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Figure 1. Reconstructed two-hand shapes from an RGB image. We present Im2Hands, the first neural implicit representation for two
interacting hands. Compared to the existing mesh-based two-hand reconstruction method (IntagHand [23]), Im2Hands effectively captures
the fine-grained geometry of two hands with higher shape-to-image coherency. The above results were produced from a single RGB image
input, where ours utilized an off-the-shelf two-hand keypoint estimation method (DIGIT [11]) to condition the articulated occupancy.

Abstract

We present Implicit Two Hands (Im2Hands), the first
neural implicit representation of two interacting hands. Un-
like existing methods on two-hand reconstruction that rely
on a parametric hand model and/or low-resolution meshes,
Im2Hands can produce fine-grained geometry of two hands
with high hand-to-hand and hand-to-image coherency. To
handle the shape complexity and interaction context be-
tween two hands, Im2Hands models the occupancy volume
of two hands – conditioned on an RGB image and coarse 3D
keypoints – by two novel attention-based modules respon-
sible for (1) initial occupancy estimation and (2) context-
aware occupancy refinement, respectively. Im2Hands first
learns per-hand neural articulated occupancy in the canon-
ical space designed for each hand using query-image at-
tention. It then refines the initial two-hand occupancy in
the posed space to enhance the coherency between the
two hand shapes using query-anchor attention. In addi-
tion, we introduce an optional keypoint refinement mod-
ule to enable robust two-hand shape estimation from pre-
dicted hand keypoints in a single-image reconstruction sce-
nario. We experimentally demonstrate the effectiveness of
Im2Hands on two-hand reconstruction in comparison to re-
lated methods, where ours achieves state-of-the-art results.
Our code is publicly available at https://github.
com/jyunlee/Im2Hands.

1. Introduction

Humans use hand-to-hand interaction in everyday activ-
ities, which makes modeling 3D shapes of two interact-
ing hands important for various applications (e.g., human-
computer interaction, robotics, and augmented or virtual re-
ality). However, the domain of two-hand shape reconstruc-
tion remains relatively under-explored, while many exist-
ing studies have put efforts into single-hand reconstruction
from RGB [1, 2, 4, 13, 21, 24, 44], depth [38], or sparse key-
points [18, 44]. These single hand-based methods are not
effective when directly applied for interacting two-hand re-
construction, since it introduces additional challenges in-
cluding inter-hand collisions and mutual occlusions.

Recently, few learning-based methods on two-hand
shape reconstruction [23, 32, 42] have been proposed since
the release of the large-scale interacting hand dataset
(i.e., InterHand2.6M [27]). Two-Hand-Shape-Pose [42]
and IHMR [32] reconstruct two-hands by estimating
MANO [31] parameters, which are later mapped to triangu-
lar hand meshes using a pre-defined statistical model (i.e.,
MANO). IntagHand [23] directly regresses a fixed number
of mesh vertex coordinates using a graph convolutional net-
work (GCN). These methods mainly model the shape of two
interacting hands based on a low-resolution mesh represen-
tation with a fixed topology of MANO (please refer to Fig-
ure 1).

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

21169



In this paper, we present Implicit Two Hands
(Im2Hands), the first neural implicit representation of two
interacting hands. Unlike the existing mesh-based two-
hand reconstruction methods, Im2Hands can capture the
fine-grained geometry of two interacting hands by learn-
ing a continuous 3D occupancy field. Im2Hands (1) pro-
duces two-hand meshes with an arbitrary resolution, (2)
does not require dense vertex correspondences or statisti-
cal model parameter annotations for training, and (3) learns
output shapes with precise hand-to-hand and hand-to-image
alignment. As two interacting hands are highly articulated
objects, we take inspiration from recent neural articulated
implicit functions [7, 8, 18, 25, 29, 34] that learn an implicit
geometry leveraging the object canonical space computed
from an input pose observation. Our two-hand articulated
implicit function is also driven by input pose and shape ob-
servations, which are represented as sparse 3D keypoints
and an RGB image, respectively.

To effectively handle the shape complexity and interac-
tion context between two hands, Im2Hands consists of two
novel attention-based modules responsible for initial hand
occupancy estimation and context-aware two-hand occu-
pancy refinement, respectively. The initial occupancy es-
timation network first predicts the articulated occupancy
volume of each hand in the canonical space. Given a 3D
query point, it (1) performs query canonicalization using
the keypoint encoder of HALO [18] to effectively capture
pose-dependent hand deformations and (2) extracts a hand
shape feature using our novel query-image attention module
to model shape-dependent hand deformations. As it is non-
trivial to model two-hand interaction while learning in the
canonical space defined for each hand, our context-aware
occupancy refinement network modifies the initial two-hand
occupancy in the original posed space to enhance hand-to-
hand coherency. Given the initial two-hand shape repre-
sented as anchored point clouds, it uses query-anchor at-
tention to learn a refined two-hand occupancy in a context-
aware manner. Furthermore, we consider a practical sce-
nario of two-hand reconstruction using Im2Hands from sin-
gle images, where no ground truth keypoints are observed
as inputs to our method. To this end, we introduce an op-
tional input keypoint refinement network to enable more
robust two-hand shape reconstruction by alleviating errors
in the input 3D keypoints predicted from an off-the-shelf
image-based two-hand keypoint estimation method (e.g.,
[11, 20, 23, 27, 42]).

Overall, our main contributions are summarized as fol-
lows:

• We introduce Im2Hands, the first neural implicit rep-
resentation of two interacting hands. Im2Hands recon-
structs resolution-independent geometry of two-hands
with high hand-to-hand and hand-to-image coherency.

• To effectively learn an occupancy field of the complex
two-hand geometries, we propose two novel attention-
based modules that perform (1) initial occupancy es-
timation in the canonical space and (2) context-aware
occupancy refinement in the original posed space, re-
spectively. We additionally introduce an optional key-
point refinement module to enable more robust two-
hand shape estimation using a single image input.

• We demonstrate the effectiveness of Im2Hands in
comparison to the existing (1) two-hand mesh-based
and (2) single-hand implicit function-based recon-
struction methods, where Im2Hands achieves state-of-
the-art results in interacting two-hand reconstruction.

2. Related Work
Single-Hand Reconstruction. Methods for single-hand
reconstruction have been actively investigated in the past
decades. Most existing deep learning-based approaches ei-
ther reconstruct hand poses represented as 3D keypoints [5,
12, 17, 26, 35, 36, 40, 45], estimate MANO parameters [1,
2, 31], or directly regress mesh vertex coordinates [13, 21,
24, 38]. Inspired by the recent success of implicit repre-
sentations in modeling human bodies [8,25,29,34], few re-
cent works [7,18] also employ neural implicit functions for
single-hand reconstruction. Compared to the existing meth-
ods based on mesh representations, these implicit function-
based methods [7,18] can produce fine-grained hand geom-
etry in a resolution-independent manner.
Interacting Hand-Object Reconstruction. Similar to
single-hand reconstruction, most of the existing meth-
ods [2, 6, 9, 15, 16] on hand-object reconstruction adopt
MANO topology-based mesh representations to model a
hand shape. Few recent works [18, 19] consider neural im-
plicit representations to model hand-objects, but they often
constrain their interaction based on contacts – which does
not necessarily occur in hand-to-hand interactions [42]. In
addition, these methods mainly consider a rigid object in
the interaction, which makes them ineffective to be directly
applied for articulated two-hand reconstruction.
Interacting Two-Hand Reconstruction. Compared to
single-hand or hand-object reconstruction, two-hand recon-
struction is more challenging, as more complex occlusions
and deformations occur from the interaction between two
articulated hands. For modeling two interacting hands,
there have been methods recently proposed for two-hand
pose reconstruction from RGB images [11, 20, 23, 27, 42],
depth images [28, 37], or RGB-D video sequences [22, 30].
Yet, there are only a few methods that can directly re-
construct the dense surface of closely interacting two-
hands [23, 28, 32, 42], which is more challenging and im-
portant in reasoning hand-to-hand interactions. Mueller
et al. [28] propose an energy minimization framework to
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fit MANO [31] parameters to the input depth image of
two interacting hands. Two-Hand-Shape-Pose [42] intro-
duce pose-aware attention and context-aware cascaded re-
finement modules to directly regress two-hand MANO pa-
rameters from an RGB image. IntagHand [23] propose
an attention-based graph convolutional network (GCN) for
two-hand vertex regression from an RGB image. These
recent deep learning-based frameworks [23, 32, 39, 42]
have shown that (1) an attention mechanism to model
non-local interactions and (2) context-aware shape refine-
ment steps are effective in two-hand reconstruction, which
have inspired the design of our two-hand occupancy func-
tion. However, compared to these existing methods, our
occupancy-based method can learn resolution-independent
hand surface with better image-shape alignment, as our
output space (i.e., occupancy field) itself is more directly
aligned with the input image space.
Neural Articulated Implicit Representation. Many ex-
isting methods to model articulated objects (e.g., human
bodies, hands) use neural articulated implicit representa-
tions [7, 8, 18, 25, 29, 34], which directly condition an im-
plicit geometry on the object articulation. While many
methods [8, 25, 29, 34] mainly demonstrate their results on
human body modeling, there are only a few studies that ex-
plore the effectiveness of implicit representations for hands.
LISA [7] proposes an articulated VolSDF [41] to model
shape and appearance of single-hands, but it assumes that
various input domains (i.e., multi-view RGB image se-
quences, 3D bone transformations and foreground masks)
are available and requires model optimization for inference.
HALO [18] proposes a single-hand articulated occupancy
function driven by 3D keypoints via incorporating a novel
canonicalization layer – eliminating the need for the ground
truth 3D bone transformations used in most of the articu-
lated implicit functions [7, 8, 25, 29, 34]. However, HALO
models pose-independent shape variations only with hand
bone lengths, which may be a strong assumption. We take
inspiration from HALO to condition our two-hand occu-
pancy on the pose represented as sparse 3D keypoints, but
we further improve HALO by conditioning shape variations
using an RGB image, which is a more direct form of shape
observation than bone lengths.

3. Im2Hands: Implicit Two-Hand Function
Im2Hands is a neural occupancy representation of two

interacting hands. Our two-hand occupancy network can be
formally defined as:

O(x |α, β) → [ol, or], (1)

where O is a neural network with the learned weights. O
maps an input 3D query point x ∈ R3 to occupancy proba-
bilities for each side of hand ol, or ∈ [0, 1] conditioned on

a shape observation α and a pose observation β, which are
represented as an RGB image I ∈ Rw×h×3 and sparse 3D
two-hand keypoints J =

[
Jl

Jr

]
∈ R42×3, respectively.

One straightforward approach to design a neural implicit
function for two hands would be directly applying the ex-
isting articulated occupancy function for single hand (i.e.,
HALO [18]) to both hands separately. This existing method
can robustly model pose-dependent deformations via learn-
ing hand shapes in the canonical space, but it does not ef-
fectively capture other shape-dependent deformations (e.g.,
identity-dependent or soft tissue deformations). We thus de-
sign our initial hand occupancy estimation network (Sec-
tion 3.1) that combines (1) HALO to robustly model pose-
dependent deformations by learning in the hand canonical
space and (2) our novel query-image attention module to
capture shape-dependent deformations observed from an
RGB image. However, it is difficult to handle two-hand
interaction contexts while learning in the hand canonical
spaces. Thus, we additionally propose a two-hand occu-
pancy refinement network (Section 3.2) to perform context-
aware shape refinement of interacting two hands in the orig-
inal posed space. Furthermore, we consider two-hand re-
construction from single images, where the input two-hand
keypoints can be obtained by applying an off-the-shelf two-
hand pose estimation method (e.g., [11, 20, 23, 27, 42]). To
this end, we additionally introduce an optional input key-
point refinement module (Section 3.3) to alleviate input
keypoint errors to enable more robust shape estimation.

In what follows, we explain each of the proposed com-
ponents of Im2Hands in more detail.

3.1. Initial Hand Occupancy Estimation

Given a 3D query point x, our initial hand occupancy
network I predicts initial occupancy probabilities for each
hand oil, o

i
r ∈ [0, 1] conditioned on an RGB image I and

two-hand keypoints J . Our network design is partly based
on HALO [18], which models an implicit single-hand con-
ditioned on 3D keypoints.

Background: HALO [18]. HALO aims to learn an occu-
pancy field of a single hand driven by 3D keypoints. To
learn hand shapes in the canonical space, HALO proposes
a novel algorithm to transform the input 3D keypoints to
canonicalization matrices {Tb}Bb=1 , where Tb is a trans-
formation matrix to the canonical pose for hand bone b, and
B is the number of hand bones. Using the obtained canon-
icalization matrices, hand occupancy at query x is modeled
as:

H(x | J) = max
b=1, ..., B

{H̄b(Tbx, f
ϕ
b , f

ω
b )}, (2)

where H̄b is an MLP-based part occupancy network to learn
the shape of hand bone b. Each part occupancy network
takes a canonicalized query point Tbx along with a bone
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Figure 2. Architecture overview. Given an RGB image and coarse 3D two-hand keypoints, our method estimates two-hand occupancy
volumes via (1) initial hand occupancy estimation and (2) two-hand occupancy refinement. In a nutshell, the initial hand occupancy
network uses query-image attention and HALO [18] encoder to learn per-hand occupancy volumes in the canonical spaces. Then, the
two-hand occupancy refinement network encodes the initial per-hand occupancy volumes into anchored features, which are then used to
provide two-hand context information for refined occupancy estimation in the original posed space.

length shape feature fϕ
b and a pose feature fω

b for bone b.
fϕ
b is extracted by an MLP encoder that takes a bone length

vector l ∈ RB computed from the input 3D keypoints. fω
b

is obtained by another MLP encoder that takes global pose
matrices {Tb}Bb=1 and a root translation vector t ∈ R3 as
inputs. For more details about HALO, we kindly refer the
reader to [18].

Our Initial Hand Occupancy Network. While HALO
is effective in modeling pose-dependent deformations via
query point canonicalization (i.e. Tbx) and pose feature ex-
traction (i.e., fω

b ), its bone length shape feature (i.e., fϕ
b )

cannot model shape-dependent deformations that cannot be
described by bone lengths. Modeling such shape variations
is especially important in interacting two-hand reconstruc-
tion, as soft tissue deformations commonly occur due to
inter-hand contacts. Thus, we introduce an additional shape
feature conditioned on an RGB image I , which provides
a minimal observation for such shape-dependent deforma-
tions. We propose a per-query shape feature fϕ

x conditioned
on the image I as follows:

fϕ
x = MSA([PosEnc(x), ImgEnc(I)]), (3)

where MSA denotes a multi-headed self-attention module
that takes a query feature PosEnc(x) and patch-wise im-
age features ImgEnc(I). To be more specific, PosEnc is
an MLP that performs positional embedding to map the in-

put query coordinate x to a query feature vector fx ∈ Rd.
ImgEnc is an image encoder of Vision Transformer [10],
which maps the input image I into patch-wise image fea-
tures fI ∈ Rp×d, where p is the number of patches.
Through this query-image attention, we can obtain a per-
query shape feature fϕ

x contributed by the features of more
relevant image patch regions to the input query x. In Sec-
tion 4, we also show that using this query-image attention
yields better results than directly using a local image feature
located at the projected query position (e.g., PIFu [33]).

Finally, our initial per-hand occupancy is modeled by
feeding our per-query shape feature fϕ

x along with the other
inputs to the MLP-based part occupancy network H̄b in
Equation 2:

I(x | I, J) = max
b=1, ..., B

{H̄b(Tbx, f
ϕ
b , f

ϕ
x , f

ω
b )}. (4)

Note that our occupancy is estimated for each hand sepa-
rately in this stage. We use the shared network for both
hands, but we distinguish each hand by feeding coarse 3D
keypoints of each hand Jl, Jr ∈ R21×3 separately as inputs
to our network. As these keypoints are used to compute
the canonicalization matrices and the pose feature, we can
robustly learn our initial occupancy in the canonical space
defined per-hand.
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3.2. Two-Hand Occupancy Refinement

The previous step can robustly estimate per-hand occu-
pancy volumes, but it does not effectively model the co-
herency between two hands due to the adaptation of the
hand canonical spaces. As recent mesh-based two-hand
reconstruction methods [23, 42] have shown that (1) two
hand shapes are correlated with each other and thus (2)
context-aware two-hand shape refinement is effective, we
additionally propose a two-hand occupancy refinement net-
work R that refines the initial two-hand shape in the origi-
nal posed space. It estimates the refined two-hand occupan-
cies ol, or ∈ [0, 1] at the query point x conditioned on (1)
the initial two-hand occupancy probabilities at x estimated
by I and (2) the input image I .

To condition our refined occupancy estimation on the in-
teraction context, it is necessary to encode the initial geom-
etry of two hands. To effectively learn features from the
current two hand shapes, we first represent them as point
clouds Pl,Pr ∈ Rn×3, which are sets of iso-surface points
of each side of hand geometry. These points can be easily
obtained by collecting 512 farthest points among the query
coordinates evaluated to be on surface by our initial hand
occupancy network: {x | 0.5 − ϵ ≤ I(x | I, J) ≤ 0.5 + ϵ}.
We then encode each hand point cloud into a global latent
vector and local latent vectors anchored in 3D space:

{zs,As = PCEnc(Ps, I)}s=l,r, (5)

where zs ∈ Rz is a global latent vector and As ∈ Rm×(3+a)

is a set of m number of anchor points (i.e., a subset of the in-
put point cloud selected by farthest point sampling) with a-
dimensional per-point features. In our point cloud encoding
module PCEnc, we first preprocess the input point cloud
Ps into a feature cloud Fs ∈ Rn×(3+f) to incorporate tex-
ture information observed from the input image I . To this
end, we apply a simple encoder-decoder CNN to extract
an image feature map G ∈ Rw×h×f and concatenate each
point p in Ps to an image feature vector located at the pro-
jected position of p in G. We then feed our feature cloud to
the encoder of AIR-Net [14] that extracts global and locally
anchored point cloud features using Point Transformer [43].

Using the obtained point cloud features, we extract a la-
tent code that encodes interacting two-hand shapes and im-
age context as follows:

zc = ContextEnc(zl, zr, zI). (6)

ContextEnc is an MLP that extracts the context feature,
and zI is the global bottleneck feature from the image
encoder-decoder previously used to extract G. Finally, we
estimate our refined occupancy at the query point x as fol-
lows:

{os = PCDec(x, ois,As, zc)}s=l,r, (7)

where PCDec is a point cloud decoder, for which we adopt
a similar architecture to the decoder of AIR-Net [14]. The
original AIR-Net decoder predicts an occupancy probability
given a single point cloud via vector cross attention between
the query point x and local anchor features As and a global
feature zs (please refer to [14] for more details). Our de-
coder instead (1) uses a global latent vector zc that encodes
the context between the input image and the initial two hand
shapes predicted by I and (2) conditions the occupancy es-
timation on our initial occupancy probability by concate-
nating ois at x to the input query coordinate. In summary,
our refined occupancy estimation is effectively conditioned
both on (1) local latent descriptors As that encode infor-
mation about the initial hand geometry, (2) a global latent
descriptor zc that encodes the global context of two-hand in-
teraction and the input image, and (3) our initial occupancy
estimation ois.

3.3. Input Keypoint Refinement

In this section, we further consider image-based two-
hand reconstruction using Im2Hands, where no ground
truth hand keypoints are available. To enable robust shape
reconstruction from keypoints predicted from an off-the-
shelf image-based two-hand keypoint estimator (e.g., [11,
20, 23, 27, 42]), we introduce an optional keypoint refine-
ment module K that can alleviate noise in the input two-
hand keypoints. Our keypoint refinement module is for-
mulized as: K(J, I) → Jr, where J, Jr ∈ R42×3 are ini-
tial and refined 3D two-hand keypoints, respectively. To be
more specific, K is designed as:

K(J, I) = MSA([GCN(KptEnc(J)), ImgEnc(I)]). (8)

In the above equation, we first extract input keypoint fea-
tures by KptEnc that encodes the index and coordinate of
each keypoint using a shared MLP. We then build a two-
hand skeleton graph with initial node features set as fea-
tures extracted from the previous KptEnc function. Next,
we feed this initial two-hand skeleton graph to a GCN to
extract keypoint features that further encode information
of the initial two-hand structure. Finally, we apply multi-
headed self-attention (MSA) between the keypoint features
and image features – similarly to query-image attention in
Equation 3 – to regress the refined two-hand keypoint po-
sitions. In Section 4, we experimentally demonstrate that
K significantly helps improving the quality of two-hand re-
construction from single images.

3.4. Loss Functions

We now explain loss functions to train our two-hand oc-
cupancy network.
Initial Hand Occupancy Network (I). I is trained by
MSE loss that measures the deviation between the ground
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truth and the predicted occupancy probabilities. For training
query point generation, we combine (1) points uniformly
sampled in the hand bounding box and (2) points sam-
pled on the hand surface added with Gaussian noise follow-
ing [18, 33].
Two-Hand Occupancy Refinement Network (R). Similar
to I, R is trained by MSE loss using the ground truth oc-
cupancy supervision. It is additionally trained with penetra-
tion loss, which penalizes the refined two-hand occupancy
values that are estimated to be occupied in both hands at the
same query position. Given a set of training samples X , a
set of sampled training query points P , and Rl and Rr that
output the refined occupancy probabilities for left and right
hands, our penetration loss is defined as:

Lpen =
1

|X |
∑

(I,J)∈X

∑
x∈P

Rl(x|I, J) · Rr(x|I, J), (9)

where Rl(·) > 0.5 and Rr(·) > 0.5. We incorporate this
loss function to avoid inter-penetration between two hands.
Input Keypoint Refinement Network (K). K is trained
by MSE loss computed using the ground truth and the pre-
dicted two-hand keypoints. Due to the space limit, please
refer to our supplementary section for training and network
architecture details.

4. Experiments
4.1. Experimental Setups

4.1.1 Datasets, Metrics, and Keypoint Estimatiors

Datasets. We mainly use InterHand2.6M [27] dataset – the
only interacting two-hand dataset with dense shape annota-
tions – for both quantitative and qualitative evaluation. To
maintain consistency with the previous work [23], we only
use interacting hand (IH) samples annotated as valid hand
type. The resulting dataset contains 366K training samples,
110K validation samples, and 261K test samples. For quali-
tative evaluation, we additionally demonstrate our results on
RGB2Hands [39] and EgoHands [3] datasets, which contain
RGB videos of interacting two hands without shape anno-
tations.
Evaluation Metrics. For evaluating the quality of recon-
structed two-hand shapes, we compute the mean Intersec-
tion over Union (IoU) and Chamfer L1-Distance (CD) be-
tween the predicted and the ground truth two-hand shapes.
We also evaluate the accuracy of 3D hand keypoints after
the proposed keypoint refinement using Mean Per Joint Po-
sition Error (MPJPE).
Two-Hand Keypoint Estimation Methods. To evaluate
Im2Hands on single-image two-hand reconstruction, we
leverage an off-the-shelf image-based two-hand keypoint
estimation method. We consider DIGIT [11] and Intag-
Hand [23], whose official implementation is publicly avail-

able. We would like to note that IntagHand is also pro-
posed for two-hand shape estimation, thus we additionally
consider it as a baseline for two-hand shape reconstruc-
tion. However, when using IntagHand for a keypoint esti-
mation method in our image-based reconstruction experi-
ments, we completely discard the predicted shape informa-
tion and only use the estimated keypoints – considering it as
a pure two-hand keypoint estimation method. We empha-
size that our two-hand occupancy function works agnostic
to the architecture of the previous two-hand keypoint pre-
processor and can be used in a plug-and-play manner.

4.1.2 Baselines

As Im2Hands is the first neural implicit function for two in-
teracting hands, we compare our method to (1) the existing
single-hand reconstruction method using implicit represen-
tation [18] and (2) two-hand reconstruction methods using
mesh representation [23, 42].

Implicit Single-Hand Reconstruction Methods. We con-
sider HALO [18], which is a neural implicit single-hand
representation driven by 3D keypoints. As HALO models a
hand shape only using 3D keypoints, we modify HALO to
additionally leverage an input RGB image by feeding pixel-
aligned features [33] together with the other inputs to the
part occupancy functions – to make more fair comparison
to Im2Hands by using the same input data domains (see
Section 4.2). Although LISA [7] is another implicit single-
hand representation which takes both RGB image and 3D
keypoints, we do not make direct comparison to LISA, as it
requires more input data domains (e.g., foreground masks,
multi-view RGB images) than Im2Hands.

Mesh-Based Two-Hand Reconstruction Methods. We
compare our method to IntagHand [23] and Two-Hand-
Shape-Pose [42], which are the state-of-the-art methods on
interacting two-hand shape reconstruction. These methods
reconstruct a fixed-topology mesh from an RGB image by
using dense vertex correspondence [23] or statistical model
parameter annotations [42] for training. Since they are de-
signed for single-image two-hand reconstruction and do not
take 3D hand keypoints as input, we also evaluate our model
on image-based reconstruction by using 3D hand keypoints
predicted from an image (see Section 4.3).

4.2. Reconstruction From Images and Keypoints

In this section, we examine the representation power
of Im2Hands given an input RGB image paired with the
ground truth 3D hand keypoints (e.g., obtained from a sen-
sor). In Table 1, we quantitatively compare our recon-
struction results to the baseline methods. In the fifth row,
note that we also compare our method to a re-implimented
version of HALO [18] that takes the same input data do-
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Figure 3. Qualitative comparison of single-image interacting two-hand reconstruction on InterHand2.6M [27]. We compare our
results to HALO [18] and IntagHand [23], where our method produces two-hand shapes with better hand-to-image and hand-to-hand
alignment. Ours also properly captures finger contacts (rows 1 and 3) and avoids shape penetration (row 2). For our method and HALO,
we use the hand keypoints predicted by DIGIT [11] to condition the articulated occupancy fields. Please see the supplementary section for
more qualitative examples.

mains as ours (please refer to Section 4.1.2). In the table,
Im2Hands outperforms all the other methods by effectively
leveraging an RGB image and hand keypoints to model
shape- and pose-dependent deformations, respectively.

Table 1. Comparison of interacting two-hand reconstruction
on InterHand2.6M [27]. For input domains of each method, I,
J, and L denote RGB image, 3D hand keypoints, and hand bone
lengths, respectively.

Method Inputs IoU (%) ↑ CD (mm) ↓

Two-Hand-Shape-Pose [42] I, L 54.8 5.51
IntagHand [23] I, L 67.0 3.88

HALO [18] J 74.7 2.62

HALO (modified) [18] I, J 75.8 2.51

Im2Hands (Ours) I, J 77.8 2.30

4.3. Reconstruction From Single Images

In this section, we evaluate Im2Hands on single-image
two-hand reconstruction. To this end, we estimate two-hand
shapes using 3D hand keypoints predicted from an input
image via off-the-shelf two-hand keypoint estimation meth-
ods [11, 23] and the proposed keypoint refinement module
(K). Note that the goal of this experiment is to evaluate each
method in a setting where no ground truth 3D hand key-
points are available. Thus, we disabled the rescaling of the
reconstructed hand joints and shapes performed by some of

the existing methods [23,42] using the scale ratio calculated
from a subset of the ground truth 3D keypoints at the test
time. For those methods [23, 42] that require such rescal-
ing, we use the mean scale of the hands in the training set
of InterHand2.6M [27] to perform fair comparison.

In Table 2, we first evaluate the effectiveness of our key-
point refinement module on noisy two-hand keypoints pre-
dicted by DIGIT [11] and IntagHand [23]. Our method is
successful in alleviating input keypoint errors. Especially,
it is shown to be effective when the degree of the input key-
point error is high.

Table 2. Effectiveness of our keypoint refinement module (K)
on InterHand2.6M [27]. We use two-hand keypoints predicted
by DIGIT [11] and IntagHand [23] as inputs to our method.

Method MPJPE (mm) ↓

DIGIT [11] 16.75
DIGIT [11] + K (Ours) 10.70

IntagHand [23] 10.13
IntagHand [23] + K (Ours) 9.68

We now report our two-hand shape reconstruction results
from single images. In Table 3, our method achieves the
state-of-the-art results in image-based interacting two-hand
reconstruction on InterHand2.6M [27]. We would like to re-
emphasize that the baselines originally designed for image-
based two-hand reconstruction [23,42] (1) can produce only
fixed-resolution meshes and (2) require dense vertex corre-
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spondences or statistical model parameter annotations for
training, while our method outperforms them without such
constraints. Also, note that most of the existing articu-
lated implicit functions (e.g., [7, 8, 18]) are typically evalu-
ated using noiseless keypoints or skeletons. In contrast, our
method is experimentally demonstrated to achieve compet-
itive results in a setting where no ground truth keypoints are
available – by leveraging the proposed keypoint and two-
hand shape refinement modules.

Table 3. Comparison of single-image interacting two-hand re-
construction on InterHand2.6M [27]. We use two-hand key-
points predicted by DIGIT [11] and IntagHand [23] as inputs to
our method and HALO [18].

Method IoU (%) ↑ CD (mm)↓

Two-Hand-Shape-Pose [42] 48.4 6.09
IntagHand [23] 59.0 4.69

DIGIT [11] + HALO [18] 45.1 7.64
IntagHand [23] + HALO [18] 53.8 5.38

DIGIT [11] + Im2Hands (Ours) 59.4 4.75
IntagHand [23]+ Im2Hands (Ours) 62.1 4.35

Our qualitative comparison of image-based two-hand
reconstruction is also shown in Figure 3. Note that
HALO [18] produces non-smooth shapes due to the lack of
shape or keypoint refinement steps given the noisy keypoint
observation. IntagHand [23] does not properly model finger
contacts (rows 1 and 3) or produces shape penetration (row
2). Our method generates more plausible two-hand shapes
that also align well with the input image.

4.4. Generalizability Test

In Figure 4, we additionally show our qualitative re-
sults on RGB2Hands [39] and EgoHands [3] datasets. For
two-hand keypoint estimation, we use DIGIT [11] and In-
tagHand [23] for RGB2Hands and EgoHands, respectively.
Note that these reconstruction examples were directly gen-
erated by Im2Hands trained on InterHand2.6M [27] dataset
only, demonstrating the generalization ability of Im2Hands.
For more detailed setups for this experiment, please refer to
our supplementary section.

4.5. Ablation Study

In this section, we perform an ablation study to inves-
tigate the effectiveness of the major modules (i.e., K, I,
and R) of Im2Hands using 3D hand keypoints predicted
by DIGIT [11]. In Table 4, our full model is the most ef-
fective compared to the other model variants. Please refer
to the supplementary section for ablation study results with
respect to more detailed model variations (e.g. models af-
ter removing each of the proposed components inside I and
R).

Input Reconstruction
Org. view Alt. view

Figure 4. Generalizability test on RGB2Hands [39] and Ego-
Hands [3]. Top two rows show examples from RGB2Hands [39]
and bottom two rows show examples from EgoHands [3].

Table 4. Ablation study using the predicted 3D hand keypoints.
Experiments are performed on InterHand2.6M [27] dataset using
the keypoints predicted by DIGIT [11].

Method IoU (%) ↑ CD (mm) ↓

I 45.6 7.61
K + I 55.4 5.36

Im2Hands (K + I + R) 59.4 4.75

5. Conclusion and Future Work
We present Im2Hands, the first neural implicit represen-

tation of two interacting hands. To effectively model the
interaction context between two articulated hands, we pro-
pose two modules for initial occupancy estimation in the
hand canonical space and context-aware occupancy refine-
ment in the original posed space, respectively. Furthermore,
we introduce an optional input keypoint refinement mod-
ule to enable robust shape reconstruction from single im-
ages. As a result, we achieve two-hand shape reconstruc-
tions with better hand-to-image and hand-to-hand align-
ment compared to the baseline methods.
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