InterHandGen: Two-Hand Interaction Generation
via Cascaded Reverse Diffusion
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(b) Generated two-hand-object interactions.

Figure 1. Two-hand synthesis with InterHandGen. We propose InterHandGen, an approach to generate two-hand interactions with or
without an object using a novel cascaded diffusion. To enable high-fidelity and diverse sampling, we decompose the modeling of joint
distribution into the modeling of factored unconditional and conditional single-hand distributions.

Abstract

We present InterHandGen, a novel framework that
learns the generative prior of two-hand interaction. Sam-
pling from our model yields plausible and diverse two-hand
shapes in close interaction with or without an object. Our
prior can be incorporated into any optimization or learning
methods to reduce ambiguity in an ill-posed setup. Our key
observation is that directly modeling the joint distribution
of multiple instances imposes high learning complexity due
to its combinatorial nature. Thus, we propose to decom-
pose the modeling of joint distribution into the modeling
of factored unconditional and conditional single instance
distribution. In particular, we introduce a diffusion model
that learns the single-hand distribution unconditional and
conditional to another hand via conditioning dropout. For
sampling, we combine anti-penetration and classifier-free
guidance to enable plausible generation. Furthermore, we
establish the rigorous evaluation protocol of two-hand syn-
thesis, where our method significantly outperforms baseline
generative models in terms of plausibility and diversity. We
also demonstrate that our diffusion prior can boost the per-
formance of two-hand reconstruction from monocular in-
the-wild images, achieving new state-of-the-art accuracy.

1. Introduction

Two-hand interaction is widely involved in our daily lives.
We coordinate our hands closely together when clasping,
praying, stretching, or engaging in social interactions. Mod-
eling and understanding two-hand interactions are thus cru-
cial for applications that require capturing human behav-
iors, such as augmented or virtual reality (AR/VR) and
human-computer interaction (HCI). Highlighting this im-
portance, numerous research endeavors have been dedicated
to interacting hands reconstruction. With the release of the
large-scale two-hand interaction dataset [42], various meth-
ods [24, 32, 33, 35, 41, 42, 54, 56, 70, 76] have been pro-
posed mainly for monocular two-hand reconstruction.

The under-explored part in the current two-hand interac-
tion literature is interacting two-hand generation. Although
there are generative models proposed for other human inter-
action domains (e.g., hand-object [10, 23, 25, 27, 28, 65] or
two-human [36, 44, 59] interaction), directly adapting them
for two-hand interaction leads to sub-optimal generations.
Compared to hand-object interaction that involves a rigid
object, two hands lead to significantly more complex inter-
actions due to the higher degree of freedom in two articu-
lated hands. Additionally, while human-to-human body in-
teraction is typically constrained on a shared ground plane,
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each joint of two hands has a full 6 DOF to allow more di- is useful for the downstream task of interacting two-hand
verse interactions. Motivated by the advancement of uncon-reconstruction from in-the-wild images, where we setv
strained pose estimation leveraging a strong prior in otherstate-of-the-art

domains [44, 47], our goal is to build a highly expressive
generative prior for two-hand interaction, which can be ef- «
fortlessly incorporated into existing learning and optimiza-
tion frameworks.

In this paper, we introduce InterHandGen, a framework
that effectively learns the generative prior of two-hand in-
teraction. The important challenge in two-hand interaction
generation lies in its high data complexity caused by the
combination of hand articulations. To reduce the complex- «
ity of learning such generation target, we propose to refor-
mulate the two-hand distribution modeling into the mod-
eling of single-hand model distribution unconditional and
conditional to the other hand, such that:

P (Xi;xr)=p (X)) p (XejX1); 1)

wherep () is the model distribution, and, andx, are
left and right hand shapes in interaction, respectively. By

Our main contributions are summarized as follows:

We propose an effective learning framework to build a
generative prior of two-hand interaction. Our cascaded
reverse diffusion approach shows signi cant improve-
ment over baselines in terms of delity and diversity.

Our formulation is general and can be extended to more
instances. We show that our approach also achieves supe-
rior performance on two-hand interaction with objects.
Our approach is a drop-in replacement for regulariza-
tion in optimization or learning problems. By incorporat-
ing our prior, we achieve the state-of-the-art performance
on interacting two-hand pose estimation from in-the-wild
images.

We provide a comprehensive analysis of two-hand gener-
ation with a newly established evaluation protocol. Our
code and backbone network weights are publicly avail-
able for benchmarking future research.

leveraging the symmetric nature of the left and right hands, 2 Related Work

we jointly learn bothp (x;) andp (X,jx;) in the shared

hand parameter domain based on MANO [55] model. In In this section, we discuss the related work on interacting
particular, we take a diffusion-based approach [22, 61] andtwo-hand reconstruction, and hand-object and two-human
train a single denoising diffusion model via conditioning interaction generation. Note that the background on diffu-
dropout [21] to model both types of single-hand distribu- sion models can be found in Section 3.1.

tion. This way, the degree of freedom of each generation Interacting two-hand reconstruction. Various methods
process is effectively reduced. Importantly, this formula- have been proposed for interacting two-hand reconstruction
tion can be easily extended to two-hand and object interac-from monocular RGB [24, 32, 33, 35, 41, 42, 54, 56, 70,
tion generation, by simply adding an object conditioning  76], multi-view RGB [4], or depth [43, 46, 62]. To address
to each of the terms in Equation 1. self-similarity, self-occlusion, and complex articulations of

In inference time, we sample one hand using the learnedinteracting hands, the recent methods mainly exploit at-
modelp (x;) and the other hand conditioned on the pre- tention mechanism [35, 42, 54, 69, 76] and/or interaction-
viously sampled hand using (X;jx;) in a cascaded man- aware shape re nement [33, 54, 56, 70]. Recently, Ztio
ner. For conditional sampling, we use classi er-free guid- al. [76] (which is concurrent work to ours) proposes to use
ance [21] to achieve a better balance between delity and a variational autoencoder (VAE) [29] as a prior for monoc-
diversity. To avoid sampling a physically implausible state ular two-hand reconstruction. While their approach is spe-
due to penetration, we also introduce anti-penetration guid-cialized for monocular image-based reconstruction using a
ance that penalizes inter-penetration during the reverse dif-speci ¢ network architecture, our approach can be used for
fusion process. Furthermore, we show how to incorporateany optimization and learning tasks. In addition, our ex-
the learned two-hand interaction prior into any optimiza- periments (Section 4) show that our diffusion-based prior
tion or learning methods for reducing ambiguity in an ill- signi cantly outperforms the vanilla VAE used in [76] for a
posed setup, inspired by Score Distillation Sampling [49] generation task in all metrics.
and BUDDI [44]. Hand-object interaction generation. Most of the meth-

As there is no established benchmark for two-hand gen-ods mainly focus on generating single-hand shapes condi-
eration, we introduce a new evaluation protocol of two-hand tioned on an object [3, 10, 15, 23, 25, 27, 28, 65]. As the
interaction synthesis. In particular, we extend the stan- existing single-hand and object interaction datasets [2, 9,
dard metrics used for generative modeling (e.g., FID [20], 14, 18, 19, 31, 39] are mostly limited to grasping [13], the
KID [7], Diversity [48, 52, 63]) to two-hand interaction by  state-of-the-art generation methods actively leverage con-
training a tailored feature backbone network. Our experi- tact prior [17, 25, 38, 65] or physics simulators [23, 65]
ments show that our approach signi cantly outperforms the to synthesize grasps that cannot be easily broken by ap-
baseline methods on two-hand interaction generation withplying external force [10, 23, 25]. However, in two-hand
or without an object. We also show that our diffusion prior interaction, each hand can arbitrarily move by itself, so



physical contact between hands does not necessarily ocdiffusion timet. Given the noisy samplg andt, the dif-

cur. Thus, it is non-trivial to directly adapt the existing fusion modelf learns to approximate the reverse process
methods that heavily rely on physical priors. In addition, for data generation. The diffusion model parameteese

we consider the recent benchmark (ARCTIC [13])teio- typically optimized to minimizds,,. k  f (z; t)k2 [22]
handand object interaction that captures various bimanualor E,,. kzo f (z;; t)k? [59, 63]. Note that exact formu-
scenarios (e.g., opening a box, operating an espresso mdations vary across the literature, and we kindly refer the
chine). Since ARCTIC is also not limited to dense contacts reader to the survey papers [11, 68] for a more comprehen-
between object and both hands (e.g., grasping), our generadive review of diffusion models.

approach outperforms the most recent method on single-Classi er-Free Guidance (CFG) [21]. CFG is a method
hand and object interaction synthesis (ContactGen [38]) ex-proposed to achieve a better trade-off between delity and
tended for two-hand and object interaction generation on diversity for conditional sampling using diffusion models.
ARCTIC dataset. Instead of generating a sample using conditional score esti-
Two-human interaction synthesis. More recently, a few  mates only, it proposes to mix the conditional and uncondi-
methods for two-human interaction synthesis have beentional score estimates to control a trade-off between sample
proposed. PriorMDM [59] and InterGen [36] introduce delity and diversity:

diffusion models for text-driven two-human motion gen-

eration. BUDDI [44] (which is concurrent work to ours) T (zi;t,c) =1+ W)f (z;t;,¢c) wf (zi;t3); (4)
proposes an unconditional generation method of interact-

ing two-human shapes. It introduces a transformer-basedvherec is conditioning information and is a hyperparam-
diffusion model to generate SMPL [40] parameters of two eter that controls the strength of the guidance. However,
humangointly. In our work, we discover that directly mod-  Equation 4 requires training both conditional and uncon-
eling the joint distribution of two hands leads to sub-optimal ditional diffusion models. To address this, o al. [21]
generation performance due to the high data complexity. In-introduces conditioning dropout during training, which en-
stead, we simplify the learning process by decomposing theables the parameterization of both conditional and uncondi-
joint distribution into conditional and unconditional single- tional models using a single diffusion network. Condition-
hand distributions and experimentally show that ours yields ing dropout simply sets to a null token; with a chosen
signi cantly better generation results than BUDDI modi ed  Probability puncond  to jointly learn the conditional and un-

to synthesize two-hand interactions. conditional scores during network training. Due to its abil-
ity to achieve a better balance between delity and diversity,
3. Method CFG is used in many state-of-the-art conditional diffusion

models [8, 30, 45, 49, 57, 59, 63].

3.1. Preliminar
y 3.2. Problem De nition and Key Formulation

Diffusion Models. Diffusion models (e.g., [22, 61]) are a

class of generative models that learn to recurrently trans-OUr 9oal is to Iegrn a distribution of 3D interacting two-
form noisezr N (0:1) into a sample from the target data "2nd shapep (x;;x;) from the samples from a two-hand

distributionzo (o). This denoising process is called data distributiong(x;;x). We assume a situation where

the reverse process and can be expressed as: one left handx, and one right hand, are interacting
with each other, following the existing two-hand interac-

v tion benchmark [42]. For representing each hand, we
p (zo7):= p(zr) p (zt 1jz1); ) use MANO [55] model which is a differentiable statisti-
t=1 cal model that maps a pose paramete? R?* and a

shape parameter 2 R'° to a hand mesh with 3D vertices
V 2 R77® 3 and triangular faceB 2 R** 3. Based on
MANO, we parameterize each hand shape as:

wherep is a model distribution parameterized byand
z1; 5, z7 are latent variables of the same dimensionality as
Zo. Conversely, the forward process mode(s:.tjzo) by
gradually adding Gaussian noise to the data sampldn

this process, the intermediate noisy sanmlean be sam- Xs=[si sitsi sl )
pled as: wherexs 2 R% represents a 3D hand shape of side
p__ p fl;rg, and s and ¢ are the corresponding MANO pose
Zy = tZot+ 1 (3) and shape parameterss 2 R® denotes the root rotation

in 6D rotation representation [73], angd 2 R® denotes the
in variance-preserving diffusion formulation [22]. Here, root translation.
N (0;1) is a noise variable and.t 2 (0;1]" is a To learn the distributiorp (x;;X;) that captures plau-
sequence that controls the amount of noise added at eackible two-hand interaction states, one straightforward ap-



proach would be to directly modpl (x;; X ) using asingle  the shared right-hand MANO parameter space for network
generative network. However, we observe that the directtraining. In particular, our training objective can be written

learning of joint two-hand distribution leads to suboptimal as:

results, as the target distribution involves highly articulated

hand shapes in close interaction, and its combinatorial na-
ture imposes high generation complexity. To address this,* Learningp (X, ]jx;) from training samples i, ; x;) and
our key idea is to decompose the joint two-hand distribu-  (( Xi); ( Xr)).

tion to model the unconditional and conditional single-hand
distribution instead, such that:

» Learningp (x;) from training samples of, and ( x;);

This further augments the training data and improves gen-
eralization. More importantly, once we normalize the hand
P (X:X)=p (X)) p (Xejxi): (6) side, our training objective becomes learning the uncondi-
tional and conditional distributions in the same right-hand
Note that the joint distribution of two hands can now be MANO parameter spacep((x,) andp (X,jx;)), rather
represented by the distribution of a single hand on one sidethan learning one unconditional distribution and one condi-
p (X)) and that on the other sige (x;) conditioned orx; . tional distribution in the different hand spaces (x;) and
By decomposing the problem of learnipg(x;;X;) into p (XrjX;)). Our new learning objective is now in the form
two sub-problems of learning unconditional and conditional that conditioning dropout [21] (Section 3.1) can be directly
single-hand distributions, we can effectively reduce the de- applied to parameterize both unconditional and conditional
gree of freedom of each generation target. This formula- models using a single diffusion network.
tion is general, and can be easily extended to two-hand and Let our diffusion network b® that takes a noisy hand
object interaction generation, by simply adding an object parametex;, a conditioning hand parameter and diffu-
conditioningc to each of the terms in Equation 6. In what sion timet. As shown in Algorithm 1, we can traib to
follows, we explain our novel parameterization pf(x;) enable both conditional hand generation (by taking the other
andp (x,jx,) using diffusion models [22, 61]. Later inthe hand parametet; as conditioning input) and unconditional
experiments (Section 4), we also show that this simple de-hand generation (by takingas conditioning input) via con-
composition leads to signi cant performance improvement ditioning dropout [21] (Step 3 in Algorithm 1). Later in
in interacting two-hand generation with or without an ob- the experiments (Section 4), we show that training a uni ed
ject. diffusion network forp (x;) andp (x,jx;) leads to better

. eneration results than training two separate networks.
3.3. Training g g P

For learningp (x;) and p (x(jx;) in Equation 6, one  Algorithm 1 Training via conditioning hand dropout.
;trmghtfomard_gpproqch is to separately train uncon(_:h— Require: Puncond : probability for conditioning dropout
tional and conditional diffusion networks. However, thereis roquire: . i 1 ; ;
) ] quire: 1.7 diffusion noise scheduling
conceptual redundancy embeddegirix,) andp (X:jX;). 1 repeat
Both distributions uItlmate_Iy capture _th_e plau5|ble_ single- . Sample(x; ; x1) from q(x;: x1) orq( ( x1); ( %))
hand shapes, where the differences lie in (1) the side of the . X ; o
L . . .. . [ with prObab”'typuncond
hand and (2) whether the distribution is unconditional or . N (0:1)
conditional. Motivated by multi-task learning [6, 64, 72] '
that has shown that joint learning of related tasks improves 5
both learning ef ciency and accuracy by exploiting the
commonalities across tasks, we also introduce a training
mechanism that can jointly leap (x;) andp (X,]jx;) us-
ing a single diffusion network.
R.egard'ng the d'ﬁer?nce in the side of hand, we pay at- 3.4. Inference: Cascaded Reverse Diffusion
tention to the observation that shape symmetry exists be-
tween left and right hands. The existing MANO model [55] After training our diffusion network, we can rst sample an
indeed learns a uni ed hand model in the right-hand space,anchor left-hand, from the learneg (x,) after ipping
where the left-hand model is obtained by horizontally ip- the model space by [55]. Then, we can sample an inter-
ping the model shape space. Following MANO, we also acting right-hand conditioned on the anchor hamdrom
bring all single-hand generation targets into the shared do-p (x,jx;) in the form of cascaded inference. Our over-
main. Since our hand representation is already based orall inference procedure is described in Algorithm 2. Note
MANO, we follow the same mirroring transformation thatE( ) denotes a function that computes the added noise
used in MANO [55] (please refer to the supplementary from the diffusion model prediction [59, 63]. In Algo-
for details) to map the left-hand generation targets into rithm 2, we incorporate two types of guidance into the re-

. Compute difsted data at timi€Equation 3)
: X =" X+ 1 t

6: Take agradientstepan kx, D (X; X;; 1)) K?
7: until converged




verse process: (1) classier-free guidance (CFG) [21] to the other hand. Her®, denotes a function that returns a set
control a trade-off between delity and diversity in con- of penetrated vertex indic€g j ) and is de ned as:

ditional sampling (Step 11 in Algorithm 2) and (2) anti-

penetration guidance to avoid inter-hand penetration (Step _ 4

13 in Algorithm 2). As CFG is already discussed in Sec- P (Xt 1;x1)= f(i;j)j n| (Vi ; Vi{)>0g (8)
tion 3.1, we describe our anti-penetration guidance below.

wherej denotes the vertex index &f, that is nearest to

Algorithm 2 Inference via cascaded hand denoising. ! 1, andn; is a normal vector a¥/{. This way, the
Require: Wey : Classi er-free guidance strength amoun_t (_)f_penetration can be _approximated by projecting a
Require: Wpen : anti-penetration guidance strength vector joining the nearest vertices from_thg two hand; onto
Require: L pen : penetration loss function the normal vector at the_anc_hor hand, similar to the existing
. Sample anchor hang hand-object reconstruction literature [18].
1 xr N (0;1) . .
5 forall t from T to 1do 3.5. Generative Prior for Two-Hand Problems
3 " E (D (x550) We now explain how our two-hand interaction prior can
- DDIM [61] sampling P be easily incorporated into any optimization or learning
4 Xt 1 t 1(X‘H91—‘7‘) + 1 1" methods to further boost the accuracy of the downstream
5: end for problems, such as monocular two-hand reconstruction. In-
6: X| ( Xo) spired by Score Distillation Sampling (SDS) [49] and
. Sample interacting hand, given anchor hand; BUDDI [44], we treat our pre-trained two-hand diffusion
7. xt N (0;1) modelD as a frozen critic that regularizes the current two-
8: forall t fromT to 1do hand interaction statex(; x;) (e.g., predicted by a recon-
9 “uncond E (D (Xt;;;1)) struction network) to move to a higher-density region. Our
10 “wnd E (D (Xt;xi51)) diffusion-based regularization term can be written as:
. Classi er-free guidance [21]
1: N (1+ Weig) cond  Wefg "uncond Lreg = iS(D ;x1i;%r)  (Xi5 Xr) fi2; 9)
. DDIM [61] sampllpg b
12: Xt 1 ﬁ(x‘ﬂgl—tiwﬂ 1 " where S(; ; ) denotes a function that performs a single
. Anti-penetration guidance (Section 3.4) forward-reverse diffusion step [44] that takes as input the
13 Xt 1 Xt 1 Wpenl x, s Lpen (Xt 1;X1) current two-hand interaction state, (x,) and outputs the
14: end for denoised interactiof®,; ®;) estimated byD . Note that
15: Xy Xo we detach the gradients of the diffusion mo®el follow-

ing [44, 49]. Ly can be incorporated as an additional reg-

Anti-penetration guidance. Inspired by the existing work ularizer in_to any Ios_s function during network training or
on diffusion guidance on image domain [5, 12, 34], we Shape optimization in a plug-and-play manner.
introduce test-time guidance to avoid penetration between

the generated two hands. In particular, we move the cur-

rent interacting hand generatioy ; towards the nega-

tive gradient direction of the penetration loss functigg,

at each denoising step (Step 13 in Algorithm 2). Let

Vi 1:V| 2 R’ 3 denote mesh vertices recovered from

the noisy right-hand paramet&; ; and the conditional

left-hand parameter; using MANO [55] layer. In particu-

lar, we recover these vertices from clean hancbparameter es-

Xt 1 1 ¢ "

timated fromt 1via DDIM [61] samplinggpf
to enable more robust loss computation [5, 34]. Then, our
penetration los§ pen is de)zled as:
Lpen (Xt 13%1) = Vi Viiz o . .
i 2P (xi 1:%1) Figure 2. Our network architecture. We use self-attention be-

L . tween the embeddings of the inputs (i>a. X, t, and optionaD)
which is the sum of squared distances between the peneg, estimate the denoised hand parameter

trated vertexV | ; in one hand and its nearest veréx in




3.6. Network Architecture extraction backbone for interacting two-hand shapes unlike
in the image [20] or human motion [52, 63] domain. To
address this, we train a backbone network to extract 3D
two-hand interaction features, whose network weights will
be released for benchmarking future research. Inspired by
FPD [60] that measures &chet distance of the generated
3D objects (e.g., chair, airplane) on PointNet [50] feature
space, we train PointNet++ [51] to regress two hand poses
in axis-angle representation and their relative root transfor-
mation from a 3D two-hand shape represented as a point
cloud. Note that, while it is possible to extract two-hand fea-
tures by speci cally leveraging MANO [55] parameter or
mesh structure, we aim to propose a more general metric for
future work on two-hand interaction generation, that may
not be directly reliant on the MANO model. We rename
our two-hand-speci ¢ metric for FID and KID as &chet

We use a transformer-based architecture for our diffusion
modelD . As shown in Figure 2, we rst use two fully
connected layers with Swish activation [53] to embed the
input hand and conditioning hand parameters (ke.x;).
We also embed the diffusion timeusing Positional En-
coding [22]. Then, we use four-headed self-attention [67]
to model the relationship between the input embeddings.
Lastly, the updated input embeddings are attened and fed
to eight fully connected layers with ReLU [1] activation and
skip connections to estimate the clean hand sigpal
Object-conditional generation. To enable two-hand
generation conditioned on an object, we can add a
global object conditioningc to model p (x;;X;jc) =
p (X;jc) p (XrjX;;c). To incorporate the object condition-
ing ¢, we simply ?‘dd_a P0|ntNet++_[51]-ba§ed em_beddmg Hand Interaction Distance (FHID) and Kernel Hand Inter-
branch (blue box in Figure 2) for an input object point cloud . . .

action Distance (KHID), respectively.

O. Please refer to the supplementary for more details on OurResuIts. As shown in Table 1a, our method signi cantly

architecture (€.g., layer con gurations). outperforms the baselines on most of the metrics. Espe-
cially, learning the decomposed two-hand distributiauvs

5-6) leads to noticeable performance improvement. While
4.1. Two-Hand Interaction Synthesis Ours w/o Shared Networows 5 achieves the best preci-
sion score, our nal methoddws 6 achieves signi cantly
better scores on the other metrics. We also notice that ours
achieves high scores on both precision and recall with a
good balance, while most of the baselines yield a high score
on either one of them. Figure 3 qualitatively shows the sam-
pled two-hand interactions using our method, which further
demonstrates that our prior captures plausible and diverse
two-hand interactions.

4. Experiments

Data. We use InterHand2.6M [42] dataset, which is the
most widely used interacting two-hand dataset. Following
the existing reconstruction work [33, 35], we use interact-
ing hand (H) samples withvalid annotation. The resulting
dataset consists of 366K training samples, 110K validation
samples, and 261K test samples.

Baselines.We rst consider VAE used as a two-hand prior
for monocular reconstruction in [76]. We also consider
BUDDI [44], which is a recently proposed diffusion model
that jointly generates two human parameters. We modify
BUDDI to generate interacting two-hand parameters and
denote the resulting model by BUDDI*. We additionally
consider our method variations in which the modeling of
joint distribution is not decompose®(rs w/o Decomposi-
tion) or separate conditional and unconditional networks are
trained to model the decomposed single-hand distributions
(Ours w/o Shared NetwoykPlease refer to the supplemen-
tary for the details of the baselines.

Evaluation metrics. As there is no established benchmark
for 3D two-hand interaction generation, we build our own
evaluation protocol. Following the existing work on human
pose and motion generation [52, 63], we extenéchet Figure 3. Two-hand interactions synthesized by InterHand-
Inception Distance (FID) [20], Kernel Inception Distance Gen. The sampled interactions are plausible and diverse.
(KID) [7], diversity [52, 63] and precision-recall [58] for
evaluating the generated two-hand interactions. We also re4
port the mean inter-penetration volumedm? to measure

the physical plausibility. Note that FID, KID, and precision- Data. We use the recently released ARCTIC [13] dataset.
recall are originally proposed for evaluating the feature dis- Unlike the existing hand-object datasets [9, 18, 19, 31, 39]
crepancy between the generated and the ground truth imthat are mostly limited to single-hand grasps, ARCTIC
age distributions. However, there is no pre-trained feature captures diverse two-hand and object interaction scenarios,

.2. Object-Conditioned Two-Hand Synthesis



Table 1.Quantitative comparisons of two-hand interaction synthesis with and without an object. Boldndicates the best scores, and
underlineindicates the second best scores. In both experiments, ours signi cantly outperforms the baselines on most of the metrics. We
conduct 20 evaluations and report the average scores, where 10K samples are used in two-hand synthesis and 30K samples (3K samples
per object category) are used for two-hand-object synthesis in each evaluation.

(a) Comparisons on two-hand interaction generation (Section 4.1)

Method | FHID# | KHID (w0 2#| Diversity" | Precisiod’ | Recall" | PenVolmm3)#
VAE [76] 8.18 6.23 2.32 0.55 0.02 7.32
BUDDI* [44] 3.48 4.10 2.71 0.56 0.47 0.82
Ours w/o Decompositio 2.09 0.75 2.34 0.86 0.35 3.10
Ours w/o Shared Network 1.32 0.46 2.46 0.92 0.42 3.95
Ours 1.00 0.15 3.59 0.86 0.85 0.76

(b) Comparisons on object-conditioned two-hand interaction generation (Section 4.2)

Method | FHID# | KHID (0 H#| Diversity" | Precisiod’ | Recall" | PenVolmm3)#
ContactGen* [38] 22.56 1.58 6.70 0.21 0.37 1.80
VAE [76] 21.75 2.12 5.29 0.60 0.17 4.98
BUDDI* [44] 2251 1.35 6.50 0.28 0.36 1.38
Ours w/o Decompositio 19.84 1.18 6.28 0.40 0.67 6.06
Ours w/o Shared Network 17.00 0.97 6.15 0.74 0.63 3.85
Ours 12.91 0.55 6.77 0.71 0.67 1.33

such as opening a box or operating an espresso machine. bf generating plausible bimanual hand interactions includ-
contains 339 sequences of interaction with 10 objects. Weing loosely contacted cases.

follow the split protocol protocol 1) released by ARCTIC,

resulting in 192K training samples, 25K validation samples,

and 25K test samples.

Baselines. We mainly consider the two-hand generation
baselines from Section 4.1 modi ed to additionally take
an object conditioning in the same manner as our method
(Section 3.6). The baselines were further tuned to perform
fair comparisons (please refer to the supplementary for de-
tails). We additionally consider ContactGen [38], which is
the most recent state-of-the-art method on single-hand and
object interaction synthesis. We modify ContactGen to gen-
erate two-hand interactions and denote it by ContactGen*.

Evaluan_on m_etrlcs. S_lr_nllar to Section 4.1, we _use FHID, Figure 4.0bject-conditional two-hand interaction synthesized
KHID, diversity, preC|_S|on-re(_:aII, and penetratllon volume. by InterHandGen. Ours can model plausible and diverse biman-
To extract two-hand interaction features relative to an ob- 5| interactions.

ject, we train a PointNet++ [51] backbone network speci -
cally for 3D two-hand and object interactions similar to Sec-
tion 4.1. Please refer to the supplementary for the details o
our backbone network. Note that we compute the metricsBaseline and Data. We consider Interwild [41] for the

per object category and report the average scores. baseline, which is the most recent state-of-the-art work pro-
Results. In Table 1b, our method is shown to outperform posed for interacting two-hand reconstruction from in-the-
the baseline methods on most of the metrics by a largewild images. For network training, InterWild uses mixed-
margin. Especially, our method yields signi cantly better batches consisting of motion capture data with full 3D shape
scores on FHID and KHID. One notable observation is that supervision (InterHand2.6M [42]) and in-the-wild data with
ContactGen* does not achieve good performance on genweak 2D keypoints supervision (MSCOCO [26, 37]). In
eral two-hand and object interaction synthesis, by biasingthis ill-posed setup, we leverage our diffusion prior to re-
towards heavy contact cases due to its reliance on the conduce depth ambiguity. In particular, we utilize our pre-
tact prior. In contrast, as shown in Figure 4, ours is capabletrained two-hand diffusion model (used in Section 4.1) to

f4.3. Monocular Two-Hand Reconstruction
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