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Text2HOI: Text-guided 3D Motion Generation for Hand-Object Interaction

Junuk Cha! Jihyeon Kim!?*

LUNIST

"Open a box with the right hand."

= i 3

Jae Shin Yoon*"
2KETI

Seungryul Baek"”

3 Adobe Research

""Hand over an apple with both hands."

(@ &

Figure 1. Given a text and a canonical object mesh as prompts, we generate 3D motion for hand-object interaction without requiring object trajectory
and initial hand pose. We represent the right hand with a light skin color and the left hand with a dark skin color. The articulation of a box in
the first row is controlled by estimating an angle for the pre-defined axis of the box.

Abstract

This paper introduces the first text-guided work for
generating the sequence of hand-object interaction in 3D. The
main challenge arises from the lack of labeled data where
existing ground-truth datasets are nowhere near generalizable
in interaction type and object category, which inhibits the
modeling of diverse 3D hand-object interaction with the correct
physical implication (e.g., contacts and semantics) from text
prompts. To address this challenge, we propose to decompose
the interaction generation task into two subtasks: hand-object
contact generation; and hand-object motion generation. For
contact generation, a VAE-based network takes as input a
text and an object mesh, and generates the probability of
contacts between the surfaces of hands and the object during
the interaction. The network learns a variety of local geometry
structure of diverse objects that is independent of the objects’
category, and thus, it is applicable to general objects. For
motion generation, a Transformer-based diffusion model utilizes
this 3D contact map as a strong prior for generating physically
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plausible hand-object motion as a function of text prompts
by learning from the augmented labeled dataset; where we
annotate text labels from many existing 3D hand and object
motion data. Finally, we further introduce a hand refiner
module that minimizes the distance between the object surface
and hand joints to improve the temporal stability of the object-
hand contacts and to suppress the penetration artifacts. In the
experiments, we demonstrate that our method can generate
more realistic and diverse interactions compared to other
baseline methods. We also show that our method is applicable
to unseen objects. We will release our model and newly labeled
data as a strong foundation for future research. Codes and data
are available in: https.//github.com/JunukCha/Text2HOIL.

1. Introduction

Imagine handing over an apple on a table to your friends:
you might first grab it and convey this to them. During a social
interaction, the hand pose and motion are often defined as a
function of object’s pose, shape, and category. While existing
works [3, 8,9, 15, 21, 27, 30, 31] have been successful in mod-
eling diverse and realistic 3D human body motions from a text
prompt (where there exists no text-guided hand motion genera-
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tion works), the context of object interaction has been often miss-
ing, which significantly limits the expressiveness in the seman-
tics of the generated motion sequence. In this paper, we propose
a first work that can generate realistic and assorted hand-object
motions in 3D from a text prompt as shown in Fig. 1. Our work
can be used for various applications such as generating surgical
simulations, interactive control of a character for gaming, and fu-
ture path planning between a robot hand and objects for robotics.

Learning to generate a sequence of 3D hand-object
interaction from a text prompt is extremely challenging due
to the scarcity of the dataset: the diversity of existing datasets
for a sequence of 3D meshes and associated text labels is far
behind the one of real-world distribution which is determined
by a number of parameters such as hand type (e.g., left or right),
object’s category and structure, scale, contact regions, and so on.
A generative model learned from such limited data will fail in
the diverse modeling of physically and semantically plausible
3D hand-object interaction.

To overcome this challenge, we propose to decompose the
interaction generation task into two subtasks, “object contact
map generation” and “hand-object motion generation”, where
the models dedicated to each task learn a general geometry
representation from the augmented dataset, which leads to the
significant improvement in the generalizability and physical
plausibility of the combined pipeline.

For contact map generation, we newly develop a contact
map prediction network that encodes a local geometry surface
of a 3D object mesh along with a target motion text; and
generates a 3D contact map—3D probability map at the
object’s surface that describes the potential regions contacted
by hand meshes during the interaction—along with the general
geometric features. Since the local geometry representation is
category-agnostic, the network is applicable to general objects.
By adding condition of the scale information, our contact map
generation module is, in nature, able to decode scale-variant
probability, e.g., if the object’s scale is smaller, the region of
the predicted contact probability becomes wider, reflecting the
natural tendency to grasp smaller objects over a wider area.

For motion generation, a Transformer-based diffusion
model utilizes the contact map and geometric features as strong
guidance to generate the sequence of 3D hand and object
movements from a text prompt. Unlike a conventional diffusion
process [11], the model is designed to directly estimate the
final sample at each step, which allows us to apply explicit
geometric loss (e.g., relative distance or orientation) to improve
the geometric correctness. Our diffusion model learns the
augmented data where we perform extensive manual annotation
of the text labels from external motion datasets [5, 16, 25].

Using these two modules, we introduce the first text-guided
hand-object interaction generation framework that generates the
3D interaction in a compositional way. Given a text prompt,
canonical 3D object mesh, and object’s scale, our VAE-based

contact predictor generates a 3D contact map, and geometry
features. Our Transformer-based diffusion model encodes the
contact, text, and geometry information with frame-wise and
agent-wise (i.e., object, and left and right hand) positional em-
bedding to decode realistic 3D hand-object interaction. Finally,
our new Transformer-based refiner module pushes the physical
correctness of the 3D interaction in a single feed-forward manner
by refining the contacts and suppressing the penetration artifacts.

In the experiments, we validate our model on three datasets
(H20 [16], GRAB [25], and ARCTIC [5]) where our method
outperforms other baseline methods in terms of accuracy, diver-
sity, and physical realism by large margins. We also demonstrate
that our compositional framework enables the application of
our method to new objects that are not seen during training.

Our contributions can be summarized as follows:

* To the best of our knowledge, we propose the first approach
that can generate a sequence of 3D hand-object interaction
in various styles and lengths from a text prompt.

e We propose a novel compositional framework that enables
the modeling of high-quality hand-object interaction from
limited data.

* We introduce a new fast and efficient hand refinement
module that improves physical realism (e.g., penetration-free
interaction) without any test-time optimization.

* We annotate text labels from existing hands and object motion
datasets, which will be made public.

2. Related Work

Text to human motion generation. Thanks to the user-
friendly nature of textual inputs, there has been substantial
progress in the field of text-guided human motion gener-
ation [3, 8, 9, 12, 15, 17, 19, 21, 27, 30, 31, 33]. Guo et
al. [8] proposed the text2length and text2motion modules to
generate human motion in varying time length, while remaining
realistic and faithful to the text. Tevet et al. [27] introduced a
Motion Diffusion Model (MDM) for generating natural and
expressive human motion, utilizing the geometric losses and
Transformer-based approach that predicts the sample instead
of noise in each diffusion step. Recently, Liang et al. [19]
presented a method that can generate interactive motion between
two people. But it cannot handle three or more multi-agents.

Hand and object motion generation. Existing approaches [1,
2,4,7,10, 13, 14, 18, 20, 34] focus on grasping the stationary
object. They are limited in their ability to manipulate the object
and are therefore inadequate to generate a natural hand-object
motion. Ghosh et al. [6] proposed a method for generating
full-body motion in interaction with 3D objects, which is guided
by action labels, while it requires an optimization stage for full
performance. To generate hand and manipulated object motion,
Zhang et al. [29] proposed a network that relies on the current
hand pose, past and future trajectories of both hands and object,
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Figure 2. Schematic diagram of the overall framework. Given a text prompt and a canonical object mesh prompt, our aim is to generate the
3D motion for hand-object interaction. We first generate a contact map from the canonical object mesh conditioned by the text prompt and object’s
scale. The hand-object motion generation module removes the noise from the inputs for the denoised outputs to align with the predicted contact
map and the text prompt. The denoised outputs exhibit artifacts, including the penetration. To address these artifacts, the hand refinement module
adjusts the generated (denoised) hand pose parameters to restrain the penetration and to improve contact interactions.

and diverse spatial representations. Zheng et al. [32] generate
the hand-object motion covering both rigid and articulated ob-
jects, given an initial hand pose, object geometry, and sparse se-
quences of object poses. While plausible, these methods [29, 32]
require the 3D object sequence as inputs, which is often not avail-
able from a user. In addition, they cannot utilize text modality.

3. Method

Our goal is to generate hand-object interacting motions
given a text prompt T and a canonical object mesh M,,;. To
address them, we design our framework with three stages, as
shown in Fig. 2. First, we use the canonical object mesh IM;
combined with the text feature f““(T) via the CLIP text
encoder fCMP [23] to estimate the contact map Mopae that
provides a strong prior for relative 3D locations of hands and an
object. Then, we use the Transformer-based diffusion model to
denoise the noised input data {x.}Z | at the ¢-th diffusion time-
step, where L is the overall sequence length. By conditioning
the text features fHP(T), contact map Mgoncer, Object features
Foyj and scale sqp on the diffusion model, we estimate the
denoised sample X from the noised one x;. Lastly, hand refiner
improves the initial generated hand-object motions considering
penetration and contact between hands and an object.

3.1. Contact map prediction

To generate natural motions for hand-object interaction,
it is crucial to understand contact points between hands and
an object. For this, we design the contact prediction network
feontact that encodes contact points on the surfaces of the object
mesh M,,; along with a text prompt T' and object’s scale sqp;.

We first compute s,y Which represents the maximum dis-
tance from center of object mesh to its vertices. We then sample
N-point cloud P € RV >3 from the vertices of canonical object
mesh using the farthest point sampling (FPS) algorithm [22].
Subsequently, we normalize P t0 P by dividing it with sp;.
The contact prediction network " receives the normalized

point cloud P, text features fCMP(T), object’s scale Sobj,
and Gaussian random noise vector Zeonact € R, and produces
the contact map Meype € RY <1, In the middle of £ we
obtain the object features F,; € RM024 To train oo™t we
use the combination of binary cross-entropy loss, dice loss and
kullback-leibler (KL) divergence loss following [18].

3.2. Text-to-3D hand-object motion generation

Our text-to-3D hand-object interaction generator (Text2HOI)
FTHOI whose architecture is the Transformer encoder [28], is
trained via the diffusion-based approach [11].

3.2.1 Preliminaries.

The 3D hand-object motion is represented as xg =
{) lhand» X0 shand> Xb ot 175+ Where [ denotes the frame index.
This motion comprises 3- Lyax elements, which accounts for the
maximum motion length L.« of three agents (i.e., left and right
hands and an object): For left and right hands, x{, j,,,q € R
and x{, ;.,,g € R are composed of 99-dimensional vectors by
flattening and concatenating the 3D hand translation parameters
t} € R? and MANO hand pose parameters 6 € R'6*¢ in 6D rep-
resentation [35]. For an object, xf),obj € R is 10-dimensional
vector that concatenates the 3D object translation t. € R3, object
rotation r! € RY [35], and object articulation angle o € R.

The 3D hand-object interaction x( is used to generate
the mesh of hands, and to deform the mesh of objects: The
left and right hand meshes are generated from X jhanq and
X0 rhana DY feeding them to the MANO layer [24] to output
the hand vertices Vipand, Vihana € RZXY >3, and hand joints
Jihands Jihana € RE*7*3 in 3D global space, where V = 778
and J =21. A deformed object’s point cloud Py € REXNV*3
is generated in 3D global space by transforming the object’s
point clouds P with the translation, rotation and articulation
angles in X oj. The notation - and - indicate that these values
are derived from the estimated X and refined xg, respectively.
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Figure 3. The details of the text-to-3D hand-object motion generation in our framework. In the forward process, we generate the noised motion

{xi}lf;l by adding the noise to the original (ground-truth) motion {xé}lﬁ:l. In the backward process, the Transformer encoder denoises the noised

motion {xlt}lL:l, using various conditions ¢ including text features fCLIP(T), contact map Meontact, Object features Fopy, and object’s scale sob;. The
right panel illustrates a comparison between conventional positional encoding, which can only differentiate each patch, and our proposed encoding,
which provides detailed differentiation of both frames and agents. A unique positional encoding value is assigned for each box, distinguished

by different colors.

3.2.2 Forward process.

Our forward process is formulated as:

Xy =/ auxo+V1—ae (D

following [11], where ¢ is the diffusion time-step, xg is the
original 3D hand-object motion, x; is the noised 3D hand-object
motion at the ¢-th diffusion time-step, and &, € (0,1) is a set of
constant hyper-parameters. The noise ¢; is randomly sampled
from the Gaussian distribution at each diffusion-time step .

3.2.3 Backward process.

In the backward process, the text-to-3D hand-object inter-
action generator (Text2HOI) fTOT denoises the noised motion
X to reconstruct the original (ground-truth) motion xg: X9 =
JTHOI(x, ¢ c), where ¢ denotes the conditions, as described in
[27]. Since we exploit the Transformer encoder as the architec-
ture, the noised signal x; needs to be first converted to the proper
input embedding X;. Similarly, the output of Transformer archi-
tecture Xt also needs to be converted to the denoised signal x.
Furthermore, the text features f“F(T), object features Fy;, es-
timated contact map Mcontace and object’s scale sqp; are merged
together to constitute the conditional signals X4, Which will
be detailed in the remainder of the section:

Transformer input generation. The forwarded signal
X; = {xiylhand,xérhand,xéobj} is passed through corresponding
fully connected layers (i.e., fivthand — ginthand = apq  fin.objy
respectively to obtain the input to the Transformer encoder,

= {Xiaa € R X g € RO, Xy € RO}
respectlvely Then, we apply two types of pos1t1ona1 encoding:
frame-wise and agent-wise. Frame-wise positional encoding
adds an sinusoidal value to X! which varies according to the

motion length index [; while irrespective to the type of agents.

Agent-wise positional encoding adds distinct encoding values
for each agent (left hand, right hand, and object), which are
consistent across different frames, t0 Xy jhand, X¢,rhand, and
X ,obj- These are designed to help the Transformer encoder to
better understand the input data. The detail pipeline of these
positional encodings is shown in the right bottom panel of Fig. 3.

The Transformer encoder has a maximum input capacity of
451. The first input is reserved for the conditioning, while the
remaining inputs accommodate the maximum motion length
L, of 150 frames, involving three distinct agents: left hand,
right hand and object. We mask out all inputs except for the
first 1+3L inputs where L is the estimated length of sequence
and subsequently, we mask inputs which are not belonging to
the estimated hand type H* (see Sec. 4.1 for details about how
L and H* are estimated).

Conditional input generation. To generate denoised hand-
object motions conditioned on the text prompt T and canonical
object mesh M, we need to generate the conditional input
for the ¢-th diffusion time-step. Conditional input X cong 1S
generated by:

Xt,cond = Xcond+temb (2)

where the diffusion time-step embedding temy, = f*(¢) is
obtained by applying the diffusion time-step ¢ to the time-step
embedding fully-connected layer f* and the condition
embedding X ong 1S generated as follows:

Xcond +Xcor‘1d (3)

text obj

Xcond

where the text condition X4 = fiext( fCLIP(T)) is generated
by applying the text feature f°“P(T) to the fc layer f**. The
object condition XCond fobi ({Fobj, Meontact,Sobj }) 1s obtained
by concatenating object feature Fp;, contact map Meontace and
object’s scale s, and feeding them to the fc layer f°°.
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Transformer output conversion. Masked inputs
= {Xiconds Xp, X2, ..., XE} are fed to the Trans-
former encoder to estimate the outputs X = {XO} i1, Where

= {Xo thand Xf) rhand Oobj} Each outputs— Xfmhand’
X%),rhand’ and Xo,obj— are passed through its own dedi-
cated fully connected layer, denoted as foutthand — foutrhand
and [t respectively, to obtain the denoised signal
Xé - {Xé,lhand’)A{f),rhand’)zé,obj }
Training. Note that the losses related to left and right hands
are activated by indicator functions Ljer and 1ygn, respectively,
which are derived from the hand type H*. The fTHO! is trained
with loss functions as follows:

Lrnor(f™M) = Laige(£™") + Lam (f ™M) + Lo (F77Y) - @)

where

Laitr(f™N) = Ex, g xole)imp 7 X0 — N (xe 10) 15 (5)

is the loss which is used to reconstruct xy from x; similar
to [27]. We have two more losses (i.e., Lgm, L) to make the
Ol o generate more accurate hand-object motions. The
distance map loss L4, proposed in [19], is employed in our
hand-object motion generation to align the estimated distance
map with ground-truth distance map as follows:

LxJxN

Ldm(fTHOI) _ Z

i=1

2
{]lleft : ((dlzeft —djeg) I (djeg < T)>

2
+]ln'ght'<(d§igm_ right) L (dfight<7')) }
(6)

where dleft and d’ . denote the i-th element of aleft and

right
dﬁgm e RLxIxN , respectively. These represent the estimated
(jistance maps between the J hanfi joints (left Jjhang and rigl}t

Jihana) and the N object points P across a sequence of L

frames, derived from their 3D global positions. di;, and dI1ght

denote the i-th element of dier and dyigh, € RLXIXN \which
are the ground-truth distance maps obtained for left and right
hands, respectively. The indicator function I(-) outputs 1 when
the statement is true and 0, otherwise. It activates the loss only
when the hand-object distance is below the distance threshold
T, where it is empirically set as 2cm.

In the relative orientation loss L,,, we consider the 3D
relative rotation as follows, as hands and objects exhibit severe
rotation changes:

Lo (f™O0) =Tefe- || R(X0,handsX0.0bj) — (X0 thand»X0,057) | 3

+ight || R(X0 shand X0,0bj ) — (X0 rhand»X0.0bj) |35

(N

where R(-,-) indicates the 3D relative orientation between hand
and object.

Sampling. At each time-step ¢, the model fTHO! predicts a
clean motion, denoted as %o = fTHO!(x;,t,¢), and then re-noise
Xg to x;—1 [27]. This procedure is conducted repeatedly,
starting from t=T"to t=1.

3.3. Hand refinement network

We propose a hand refinement network ™' that considers
the contact and penetration between hands and an object gener-
ated from Text2HOI f™O% in Sec. 3.2. The architecture of ™
is similar to that of f™°!: 1) it employs a Transformer encoder
architecture, and 2) it utilizes frame-wise and agent-wise posi-
tion encoding. The main differences between fTHOl and f™f are
that fref does not involve the diffusion mechanism; it does not
receive any conditions as input; and it refines only hand motions.

Inputs and outputs. The hand refinement network receives
several inputs: Text2HOI’s hand output Xg pand, hand joints
J hand» predicted contact map Mg, deformed object’s point
cloud Pdef, and distance-based attention map mg;. The
attention map m,, = exp(—50 x D) is defined as [26], where
D e RJ *3 represents the 3D displacement between J hand
joints Jhand and the nearest object points in Pdef These
components, denoted as X¢ hand, J hands Mcontacts Pdef, and m,,
are flattened and concatenated to form the hand refiner input.
As indicated in Sec. 3.2, these inputs are masked using H*.
Then, ff outputs the refined hand motions Xy,,g. They are
masked using H* for loss calculation and result visualization.

Training. The hand refinement network is trained using the
loss function Liefine as follows:

Lreﬁne (fmf) = Lsimple (fmf) +Lpenet (fmf) + >\1Lc0mact (fref)’ (8)

where )\ is set as 5. The simple L2 loss is expressed as follows:

Lsimple (fref) - ||)~(ha.nd _Xhand”%? (9)

where Xp,nq denotes the ground-truth hand motions. The
penetration loss Lpenet [13] is applied only on hand vertices that
penetrate the object surfaces as follows:

Lpenet(fref) =Tefi- ||d(vlhmd7ﬁi)egjt) | |2 +]lrighl . | |d(vrhdnd7ﬁ2]§ht) | |27
(10)
where d(-, -) denotes the Euclidean distance between two

points, Ujpand € Vlhand and Uppang € Vrhand are hand vertices that
penetrate the object surface, and p pobJ € Pdef and i)gﬁjht € Pdef
denote the object points closest t0 Vihand and Vrhand, rESpeECtively.
The contact loss Leonwet [13] is applied to the joints that are

sufficiently close to the object surface, as follows:

Lcontact(f ) ]llefl ||d(]lhdnd7A§t§l)| |2+]lnght ||d(Jrhand7 S[iht)|‘27
(11)
where j]hand eJ Ihand and jrhand eJ rhand T€present the hand joints

that are within a distance threshold 7 from the object surface,
respectlvely clflft S Pdef and ¢ c bt e Pdef represent object points

closest to ]]hand and jrhand, respectlvely.
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Table 1. Comparison on H20, GRAB, and ARCTIC datasets. { denotes our produced results. — denotes that the higher value of the metric,
the closer to the GT distribution. Best results are emphasized in bold.

H20

Method Accuracy (top-3) T FID | Diversity — Multimodality T  Physical realism 1
GT 0.9920 £ 0.0003 - 0.6057 £0.0050  0.2067 4 0.0024  0.4790 £ 0.0002
T2MT [8] 0.6463 £0.0014  0.3439 £0.0006 0.3475 £ 0.0040 0.0634 +0.0022  0.3890 £ 0.016

MDM' [27] 058324 0.0011 030154+ 0.0011 0.5127 +0.0054 0.1738 + 0.0049  0.5572 + 0.0013
IMOS [6] 0.5518 = 0.0026  0.2945 £ 0.0011  0.4076 4+ 0.0056  0.1798 + 0.0115  0.3532 £ 0.0026
Ours 0.8295 £+ 0.0015  0.1744 £ 0.0013  0.5365 £+ 0.0073  0.2469 + 0.0081  0.7574 + 0.0022

GRAB
GT 0.9994 + 0.0001 - 0.8557 £0.0054 0.4390 £ 0.0045  0.8084 £ 0.0002
T2MT [8] 0.1897 +0.0007  0.7886 4+ 0.0005 0.5712 +0.0078  0.0964 4+ 0.0027  0.5844 + 0.0002
MDM' [27]  0.5127 +0.0009  0.6023 + 0.0011 0.8012 4 0.0054 0.5194 & 0.0145  0.7382 = 0.0004
IMOS' [6] 0.4097 £0.0005  0.6147 £0.0003 0.6861 & 0.0060 0.2845 +0.0036  0.6418 £+ 0.0014
Ours 0.9218 -+ 0.0010  0.3017 £ 0.0004 0.8351 = 0.0061 0.5216 = 0.0131  0.8839 £ 0.0005
ARCTIC

GT 0.9997 + 0.0001 - 0.5916 £ 0.0037  0.3279 £ 0.0038  0.9573 £ 0.0000
T2MT [8] 0.5234 £0.0015  0.3599 £ 0.0005 0.3301 £ 0.0023  0.0849 = 0.0017  0.0143 £ 0.0001

MDM' [27] 05572 +£0.0012 03025 +0.0006 0.4984 +0.0039  0.2632 4 0.0065  0.7043 = 0.0009
IMOS' [6] 0.8190 £ 0.0039  0.1826 £0.0005 0.5702 £ 0.0039  0.2741 £ 0.0049  0.7569 £ 0.0023
Ours 0.9205 + 0.0012  0.1329 £ 0.0006 0.5758 £ 0.0042 0.3170 £ 0.0068  0.8760 + 0.0009

4. Experiments
4.1. Implementation details

We use 7' = 1,000 noising steps and a cosine noise
schedule. We use sinusoidal positional encoding for frame-wise
and agent-wise positional encodings. We set the maximum

length of motion sequences, denoted as Ly, to 150 frames.

Further details about network architecture can be found in the
supplemental material.

Hand-type selection. We use the CLIP text encoder [23] 1P
to calculate cosine similarity between the input text prompt T
and predefined prompt templates I'(H )="A photo of H”, where
H < {left hand, right hand, both hands}. The hand type H*
with the highest cosine similarity to T is selected for masking
in the Transformer’s inputs, outputs, and losses (see Secs. 3.2,
3.3 and supplemental material.).

Motion length prediction. To obtain proper motion length

L < Ly, we design a motion-length prediction network fl-enet,

It receives the text feature vector fC“P(T) and Gaussian
random noise n € R, to predict the appropriate motion length
L for the text prompt T. To train fL"h we use the loss
function Lyengin = ||L— L||?, where L is ground truth.

4.2. Dataset

We use H20 [16], GRAB [25], and ARCTIC [5] in our
experiment, which collects hand-object mesh sequences. We
automatically generate text prompts by exploiting action labels
for H20 and GRAB datasets; while we manually label text

prompts for ARCTIC. The characteristics of three datasets and
details of our annotation process are further illustrated in the
supplemental material.

4.3. Evaluation metrics and baselines

Evaluation metrics. We use the metrics of accuracy, frechet
inception distance (FID), diversity, and multi-modality, as used
in IMOS [6]. The accuracy serves as an indicator of how well
the model generates motions and is evaluated by the pre-trained
action classifier. We train a standard RNN-based action clas-
sifier to extract motion features and classify the action from
the motions, as in IMOS [6]. The FID quantifies feature-space
distances between real and generated motions, capturing the
dissimilarity. The diversity reflects the range of distinct motions,
and multi-modality measures the average variance of motions
for an individual text prompt. To assess the physical realism of
generated hand-object motions, we employ a physical model fol-
lowing the approach in ManipNet [29], assigning a realism score
of 0 (unreal) or 1 (real) for measuring the realism of each frame.
Experiments are conducted 20 times to establish the robustness,
and we reported results within a 95% confidence interval.

Baselines. We compare our approach with three existing text-
to-human motion generation methods: T2M [8], MDM [27],
and IMOS [6]. T2M [8] employs a temporal VAE-based archi-
tecture and MDM [27] utilizes a diffusion model. IMOS [6]
is designed to first generate human body and arm motions
conditioned on both action labels and past body motions. It
then optimizes object rotation and translation based on their
history to generate body and arm motion. Since they were
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Table 2. Ablation study on the positional encoding, losses, and conditions for ‘Ours w/o ™ and ablation study on losses for ‘Ours’.

GRAB
Method < Accuracy (top-3) 1 FID | Diversity — Multimodality T Physical realism 1
GT - 0.9994 + 0.0001 - 0.8557 + 0.0054  0.4390 £ 0.0045  0.8084 + 0.0002
w/o frame-wise & agent-wise PE X 0.8294 +0.0016  0.3461 £0.0018  0.7814 £ 0.063  0.4776 + 0.0194  0.8024 £ 0.0007
w/o agent-wise PE X 0.8314 £ 0.0012  0.3412 £0.0006  0.8011 £ 0.067  0.4755 +£0.0122  0.8221 £ 0.0009
w/0 Lagm & Ly, X 0.8289 + 0.0038  0.3416 £0.0020 0.7887 +0.0640  0.4654 £ 0.0150  0.7490 + 0.0006
w/0 Ly, X 0.8272 £ 0.0020  0.3407 £0.0015 0.7997 £ 0.0079  0.4627 + 0.0104  0.8247 + 0.0011
w/0 Ly X 0.8202 +0.0017  0.3444 +0.0007 0.8156 = 0.0070  0.4819 + 0.0125  0.6410 4 0.0010
W/0 Meontact & Sobj X 0.8197 £ 0.0009  0.3428 £0.0012  0.7994 £ 0.0055 0.4305 + 0.0121  0.7815 £ 0.0006
W/0 Sob X 0.8274 £ 0.0013  0.3413 £0.0010 0.7963 £ 0.0054 0.4405 + 0.0139  0.8018 £ 0.0005
W/0 Meontact X 0.8277 £0.0027  0.3411 £0.0006 0.8012 £ 0.0067 0.4455 + 0.0115  0.7892 £+ 0.0009
Ours w/o f™ X 0.8411 - 0.0009  0.3321 £ 0.0006 0.8143 £ 0.0050 0.4989 + 0.0154  0.8312 £ 0.0005
W/0 Lipenet & Lcontact v 0.8838 +0.0014  0.3234 £0.0007 0.8277 +0.0068  0.5111 +0.014  0.6249 + 0.0008
W/0 Leontact v 0.8827 +0.0008  0.3114 £0.0013 0.8301 +0.0048  0.4808 & 0.0151  0.1467 £ 0.0005
W/0 Lpenet v 0.8941 +0.0009  0.3024 £+ 0.0005 0.8267 £ 0.0061 0.5182 4+ 0.0099  0.8782 4 0.0006
Ours v 0.9218 + 0.0010  0.3017 £ 0.0004  0.8351 + 0.0061 0.5216 + 0.0131  0.8839 + 0.0005

""Use a hammer with the right hand."
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Figure 4. We compare our generated hand-object motions with other
baselines’ results. Each row show the results of Text2Motion [8],
MDM [27], IMOS [6], and ours.

originally designed for generating individual human motions
from text prompts, to ensure a fair comparison, we re-train
the methods using hand-object motion data, allowing them to
generate hand-object motions from text prompts.

4.4. Experimental results

Comparison to other methods. We compare our method with
other state-of-the-art methods (i.e., T2M [8], MDM [27], and
IMOS [6]), as shown in Tab. 1. For all datasets, our method
outperforms other baselines in multiple measures. Particularly,
our method demonstrates exceptional performance in generating
physically realistic hand-object motions, as evidenced by achiev-
ing the highest score in Physical realism compared to other

approaches. The similarity of our distribution to the ground
truth (GT) distribution in terms of Diversity, along with our
highest scores in Multimodality and Accuracy, demonstrates our
model’s capability to generate motions that are both diverse and
accurate, and are well-aligned with text prompts. We compare
our qualitative results with other baselines in Fig. 4. It shows
that our method, compared to others, outperforms in generating
motions where hand and object interact realistically, and these
motions align closely with text prompts “Use a hammer with
the right hand.”. The right hand well grabs the hammer and
mimics the motion of driving something into a wall.

Qualitative results are shown in Fig. 5. Our method generates
realistic hand-object motions that are closely aligned with the
input text prompts, effectively handling even unseen objects.
Please refer to the supplemental material for more visualizations
including video results, and text-guided and scale-variant
contact maps.

4.5. Ablation study

We conduct several ablation studies on GRAB dataset,
to validate the effectiveness of our modules. The results are
demonstrated in Tab. 2.

Position encoding. We introduce two types of positional
encodings: frame-wise and agent-wise, which assists the
Transformer to interpret inputs in a more distinct way. Seeing
the results ‘w/o frame-wise & agent-wise PE’ and ‘w/o
agent-wise PE’, we can conclude that by leveraging the
specialized positional encoding, fT™O! is capable of generating
more realistic hand-object motions.

Losses. We remove the distance map loss Ly, and relative
orientation loss L, in our approach, and see how the perfor-
mance changes: Seeing ‘w/0 Lgy & Ly, ‘W/0 Ly, and ‘w/o
L.,’, we can conclude that these losses induce better results by
facilitating model’s understanding of 3D relationship between
hands and an object.
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"Fly an airplane with the right hand."

"Grab a teddy bear with the Lleft hand." (Unseen object)

*

S S

I Predicted contact map
0 0]

Meontact

Time

Figure 5. We demonstrate the generated hand-object motions and the predicted contact map results. The first and second rows show the results
with objects seen during training. The third and fourth rows show the results with objects unseen during training.

Condition inputs. We remove the contact map Mgoyee and
scale of the object sqp; conditions from the original pipeline, and
see how the performance changes. Seeing ‘W/0 Montact&Sobi
‘W/o Sgp” and ‘W/O Meonae’, We can observe that gradually
including additional conditions aids in generating more
appropriate hand poses to the object.

Refiner. Compared to the ‘Ours w/o f©i"" that does not
involve the refiner, ‘Ours’ provides far better performance,

especially in the physical realism of hand and object motions.

Also, we demonstrate the effect of losses Lpener and Leonact
by removing them in ‘W/0 Lpenet & Leontact’s “W/0 Leontact” and
‘W/0 Lyenet, as shown in the same table. Involving more losses
consistently improve the performance.

5. Conclusion

In this paper, we propose a novel method for generating
the sequence of 3D hand-object interaction from a text prompt
and a canonical object mesh. This is achieved through the

three-staged framework that 1) estimates the text-guided and
scale-variant contact maps; 2) generates hand-object motions
based on a Transformer-based diffusion mechanism; and 3)
refines the interaction by considering the penetration and con-
tacts between hands and an object. In experiments, we validate
our effectiveness of hand-object interaction generation by
comparing it to three baselines where our method outperforms
previous methods with strong physical plausibility and accuracy.
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