
as our image encoder, which consists of 24 transformer lay-
ers. The PointNet [70] for hand feature extraction contains
5 MLP layers. The sparse point cloud decoder consists of
10 transformer layers with 8 attention heads. The learn-
able token for each point has 512 dimensional features.
The initially decoded sparse object point clouds contains
Ns

p = 2, 048 points. Followed by 3 layers of point de-
convolution and transformer layers, we finally reconstruct
a dense point cloud of Nd

p = 16, 384 object points, which is
the same number of points used in D-SCO [25].
Training details. We crop the hand-object region out of the
original image like previous works [14, 32, 95]. In train-
ing, according to [54, 97], we adjust camera intrinsics and
extrinsics according to the bounding box location and resiz-
ing ratio. The input image size for our model is 224× 224.
We perform data augmentation including random rotation
([−90◦, 90◦]), random resizing ([0.8, 1.2]), random bound-
ing box shifting and color jittering. During training, we use
ground-truth camera parameters and hand poses, but our ap-
proach does not assume that they are available at test time.
We train our models with a batch size of 192 for 50 epochs
on both ObMan and DexYCB datasets. We use the Adam
optimizer [41] with a base learning rate of 1e-4 and the co-
sine learning rate decay. We empirically set both λ1 and
λ2 to two. We fine-tune our ObMan pre-trained model on
HO3D, DexYCB and MOW datasets for a fair comparison
with previous works. The training takes around 50 hours on
ObMan dataset with 4 NVIDIA A100 GPUs.

4.4. Ablation studies
We conduct extensive ablation studies on the ObMan
dataset to evaluate the effectiveness of each component in

Table 3. Comparison with state-of-the-art methods on ObMan
dataset. HORT achieves superior performance across all metrics
when using either predicted or ground-truth 3D hands.

Methods Predicted hand Ground-truth hand

FS@5 ↑ FS@10 ↑ CD ↓ FS@5 ↑ FS@10 ↑ CD ↓
HO [32] 0.23 0.56 6.4 - - -
GF [38] 0.30 0.51 13.9 - - -
IHOI [95] 0.42 0.63 10.2 0.49 0.70 9.2
AlignSDF [14] 0.40 0.64 9.2 - - -
gSDF [16] 0.44 0.66 8.8 - - -
DDF-HO [99] 0.55 0.67 1.4 - - -
D-SCO [25] 0.61 0.81 1.1 0.65 0.85 1.0
HORT (Ours) 0.66 0.88 1.0 0.72 0.91 0.9

Table 4. Comparison with state-of-the-art methods on HO3D and
DexYCB. HORT achieves the best performance on both datasets.

Methods HO3D DexYCB

FS@5 ↑ FS@10 ↑ CD ↓ FS@5 ↑ FS@10 ↑ CD ↓
HO [32] 0.11 0.22 41.9 0.38 0.64 4.2
GF [38] 0.12 0.24 49.6 0.39 0.66 4.5
IHOI [95] 0.28 0.50 15.3 - - -
AlignSDF [14] - - - 0.41 0.68 3.9
gSDF [16] - - - 0.44 0.71 3.4
DDF-HO [99] 0.27 0.40 8.6 - - -
D-SCO [25] 0.41 0.63 3.4 0.63 0.82 1.3
HORT (Ours) 0.45 0.72 2.6 0.63 0.85 1.1

our model. We follow [14] to use randomly sampled 30K
data for training and the original test set for evaluation.
Hand encoder. The first three rows in Table 1 evaluate
the contributions of our proposed hand encoder. The base
model in R1, which relies solely on image features without
a hand encoder, achieves poor results. R2 incorporates the
3D hand vertices under the hand palm coordinate system
as input, which significantly improves performance across
all metrics, for example, the FS@5 improves from 0.45 to
0.53 and CD from 3.1 to 2.4. In addition, it also greatly
improves the contact ratio Cr and reduces the penetration
depth Pd. This confirms that hand information substantially
enhances reconstruction accuracy of hand-held objects and
better recover interaction between the hand and the object.
Further enhancement of hand features in R3, where hand
vertices are transformed into multiple hand joint coordinate
systems, yields additional gains particularly for FS@5 in-
creased from 0.53 to 0.60. These results clearly demon-
strate the necessity of effectively encoding hand geometry
for accurate hand-held object reconstruction.
Image encoder. In the last three rows of Table 1, we com-
pare different training strategies for the image encoder. R4
trains a ViT image encoder [89] from scratch on the ObMan
dataset, while R5 uses the frozen DINOv2 model. Both ap-
proaches perform worse than our fine-tuning strategy in R3
which refines the visual features for the hand-object inter-
action domain.
Sparse point cloud decoder. We evaluate our joint decod-
ing strategy for the sparse point cloud decoder in the first
two rows of Table 2. The model in R1 employs two sep-
arate modules: one for object pose prediction, which con-
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Figure 4. Qualitative results of the proposed model on diverse benchmarks. The first row shows our results on the synthetic ObMan
dataset. The second, third and forth rows present our results on HO3D, DexYCB and MOW datasets respectively. The fifth row illustrates
our performance on in-the-wild CORe50 images [50]. The last row shows the results of our model on images captured by our mobile
phone. Our approach can accurately reconstruct point clouds of hand-held objects from both synthetic and real-world images.

catenates the global image feature (i.e., [CLS] token in DI-
NOv2) with 3D hand features from PointNet as input to an
MLP for translation prediction; and another for point cloud
generation similar to our final sparse decoder. In contrast,
the model in R2 jointly predicts the object pose and shape
through a unified transformer decoder. This design inte-
grates object volume features for more accurate object lo-
calization, leading to enhanced performance across metrics.

Dense point cloud decoder. We further evaluate our
coarse-to-fine strategy and dense point cloud decoder de-
sign in the last four rows of Table 2. In R3, we concate-
nate coordinates of the sparse point cloud with global image
features before feeding them to the dense decoder. Com-
pared to R2, which lacks the point cloud upsampling step,
R3 shows significant improvement in reconstruction perfor-
mance. R4 further replaces the global image features used
in R3 with pixel-aligned features and improves the perfor-
mance. As shown in Figure 3, R5 additionally includes
hand features and integrate both hand and object contexts in
the transformer model for object points upsampling, which
achieves the best results across all evaluation metrics.

4.5. Comparison with state of the art

We compare our approach with state-of the-art methods on
four benchmarks. Figure 4 presents some qualitative exam-
ples of our HORT model on these datasets.
ObMan. Table 3 presents a comprehensive comparison on
ObMan dataset, where we evaluate models under two test-
ing scenarios: using either ground-truth or estimated hand
poses as input. For the estimated hand poses, we follow the
same practice as in previous works [25, 95] to train a hand
pose estimation model [32] for ObMan. Our approach con-
sistently outperforms state-of-the-art methods under both
settings. Our model shows substantial improvement over
methods based on implicit functions (i.e., DDF-HO [99] and
gSDF [16]) and the recent D-SCO [25] method.
HO3D. In the left block of Table 4, we compare different
methods on the real-world HO3D benchmark. We use pre-
dicted hand poses and camera parameters from an off-the-
shelf hand model [68] and fine-tune the model from the
ObMan pre-trained model for fair comparison with prior
works [25, 95, 99]. Our model constantly outperforms pre-
vious methods under all evaluation metrics. Compared with
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Table 5. Comparison with state-of-the-art methods on MOW.
HORT achieves the best performance under both evaluation setup.

Methods Fine-tune from ObMan Multiple datasets

FS@5 ↑ FS@10 ↑ CD ↓ FS@5 ↑ FS@10 ↑ CD ↓
IHOI [95] 0.13 0.24 49.8 - - -
DDF-HO [99] 0.17 0.24 15.9 - - -
D-SCO [25] 0.30 0.47 13.5 - - -
WildHOI [69] - - - 0.08 0.20 27.2
MCC-HO [89] - - - 0.15 0.31 15.2
HORT (Ours) 0.30 0.49 10.2 0.37 0.57 5.4

HO gSDF HORT (Ours)Images

Figure 5. Qualitative comparison with previous methods [16, 32].

D-SCO [25], our approach achieves relative improvement
of 14.3% and 23.5% for FS@10 and CD respectively.
DexYCB. The right block of Table 4 presents our ex-
perimental results on the DexYCB dataset. We follow
prior works [25, 99] to use a hand model [71] that has
been specifically trained on this dataset. As shown in Ta-
ble 4, our model outperforms the strong video-based gSDF
model [16] and the state-of-the-art D-SCO method [25],
achieving better FS@10 and CD.
MOW. We conduct experiments on the MOW dataset under
two settings for fair comparison with previous works. In the
first setting [25, 95, 99], we pre-train the model on ObMan
and fine-tune it on MOW. In the second setting [89], we
train our model jointly on the DexYCB, HOI4D [48] and
MOW datasets. As shown in Table 5, our model outper-
forms previous methods in both settings, demonstrating the
robustness of our method on challenging YouTube samples.
Generalization to in-the-wild images. Figure 4 shows
the performance of our model on CORe50 images [50]
(5th row) and images captured by our phone (6th row). It
demonstrates that our model generalizes robustly to diverse
objects and textures after joint training on the DexYCB,
HOI4D, and MOW datasets, as shown in Table 5. We also
qualitatively compare HORT with previous approaches [16,
32] in Figure 5, which demonstrates that HORT produces
more convincing results. Please see supplementary material
for our robustness to occlusion and failure cases analysis.
Runtime comparison. As shown in Table 6, we compare
the runtime and computational cost of our method with pre-
vious approaches on the ObMan dataset. Inference speed

Table 6. Runtime comparison with previous methods on ObMan.
HORT significantly reduces computational cost and accelerates
model inference. We report the inference speed of our HORT al-
gorithm both with and without the meshing step.

Methods #points #verts GFLOPs↓ Params↓ fps↑ fps mesh↑ CD ↓
HO [32] N/A 0.6k 76 25M 55.2 55.2 6.4
GF [38] N/A 20k 6.4k 26M 0.37 0.37 13.9
IHOI [95] N/A 20k 5.9k 24M 0.37 0.37 10.2
AlignSDF [14] N/A 20k 6.6k 33M 0.48 0.48 9.2
gSDF [16] N/A 20k 6.7k 35M 0.44 0.44 8.8
DDF-HO [99] N/A 20k 8.9k 25M 0.35 0.35 1.4
D-SCO [25] 16k 1k - - 0.08 - 1.1
HORT (Ours) 16k 1k 0.25k 366M 16.9 4.8 1.0

and GFLOPs are measured on an NVIDIA A100 GPU
for hand-held object reconstruction including hand predic-
tion. Implicit methods require inference on densely sam-
pled points (i.e., 128 × 128 × 128 in common practice) at
test time, resulting in over 6000 GFLOPs. D-SCO [25] is
even slower than implicit models due to intensive denoising
steps. HO [32] is very fast but suffers from low-quality 3D
reconstruction. Our model requires only 258 GFLOPs and
achieves robust performance, running at 16.9 fps including
both 3D hand and object reconstruction.
Point clouds versus meshes. Given the reconstructed point
clouds, fitting meshes using off-the-shelf algorithms [22,
39] is straightforward. This process does not affect per-
formance; e.g., FS@10 remains at 0.85 on the DexYCB
dataset. However, it increases the runtime, reducing the
speed from 16.9 fps to 4.8 fps. Despite this, our model re-
mains significantly faster than methods based on implicit
functions and the recent D-SCO [25] method in Table 6.

5. Conclusion
This work presents HORT, a transformer-based framework
for reconstructing dense point clouds of hand-held objects
from monocular RGB images. Our approach follows an
efficient coarse-to-fine learning paradigm to first generate
a sparse object point cloud and progressively refine it to
a high-fidelity dense point cloud. To further improve re-
construction accuracy, we propose to extract fine-grained
3D hand geometry features together with image informa-
tion for joint object pose and point clouds prediction, as
well as pixel-aligned features for upsampling. Comprehen-
sive experiments across four benchmarks including ObMan,
HO3D, DexYCB and MOW consistently demonstrate the
superiority of our method over existing approaches.
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