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Abstract

Rearrangement operations form the crux of interactions be-
tween humans and their environment. The ability to gener-
ate natural, fluid sequences of this operation is of essential
value in AR/VR and CG. Bridging a gap in the field, our study
introduces FAVOR: a novel dataset for Full-body AR-driven
Virtual Object Rearrangement that uniquely employs motion
capture systems and AR eyeglasses. Comprising 3k diverse
motion rearrangement sequences and 7.17 million interaction
data frames, this dataset breaks new ground in research data.
We also present a pipeline FAVORITE for producing digital
human rearrangement motion sequences guided by instruc-
tions. Experimental results, both qualitative and quantitative,
suggest that this dataset and pipeline deliver high-quality mo-
tion sequences. Our dataset, code, and appendix are available
at https://kailinli.github.io/FAVOR.

Introduction

Envision yourself immersed in augmented reality, arriving
at a restaurant, your avatar utters, “Do me a FAVOR, make
a burger for me”. In response, the cook avatar precisely re-
trieves bread from the toaster, carefully placing it onto the
plate. Subsequently, he gathers an array of ingredients and
arranges them on top of the bread slice. Hence, for this ap-
plication, it’s crucial for the avatar to discern the relative po-
sitions of the on-scene objects, comprehend spatial prepo-
sition logic (such as ‘on top of’), and accurately grasp and
place the ingredients. Simply put, this involves grounding
(text-scene alignment) and rearrangement (grasping-and-
placement). The capability to generate such sequences of
fluid and natural rearrangement actions is indispensable for
the applications of digital human synthesis.

Over recent years, the field of full-body human motion
generation has experienced rapid progression. For example,
certain studies focused on body motion generation founded
on language-based instruction (Tevet et al. 2022; Jiang et al.
2023), or on dynamics involving interaction with the scenes
(Wang et al. 2022).

“These authors contributed equally.

fCewu Lu is the corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

3136

~

a Do me a FAVOR, given the 3D SCENE in the AR,
V¥ | please put the wine bottle on top of the rack.
™
[ ) \’
\ W 4 : i‘!‘
I 2 ¢ i

Grounding

@ OK, here is the wine bottle, and the rack. J
——

. r &L\ A
Py | ) ®§

Motion
1 will grasp the bottle and place it on the rack.

Y

Figure 1: Illustration of the FAVOR data collection pipeline.
The researcher directs the task through textual instructions
and projects the scene onto the AR glasses. Subjects then
rearrange the objects via interaction within the AR space.

However, the task of generating human-object interac-
tions has been relatively less explored. Within this niche,
the GRAB (Taheri et al. 2020) dataset serves as the bench-
mark for the generation of human-object motion. Nonethe-
less, its scope is limited to fundamental interactions (e.g.
grasp-and-use) involving a human and a singular object, typ-
ically situated at the center of a desk. The lack of paired
‘instruction-motion’ sequence data hinders progress toward
complex motion generation — specifically, tasks that require
a nuanced understanding of both the interactive scene and
textual instructions.

We aspire to endow digital humans with capabilities for
grounding and rearrangement, effectively merging scenes



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

and instructions to generate fluid and natural rearrangement
actions. To this end, we introduce a dataset of Full-body
AR-driven Virtual Object Rearrangement (FAVOR). Utiliz-
ing this large-scale dataset, we also develop a pipeline for
motion rearrangement generation of digital human guided
by Instruction Text (FAVORITE).

For collecting FAVOR dataset, we develop a data collec-
tion platform (see Fig. 2) that integrates a motion capture
(MoCap) system for recording body-hand motion with an
AR system. This AR system furnishes participants with real-
time feedback on the scene-body interactions, allowing the
subjects to instantly adjust their motion based on the AR
projection. During the recording of each motion rearrange-
ment, a randomly generated, realistic scene is projected onto
the screens in AR glasses. The subject is then requested to
rearrange the scene objects based on a text instruction such
as ‘put the wine bottle on the top of the rack’ (see Fig. 1).
Reflective markers attached to the subject allow the real-
time capturing of the body and hand poses using the MoCap
system. The resulting hand mesh is projected into the AR
glasses for reference. In total, we record 3k rearrangement
sequences - equivalent to 7.17M frames of interaction data.
Empirical evidence shows that employing an AR-integrated
system, as opposed to using real objects for each scene,
greatly enhances the efficiency of data collection, with only
a slight compromise in accuracy. We additionally employ
a variety of pre- and post-processing strategies to ensure a
high level of realism and diversity.

Utilizing the FAVOR dataset, we also develop a pipeline
for text-guided motion rearrangement generation. When pre-
sented with a complex scene and textual instructions, our
goal is to parse the command, comprehend the scene, and
produce a motion sequence for an avatar. We name the
pipeline as FAVORITE (ITE stands for Instruction TExt).
To achieve this, we establish a practical framework with
two stages: 1) Scene-Language Grounding and 2) Motion
Rearrangement Generation. In the first stage, we initially
transform the unstructured text instructions into Python-like
code with a template function: 1ocate. Then, we render
the scene to multi-view observations and exploit a vision-
language object detector (Minderer et al. 2022) to detect the
object-of-interest in each view. Finally, we back-project ob-
ject location from images to the 3D scene via multi-view
geometry. This allows us to identify the object’s initial and
final positions and orientations. In the second stage, we syn-
thesize the rearrangement motion in two steps. First, with
both the initial and anticipated object location, we gener-
ate the two full-body grasping poses as keyframes. These
keyframe poses are yielded from a CVAE. Then, we exploit
an in-betweening module to yield a coherent and natural mo-
tion sequence between those keyframe poses.

To summarize, our study contributes the following: we
propose a large-scale human rearrangement dataset, FA-
VOR, that encompasses an abundance of action sequences
while demonstrating extensive scalability. We also design
FAVORITE that can generate accurate, natural rearrange-
ment sequences, by parsing instructional texts.
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Related Works

Human-Object Interaction Datasets Human-object in-
teraction is a critical aspect of study in CG, AR/VR, and
robotics. It holds relevance for understanding human be-
havior, scene comprehension, and the advancement of em-
bodied intelligence. Most existing datasets principally focus
only on body poses, as illustrated by Mahmood et al. (2019),
where a large and diverse human motion database, AMASS,
is proposed. Another work (Cai et al. 2022) presents a multi-
modal 4D human dataset for versatile sensing and mod-
eling. However, these neglect facial expressions, gestures,
and precise posture descriptions, which limit their usabil-
ity in human-object interaction situations. Several datasets
specifically target hand-object interactions. Some are syn-
thesized via rendering techniques (Hasson et al. 2019; Gao
et al. 2022; Li et al. 2023), whereas others are collected
through the annotation of real-world video captures (Chao
et al. 2021; Yang et al. 2022b; Liu et al. 2022). Despite en-
suring accuracy in hand-object poses, these datasets over-
look the coordination of whole-body movements.

In contrast to datasets that include hand-object inter-
action, there are relatively fewer datasets on whole-body
and object interaction (Bhatnagar et al. 2022; Zhang et al.
2023). The paucity is mainly due to the complexity and
time-consuming nature of collecting and labeling full-body
and object interaction datasets. Very recently, Aratjo et al.
(2023) utilizes VR equipment to collect the CIRCLE dataset.
However, the dataset still lacks hand pose annotations.
The dataset that is close to ours is GRAB (Taheri et al.
2020), which provides rich annotation information, includ-
ing whole-body and hand-object interactions with intent.
However, the shortcoming of GRAB is that it only has ho-
mogeneous scenarios with almost invariable object posi-
tions. Our FAVOR dataset focuses on human rearrangement
motions, a basic and crucial part of the manipulation. The
diverse scenarios in FAVOR are instrumental in promoting
human behavior, scene understanding, and embodied Al

Motion Synthesis The target of motion synthesis is to cre-
ate believable and fluid human action sequences. A major-
ity of works utilize stochastic models to synthesize human
motions (Ling et al. 2020; Liu et al. 2021) or human inter-
action with scenes (Wang et al. 2021, 2022). Lately, there
has been an increase in works integrating language for ac-
tion generation (Guo et al. 2020; Petrovich, Black, and Varol
2021). Petrovich, Black, and Varol (2022) employed a VAE-
based Transformer module in TEMOS, while Tevet et al.
(2022) harnessed a motion diffusion model in MDM to syn-
thesize movements from textual descriptions. MotionGPT
(Jiang et al. 2023) aligned the motion and language in a uni-
fied latent space.

Considering human-object interaction, generating mo-
tions becomes significantly more challenging due to the
physical constraints. Some works generate single-frame
grabs (Karunratanakul et al. 2020; Jiang et al. 2021; Yang
et al. 2022a; Tendulkar, Suris, and Vondrick 2023), while
others learn the implicit representation of motion to recover
basic human actions in generating interactive sequences. For
example, Taheri et al. (2022) used a conditional VAE to cre-
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ate a ‘goal’ full-body grip and devised motions in an autore-
gressive manner. Wu et al. (2022) introduced a multi-task
generative model that enables joint learning of static whole-
body gripping pose and human-object contact.

These provided groundwork only for sequence generation
involving grabbing. Notably, the concurrent works, IMoS
and TOHO (Ghosh et al. 2023; Li et al. 2024) go further by
attempting to create manipulation motions involving moving
objects. However, these methods sidestepped complex sce-
narios, and the generated action sequences show room for
improvement in terms of detail accuracy and fluency. Our
work aims to overcome the setbacks of previous methods
and accomplish the grasping and rearrangement of objects
in complex scenes. We also employ a large language model
to inject more contextual information and prior knowledge,
such as scene semantics, physical constraints, etc., to im-
prove the capability of modeling complex scenarios and
character interactions.

FAVOR Dataset
Hardware Setup

To construct the dataset, we develop a platform that inte-
grates AR glasses and a motion capture system. The infrared
motion capture system includes 12 temporally synchronized
Optitrack Prime 13W infrared cameras used for tracking re-
flective markers (Fig. 2 1.). We instruct the subject to wear a
snug bodysuit outfitted with 18 markers to capture their full-
body pose. To track hand movements, we affix 7mm markers
directly on the subjects’ skin using double-sided tape. (Fig. 2
I1.) We utilize the XREAL X AR glasses for scene rendering.
To track the AR glasses in the MoCap system, we attached
markers to them and aligned the virtual coordinates from the
glasses with real-world coordinates. (Fig. 2 II1.)

Capture Protocol

We briefly elaborate on some of our data collection proto-
cols. For more details, please refer to the Appx.
Pre-recording Approaches Before initiating the official
recording, we project the scene that aligns with the real
world onto the AR glasses. Additionally, we set up two vir-
tual screens within the glasses to display left and right per-
spectives, improving users’ precision in object manipula-
tion. We also display textual instructions on the screen, such
as, ‘put the bottle on top of the white microwave.” Please
note that due to real-time constraints, we only render several
simplified geometric primitives (e.g., the white box) dur-
ing data gathering. We substitute these primitives with more
complex objects to diversify the dataset after data collection.
Participants are asked to rehearse the rearrangement actions
pre-recording to ensure smooth and natural motion during
the recording phase.

Recording Object Movement During data collection, we
mark a ‘grasping’ state when the subject’s hand grasps the
object by pressing a key on the keyboard. We then bind the
global transformation 7o € R**3 of the object O to the
hand, allowing the object to move synchronized with the
hand. When the object is placed, we note a ‘release’ state,
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Figure 2: Illustration of recording setup (MoCap + AR
glasses).

thus ending the bond between the object and hand. There-
fore, we can record the object’s movement: 7'(8:T, where T'
is the length of the clip. This setting significantly conserves
computational resources compared to physical simulation
methods, facilitating real-time rendering. Based on our em-
pirical observations, we found that it also assures better se-
quence continuity than automatic grasping (e.g. employing
adhesion algorithms).

Motion Acquisition

We employ SMPL-X S, a parametric model for the human
body, to portray an avatar’s pose. The model S is driven by
the shape parameter 3 € R!?, global translation t € R3,
and the full-body pose 8 € R5°*3, which is represented in
axis-angle. 0 includes the body parameter 8y, the two hand
parameters 6},. We mark the posture parameters {0, t} as ©.

Without loss of generality, we only record operations for
the right hand; operations for the left hand can be achieved
using mirrored flip data. In the following sections, 6}, rep-
resents only the pose of the right hand. These parame-
ters enable us to compute the human body’s mesh vertices
VY € R0475%3 in a differentiable manner, with right-hand
mesh vertices Vi, C V, and V,, € R778%3,

To guarantee real-time data capture and result precision,
we only render the right-hand mesh V), in the VR glasses.
We track hand markers M, € R8*3 through motion capture
(Fig. 2 11.), and caculate the hand pose 8, by resolving the
inverse kinematic (IK). To better align the rendering results
with actual conditions, we pre-scan the hand shape 3} of
each subject.

After data collection, we restore the pose 6; with the col-
lected reflective markers M, € R'7*3 affixed to the full
body through an optimization process. Specifically, we pre-
define 17 key points M}, on the human mesh V, based on
the snug bodysuit attached with markers (Fig. 2 II.). Thus,
we can obtain the most optimal 8, 3, and ¢, the result of
minimizing the distance between M; and My,

Level of Realism

In our dataset, FAVOR, we construct interactive scenarios
within a virtual space, with subjects engaging these environ-
ments via VR glasses. Subsequently, we ponder: How can
we make motions that interact with virtual objects as realis-
tic as with real objects? To address this challenge, we design



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Dataset ‘ #clip #frame® #fps #0 mesh text/ intent ‘ 3D anno. body pose hand pose anno.
HAKE? (Li et al. 2022) 03K 023M 1 - v X X X crowd
AMASS (Mahmood et al. 2019) 26K 35M - - X v v v mix
HO3D (Hampali et al. 2020) 0.07K 184K 30 10 X v X v auto
ContactPose (Brahmbhatt et al. 2020)| 23K 099M - 25 X v X v auto
DexYCB (Chao et al. 2021) 1K 725K 30 20 X v X v crowd
OakInk* (Yang et al. 2022b) 1K 575K 30 100 v v X v crowd
HOI4D (Liu et al. 2022) 4K 24M 15 800 v v X v crowd
BEHAVE (Bhatnagar et al. 2022) 032K 3.8K 30 20 X v v v auto
HODome (Zhang et al. 2023) 0.27K 093M 60 23 X v v v auto + MoCap
GRAB (Taheri et al. 2020) 13K 1.62M 120 51 v v v v MoCap
FAVOR (Ours) | 3K 7.17M 120 1800 v | v v v AR + MoCap

Table 1: Statistics of the current human motion datasets. : For the multi-view datasets, we only calculate the total number of
frames within a single viewpoint. £: We only consider the video clips in the dataset. Annotation methods range from ‘crowd’:
labeled by humans; ‘auto’: annotations from visual cues like segmentation, pose estimation, etc.; or ‘mix’: collected from

multiple datasets.

the following strategies:

Physics Constraint To ensure that interactions echo real-
world behaviors, we introduce a physics simulator. As a first
step, to simulate the arbitrary positioning of objects, we gen-
erate random scenes and then allow objects to spontaneously
settle on a virtual table. After participants finish placing ob-
jects, we rely on the physics simulator to confirm whether
the positioning of virtual entities remains stable or if any
penetration has occurred between them.

Body Prior To enhance the fidelity of body posture fitting
result, we project the comprehensive body posture parameter
© into the Vposer latent space (Pavlakos et al. 2019). This
integration introduces a static pose prior knowledge of hu-
man posture to ®, thereby making the avatar more authentic
and lifelike. Furthermore, we employ HuMoR (Rempe et al.
2021), a prior for human motion, to improve the continuity
and fluidity of our temporal data.

Optimize Grasp VR settings often provide visual cues for
grasping objects. Unfortunately, they fall short of providing
tactile information. We need to mitigate incidents of hands
and objects either penetrating each other or not making con-
tact. Specifically, we train a network (Park et al. 2019) for
each object O to calculate the SDF value. The function
SDFo(z) returns the minimal distance from the query point
2 to the object’s mesh surface. If SDF»(x) > 0, it suggests
that the point is outside the mesh, and vice versa. Eq. (1)
penalizes all hand vertices that are within the object.

Lyenetrae = Y, — min(SDFo(V.i),0) ey

To address unstable contact, we draw the anchors (which are
placed on the hand surface) toward their corresponding con-
tact regions on the target object. The anchors are attached
to 17 hand regions A = {A;}!7 from the hand mesh V),
similar with Yang et al. (2021). The indicator function Z; j,
represent whether the distance between anchor .A; and ob-
ject vertex Vo i, is less than 3 c¢m, the overall loss is Eq. (2)

1
Lconlacl = ﬁ Z];I,kH-A] - VOI@H% (2)
Js

Thus, the total optimization objective can be expressed as:
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3)

argmin (Lpenelrate + Lcomact)
0., To

From a perceptual study, we find that the sequences
portraying interactions with virtual objects in our FAVOR
dataset are strikingly similar to the way interactions with
real-world objects.

Following the post-processing of the action sequences,
they are distributed amongst a group of five volunteers for
perceptual assessment. In this evaluation, the volunteers are
required to evaluate the naturalness of the body movements,
the appropriateness of the hand’s grip on the object, and the
consistency of the sequence with physics limitations. Only
those sequences that reach a unanimous consensus on be-
lievability amongst the five volunteers are selected for fur-
ther consideration.

Level of Diversity

To enrich and diversify FAVOR, we design a multi-step data
augmentation process. Initially, we conceive diverse scenar-
ios including but not limited to kitchen environments, office
desks, laboratory benches, and coffee tables. In these scenar-
ios, simple primitives as mentioned before are replaced with
the original textured and complex objects borrowed from
OmniObject3D (Wu et al. 2023). Enhancing the data fur-
ther, we leveraged GPT-4 (OpenAl 2023), a powerful lan-
guage model, to transform the given inflexible instruction
‘put the bowl on top of the oven’ into a naturally worded
directive: ‘Please place the bowl carefully on top of the mi-
crowave oven.” Simultaneously, we incorporated an addi-
tional level of complexity to each scenario by voxelizing the
scene, identifying non-intersecting spaces within the human
movement trajectory, and then selectively populating these
spaces with random objects to add challenge. Details of the
enrichment method are described in Appx.

Dataset Analysis

In conclusion, our FAVOR dataset contains 3k unique rear-
rangement sequences with diverse scenes with a variety of
objects and instructions. We compare FAVOR with popular
human motion datasets in Tab. 1. FAVOR incorporates 1,800
various object models allocated for rearrangement. We also
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Figure 3: FAVORITE: text-guided motion rearrangement
pipeline. It sequentially grounds the object locations, gen-
erates grasp poses and fills the motions in between.

employ the textured objects in OmniObject3D (Wu et al.
2023) to enrich the scene diversity. Approximately, each
scene possesses 2-8 objects placed at random. We manu-
ally design approximately half of the commands to express
the concept of ‘be placed on top of’, an operation that ne-
cessitates an understanding of object placement stability to
prevent objects from rolling off—a task that presents a sig-
nificant challenge for avatars to learn.

Each sequence records about 20 seconds, amounting to
around 2,400 frames. Thus, we have collectively gathered
7.17 million motion data. In terms of traditional MoCap
recording procedures, scene setup consumes 3 minutes, ob-
ject rearrangement requires 1 minute, and post-processing
operations (consisting of ghost point removal, marker re-
labeling, result fitting, etc.) claim about 45 minutes. How-
ever, in FAVOR, with the implementation of AR, post-
processing is nearly eliminated due to minimal obstruction,
reducing the time taken to achieve a sequence to just 3 min-
utes. This increased efficiency enables us to boost data col-
lection rates by 15 times.

FAVORITE Pipeline

Based on the FAVOR dataset, we also develop a pipeline
for text-guided motion rearrangement generation, which we
call FAVORITE, where ITE stands for Instruction Text.
Given a 3D scene and the accompanying instructions, our
goal is to synthesize motion for an avatar such that it re-
arranges a specified object in accordance with the instruc-
tions. This task is divided into two main components: 1)
Scene-Language Grounding, which involves parsing the
instructional text in conjunction with the scene to establish
the object’s initial and target final locations; 2) Motion Re-
arrangement Generation, which entails synthesizing a se-
quence of movements for the avatar to adeptly rearrange the
object within the confines dictated by the scene. The work-
flow of our approach is depicted in Fig. 3.

Scene-Language Grounding

The key to the grounding problem is to figure out 1) T(g :
where the object is so that the avatar can Grasp it, and 2)
72 : where the object should be Placed. Similar to the strat-
egy used in VoxPoser (Huang et al. 2023), we utilize off-
the-shelf solutions to solve these. Firstly, we harness the
capabilities of a large language model, specifically GPT-
4 (OpenAl 2023), to parse the instruction to objects
and preposition, including the object to be grasped O,
along with the placement preposition (e.g. ‘on top of the
rack’). Next, to locate the object’s initial position and to an-
ticipate its final position from the scene, we design a tem-
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Based on the multi-view observation of this SCENE,
please put the wine bottle on top of the rack

obj = ['bottle', 'rack'

@ prep = "on_top_of" on_top_ogy r‘,aCK
LLM 7 -
def location x : ’ bottle 2 A L\
place = detect x o p j -
min_pos, max_pos = place.aabb “\
center_pos = place.position
@ return min_pos, max_pos, center_pos
> VLM<
def on_top_of 'x
min_pos, max_pos, center_pos \
= location x

X = center_pos.x

y = center_pos.y

z = max_pos.z + offset
return x, y, z

.

Figure 4: Diagram of visual-language grounding procedure.
Text and images are parsed through the LLM and VLM
to implement locate function, and the outcomes of both
initial and anticipated object locations (Tog , 7'53) are subse-
quently established.

plate function: 1ocate, which takes the scene information
and textual instruction as input and outputs the spatial co-
ordinates of the object. Considering real-world complexities
where acquiring comprehensive scene structures can prove
difficult, our method leverages a multi-view representation
of the scene. Therefore, to achieve locate, we first po-
sition virtual cameras across the scene and render it into
high-quality images from multiple viewpoints. Then we use
the state-of-the-art object detection model, Owl-ViT (Min-
derer et al. 2022), to identify the object’s 2D bounding
box in the images. Finally, we use the multi-view geometry
to lift the 2D positions to a 3D bounding box and retrieve the
object’s initial location 7 and anticipated location 7.
The process is illustrated in Fig. 4.

Motion Rearrangement Generation

Considering the challenges caused by error accumulation
when synthesizing entire sequences of human-object inter-
actions in an auto-regressive manner, we propose a multi-
stage approach to dividing the interaction process. As illus-
trated in Fig. 5, for the frame f € [0, T'], we identify two crit-
ical frames: the grasp frame G and the place frame P. We
then generate the keyframe static full body grasping poses
©Y and ®F, corresponding to the objects’ locations Tg and
T7%, respectively. Subsequently, we focus on generating the
motion sequence ®Y%9 which transitions from the human’s
zero T-pose @ to the grasp pose @Y, leveraging techniques
similar to those employed in GOAL and SAGA (Taheri et al.
2022; Wu et al. 2022). After that, we take the step further to
generate the rearrangement motion @Y% incorporating @9
and ®7 as keyframe reference poses.

Keyframe Grasp Pose Generation Given an object O
and its 6D pose T within the scene, we design a Keyframe
generation NETwork, KNET, to create static full-body pose
parameters © that stably grasp the object. To extract the
shape information of the object more efficiently, we uti-
lize Basis Point Set (BPS) (Prokudin, Lassner, and Romero
2019) bp € R'924 as our representational form. Consistent
with GNet in GOAL (Taheri et al. 2022), KNET is a con-
ditional variational auto-encoder (cVAE). During the train-
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Figure 5: Diagram of motion rearrangement generation.
keyframe grasping poses (@9, ©F) are firstly generated and
the sequence is full-filled via inbewteening (@9, @9°7).

ing phase, the data relating to body [®, 3, v, d,—, ] and ob-
jectinformation [bo, To] are passed to the KNET’s encoder.
The parameter v € R*09%3 represents vertices sampled from
the body mesh V, with a higher probability of sampling
points closer to the object O. d,_.» € RV*3 is a set of the
offset vectors from the sampled body vertices v to their clos-
est objects vertices V. The encoder then maps all the input
data into normal distribution parameters g and o via the
re-parameterization trick. The decoder of KNET then uses
[bo, To] and a sampled variable z € R1®, 2z ~ N(p,0) to
predict [(;)7 Oy, dA;Ho]. In this context, v, C V}, refers to the
sampled hand vertices, and dj,_,» defines a group of offset
vectors from vy, to V. We employ L1 losses to drive all the
predicted parameters (the hat symbol *) towards the ground
truth values (the non-hat symbol -). At the same time, the
Kullback-Leibler divergence or KL loss is used to align the
N(p, o) closer to (0, 1).

Since the human pose © has a high degree of freedom, the
network-predicted pose © often encounters issues like hand-
object penetration or unstable grasping. To address this, we
leverage the losses defined in Eq. (3) and implement a reg-
ularization loss Ly, = ||© — O||1, which helps prevent the
optimized pose © from deviating from the predicted pose
©. Our overall goal is expressed in Eq. (4). Now with the
object’s initial pose TOQ and final pose 7, we can infer the

optimized grasp body pose @9 and ©7, respectively.

argmin (Lpenelrate + Leontact + Lreg) 4

©
In-Betweening Motion Generation With two keyframe
grasp poses @1 and ©*2, we establish an Inbetweening
NETwork, INET, to generate human motion @F1ikz
INET is accomplished via modifications to an auto-
regressive based MNet (Taheri et al. 2022). When con-
sidering the current frame ¢, where ¢t € [0,7], we take
[©=% B, vt vt dyi i, bF), k€ {ki,ka} as input.
Here, ®'~ 5 represents the body pose from the previous
5 frames. v’ is the current frame’s velocity of body ver-
tices. dj,:_,,+ represents a series of offset vectors of hand
vertices from the current frame ¢ to the keyframe k, and
b;j is the BPS representation of hand vertices at keyframe
k. To reduce the complexity of the predictions, the out-
put of INET presents as the changes, denoted by A-, as-
sociated with the current frame over the future 10 frames:
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[A@FHHI0 AEEH10 Aptt+10 Ad, 10 k], During the
inference stage, INET iteratively predicts the sequence of
motion - that is, it uses @10 = A@!+10 1 @ as the input
for the next cycle, until the hand approaches the object target
position 752

In striving to minimize error accumulation arising from
the auto-regressive manner, we propose a two-step approach
to motion synthesis: Initially, we train INET with k;
0,k2 = G, which generates motion from the T-pose to the
grasp pose ©%9. Subsequently, we train another INET to
generate motion that progresses towards the placement pose,
denoted as ®9F with k; = G, ko =P.
Obstacle Avoidance Algorithm Given the challenge of en-
coding obstacle data into the motion synthesis network, we
have designed an obstacle avoidance algorithm. Our design
begins by simplifying all N scene obstacles, comprising ta-
bles, into an enumerated set of shape primitives: {Q;|i €
[0, N]}. We then efficiently calculate the Signed Distance
Function (SDF) for each primitive as SDFg,. For every

auto-regressive prediction of ©' made by INET, we calcu-

late the body vertices with SMPL-X: V = S(©!, {'). Lever-
aging Eq. (5), we can push out the vertices within these ob-

stacles and get the optimized @'. Then we treat ©' as the
input frame pose to the next iteration of INET. We also add

a regularization item to make sure the optimized pose O'is
close to the predicted pose ©°.

argmin »  —min(SDFg, (V;),0) +||©" — ©'[|; (5)
ot

0J

Object Motion While our study primarily focuses on pre-
dicting the movements of digital humans, a comprehensive
analysis cannot disregard the associated trajectories of mov-
ing objects, denoted as 7%, t € [0,T]. Establishing a spe-
cialized network for this task is not just expensive, but it
also results in an unstable grasp. During the rearrangement
process, an object remains unvaryingly gripped by the hand.
Taking this into account, during the rearrangement frame
from G to P, we bind the pose of the object O with the
hand. In other words, we fix the transformation of the ob-
ject relative to the hand, denoted as 77;5 _ o Aware of minor
finger movement that leads to penetration, we transfer each
hand vertices Vy, ;,j € [1,778] to the object’s coordinate.
We minimize penetration by treating Eq. (6) as the optimiza-
tion target for each frame ¢.

argmin Z —min(SDFp (7;;_10 Vh5),0) (6)
7"—h~>(9 7
Experiments
Setup and Metrics

Setup We evaluate the FAVOR dataset and pipeline in terms
of quality and performance. The dataset is split into training,
validation, and test sets in an 8:1:1 ratio, based on motion se-
quences. Training details are in the Appx. During inference,
objects in the scene are simplified to primitives for efficient
collision detection analysis, as depicted in Fig. 6.

Perceptual Study We require 12 participants to assess both
ground-truth and generated sequences, rating their quality
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Motion synthesis
Close-up

Figure 6: Qualitative results of motion synthesis. The man
highlighted in yellow illustrates the grasping motion ®%:9,
and the man marked in magenta represents the placement
motion @97,

Metric | INET | FAVOR

Objective Completion | 4.01 £ 1.02 | 4.67 £ 0.55
Physical Plausibility 3.64£1.02 | 4.63+0.53
Interaction Stability 3.75+1.12 | 4.56 £0.53
Motion Naturalness 3.99+0.98 | 4.63 £ 0.55

Average | 3.85+1.04 | 4.62+0.54

Table 2: Perceptual Study of sequences in both generated
motion and FAVOR dataset. The results are the average of
Likert scores.

on a 1 (disagree) to 5 (agree) scale. The metrics include ob-
jective completion status, physical plausibility, interaction
stability, and motion naturalness.

Evaluation Metrics We use three metrics to evaluate
keyframe grasp pose generation: 1) Contact Ratio (CR) mea-
sures body-object contact within a 5mm threshold. 2) Solid
Intersection Volume (SIV): We voxelize the objects and
compute the volume of objects (measured in cm?®) that re-
sides within the human body. 3) Average Pairwise Distance
(APD): The diversity of both ground truth (g.t.) and pre-
dicted (p.) sequences are examined via the assessment of the
average pairwise mean per-vertex position error (MPVPE,
measured in m) of the human body surfaces.

Motion smoothness in the inbetweening module is evalu-
ated using Power Spectrum KL divergence of joints (PSKL-
J), similar to SAGA (Wu et al. 2022). This measures the ac-
celeration distribution variance between predicted and g.t.
joint sequences, reporting results in both directions.

Evaluation

Perceptual Study Results We present the perceptual study
scores of FAVOR and our predicted motion in Tab. 2. De-
spite the dataset’s origins in AR collection, it attains supe-
rior data quality through our pre-recording protocol and our
post-processing algorithm. Additionally, the predicted mo-

| CRT | SIV] | APD 1

FAVOR | 099 | 0.83 | 0.36
KNETG | 099 | 7.05 0.17
KNETP | 096 | 7.61 0.18
KNET@ll | 098 | 7.33 0.17

Table 3: Grasp quality evaluation for FAVOR and KNET.
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PSKL-J |
Method }—
etho &t p) (p-gt)
INET 0 : G w/ gt. 0237 0193
INET G : P w/ g.t. 0491 0511
INETO0:Gw/ KNETp. | 0255  0.209
INETG : P w/ KNET p.| 0706  0.657

Table 4: PSKL-J score of our INET with different phase and
keyframe grasping pose.

|CR TSIV |
INET w/o obj opt | 0.96 | 11.81
INET w/ FLEX p. | 0.50 | 6.23
INET w/ g.t. 0.92 | 590
INET w/ KNET p. | 0.89 | 6.50

Table 5: INET ablations. The SIV scores are averages from
sequences grasping success.

tion exhibits exemplary performance in both completeness
and naturalness.

Grasp Evaluation We present the quantification of grasp-
ing data from FAVOR and the associated KNET results in
Tab. 3. FAVOR exhibits minor penetration errors and a high
degree of pose variability. To evaluate the quality of KNET-
generated grasps, we provide scores for grasped objects in
both their initial Tg and final 7'('9” poses, all calculated us-
ing ground truth (g.t.) objects pose to negate the effects of
grounding. Furthermore, our findings suggest that the object
poses for placement 7'('97’ result in less stable grasping results,
implying that the task of placement may present more com-
plexity than that of grasping.

Motion Evaluation The respective independent perfor-
mances of INET 0 : G and INET G : P are documented
in Tab. 4. g.t. denotes that the ground truth keyframe body
poses are provided to evaluate INET’s potential upper bound
performance. Our findings indicate that the sequence INET
0 : G, which originates from the T-pose ®°, outperforms
INET G : P. This suggests that synthesizing rearrangements
presents a greater challenge due to the increased constraints
imposed by the actions.

Ablation As shown in the first row of Tab. 5, the SDF-based
loss item defined in Eq. (6) can well alleviate the object pen-
etration issue when grasped in the hand. We also explore
using the grasping pose optimized from FLEX (Tendulkar,
Suris, and Vondrick 2023) to substitute the KNET results
as the keyframe pose. We find that since the FLEX has not
been trained with rearrangement motions in desktop scenar-
ios, the resulting motion is not as stable as the KNET, and
nearly half of the attempts are unsuccessful.

Conclusion

In this paper, we present a comprehensive dataset FA-
VOR, created by combining MoCap and AR glasses. The
dataset composes complex scenes, diversity instructions,
and precise avatar rearrangement motions. Leveraging FA-
VOR, we build a pipeline, FAVORITE, to parse instructions
and scenes, generate grasping poses, and fill natural motions
in between. We anticipate that this dataset and pipeline will
serve as a foundational bridge linking various tasks under
the long-horizon and multi-task motion generation.
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