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Figure 1. A novel task of predicting 3D human-object interactions. We provide 9 HOI sequences sampled every 40 frames at 30 FPS.
Conditioned on past HOIs in gray meshes, our model generates long-term, diverse, and vivid HOIs, represented by the colored meshes.

Abstract

This paper addresses a novel task of anticipating 3D
human-object interactions (HOIs). Most existing research
on HOI synthesis lacks comprehensive whole-body interac-
tions with dynamic objects, e.g., often limited to manipulat-
ing small or static objects. Our task is significantly more
challenging, as it requires modeling dynamic objects with
various shapes, capturing whole-body motion, and ensur-
ing physically valid interactions. To this end, we propose
InterDiff, a framework comprising two key steps: (i) inter-
action diffusion, where we leverage a diffusion model to en-
code the distribution of future human-object interactions;
(ii) interaction correction, where we introduce a physics-
informed predictor to correct denoised HOIs in a diffusion
step. Our key insight is to inject prior knowledge that the
interactions under reference with respect to contact points
follow a simple pattern and are easily predictable. Ex-
periments on multiple human-object interaction datasets
demonstrate the effectiveness of our method for this task,

*Equal contribution.

capable of producing realistic, vivid, and remarkably long-
term 3D HOI predictions.

1. Introduction

Being able to “look into the future” is a remarkable cog-
nitive hallmark of humans. Not only can we anticipate how
people will move or behave in the near future, but we can
also forecast how our actions will interact with the ever-
changing environment based on past information. An au-
tomated system that accurately forecasts 3D human-object
interactions (HOIs) would have significant implications for
various fields, such as robotics, animation, and computer vi-
sion. However, existing work on HOI synthesis does not ad-
equately reflect the real-world complexity, e.g., examining
hand-object interactions from an ego-centric view [51, 53],
synthesizing interactions of grasping small objects [20],
representing HOIs in simplified skeletons [13, 71, 88], or
overlooking object dynamics [46, 81, 97].

To overcome such limitations, in this work, we reformu-
late the task of human-object interaction prediction, where
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Figure 2. We present ground truth HOI sequences (left), object
motions (middle), and objects relative to the contacts after coor-
dinate transformations (right). Our key insight is to inject coor-
dinate transformations into a diffusion model, as the relative mo-
tion shows simpler patterns that are easier to predict, e.g., rotating
around a fixed axis (top) or being almost stationary (bottom).

we aim to model and forecast 3D mesh-based whole-body
movements and object dynamics simultaneously, as shown
in Figure 1. This task presents several unique real-world
challenges. (i) High Complexity: it requires the model-
ing of both full-body and object dynamics, which is fur-
ther complicated by the considerable variability in object
shapes. (ii) Physical Validity: the predicted interaction
should be physically plausible. Specifically, the human
body should naturally conform to the surface of the object
when in contact, while avoiding any penetration.

A naı̈ve approach would be to directly extend existing
deep generative models that have been developed for hu-
man motion prediction, as exemplified by motion diffusion
models [85], to capture the distribution of future human-
object interactions. However, these models fail to incorpo-
rate the underlying physical laws that would ensure percep-
tually realistic predictions, thus introducing artifacts such
as floating contact and penetration. This problem is am-
plified when autoregressive inference is utilized to synthe-
size long-term interactions, as errors accumulate over time.
To this end, most existing research on 3D HOI synthe-
sis [20,81,97] relies on post-hoc optimization to inject phys-
ical constraints. HOI synthesis has also been explored with
simulators [3, 27, 50, 60] to ensure physical properties. Al-
though plausible interactions can be generated, effort is re-
quired to build a physics simulation environment, e.g., reg-
istering objects with diverse shapes, as well as frictions,
stiffness, and masses, which are hardly present in motion
capture datasets. Moreover, considerable time is needed to
train control policies to track realistic interactions.

Rather than relying on post-optimization or physics sim-
ulation, we introduce a pure learning-based method that uti-
lizes a diffusion model with intuitive physics directly in-
jected, which we call “InterDiff.” Our approach is based on
the key observation that the short-term relative motion of
an object with respect to the contact point follows a simple
and nearly deterministic pattern, despite the complexity of
the overall interaction. For example, when juggling balls,
their path reflects a complex pattern under the global co-
ordinate system, due to the movement of the juggler. Yet,
each ball simply moves up and down with respect to the
juggler’s hand. We provide further illustrations of relative
motion extracted from the BEHAVE dataset [5] in Figure 2.

Inspired by this, our InterDiff incorporates two com-
ponents as follows. (i) Interaction Diffusion: a Denois-
ing Diffusion Probabilistic Model (DDPM)-based genera-
tor [29] that models the distribution of future human-object
interactions. (ii) Interaction Correction: a novel physics-
informed interaction predictor that synthesizes the object’s
relative motion with respect to regions in contact on the hu-
man body. We enhance this predictor by promoting sim-
ple motion patterns for objects and encouraging contact fit-
ting of surfaces, which largely mitigates the artifacts of in-
teractions produced by the diffusion model. By injecting
the plausible dynamics back into the diffusion model iter-
atively, InterDiff generates vivid human motion sequences
with realistic interactions for various 3D dynamic objects.
Another attractive property of InterDiff is that its two com-
ponents can be trained separately, while naturally conform-
ing during inference without fine-tuning.

Our contributions are three-fold. (i) To the best of our
knowledge, we are the first to tackle the task of mesh-
based 3D HOI prediction. (ii) We propose the first diffusion
framework that leverages past motion and shape informa-
tion to generate future human-object interactions. (iii) We
introduce a simple yet effective HOI corrector that incor-
porates physics priors and thus produces plausible interac-
tions to infill the denoising generation. Extensive experi-
ments validate the effectiveness of our framework, particu-
larly for out-of-distribution objects, and long-term autore-
gressive inference where input past HOIs may be unseen in
the training data. We attribute our improved generalizabil-
ity to our important design strategies, such as the promo-
tion of simple motion patterns and the anticipated interac-
tion within a local reference system.

2. Related Work
Denoising Diffusion Models. Denoising diffusion mod-
els [29, 52, 76, 77] are equipped with a stochastic diffusion
process that gradually introduces noise into a sample from
the data distribution, following thermodynamic principles,
and then generates denoised samples through a reverse iter-
ative procedure. Recent work has extended them to the task
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of h u m a n m oti o n g e n er ati o n [ 2 , 4 , 1 0 , 1 1 , 1 5 , 3 4 , 3 9 , 6 9 , 7 5 ,
8 0 , 8 5 , 8 6 , 9 5 , 1 1 3 , 1 1 5 , 1 1 6 , 1 2 0 ]. F or i nst a n c e, M D M [8 5 ]
utili z es a tr a nsf or m er ar c hit e ct ur e t o pr e di ct cl e a n m oti o n i n
t h e r e v ers e pr o c ess. We e xt e n d t h eir fr a m e w or k t o o ur H OI
pr e di cti o n t as k. T o g e n er at e c o n diti o n al s a m pl es, a c o m m o n
str at e g y i n v ol v es r e p e at e dl y i nj e cti n g a v ail a bl e i nf or m ati o n
i nt o t h e diff usi o n pr o c ess. A si mil ar i d e a a p pli es t o m oti o n
diff usi o n m o d els [ 6 9 ,7 5 ,8 5 ] f or m oti o n i n filli n g. C o m p ar e d
wit h P h ys Diff [ 1 1 0 ], w hi c h i nj e cts a m oti o n i mit ati o n p ol-
i c y b as e d o n p h ysi cs si m ul ati o n i nt o t h e diff usi o n pr o c ess,
w e l e v er a g e a m u c h si m pl er i nt er a cti o n c orr e cti o n st e p t h at
is i nf or m e d of t h e a p pr o pri at e c o or di n at e s yst e m t o yi el d
pl a usi bl e i nt er a cti o ns at a l o w er c ost.

H u m a n- O bj e ct I nt e r a cti o n. D es pit e r e c e nt a d v a n c e m e nts
i n h u m a n- o bj e ct i nt er a cti o n l e ar ni n g, e xisti n g r es e ar c h h as
pri m aril y f o c us e d o n H OI d et e cti o n [ 1 2 , 2 1 , 3 6 , 9 6 , 9 9 , 1 2 4 ,
1 2 7 ], r e c o nstr u cti o n [3 1 , 4 2 , 6 4 , 9 2 , 9 8 , 1 1 2 , 1 1 4 ], a n d g e n-
er ati n g h u m a ns t h at i nt er a ct wit h st ati c s c e n es [ 8 , 2 6 , 3 4 ,
8 3 , 8 9 – 9 1 , 9 3 , 1 2 1 , 1 2 2 ]. M ost att e m pts h a v e b e e n m a d e t o
s y nt h esi z e o nl y h a n d- o bj e ct i nt er a cti o ns i n c o m p ut er gr a p h-
i cs [4 9 , 6 7 , 1 1 1 ], c o m p ut er visi o n [1 4 , 2 3 , 3 7 , 4 0 , 4 5 , 4 8 ,
8 2 , 1 0 6 , 1 2 3 , 1 2 5 ], a n d r o b oti cs [7 , 1 6 , 3 2 , 4 9 ]. G e n er at-
i n g w h ol e- b o d y i nt er a cti o ns, s u c h as a p pr o a c hi n g a n d m a-
ni p ul ati n g st ati c [ 4 6 , 8 1 , 9 7 , 1 1 7 ], arti c ul at e d [4 7 , 1 0 4 ], a n d
d y n a mi c o bj e cts [ 2 0 ] h as als o b e e n a gr o wi n g t o pi c. T h e
t as k of s y nt h esi zi n g h u m a ns i nt er a cti n g wit h d y n a mi c o b-
j e cts h as b e e n e x pl or e d b as e d o n first- p ers o n visi o n [5 1 ,5 3 ]
a n d s k el et al r e pr es e nt ati o ns [ 1 3 , 7 1 , 8 8 ] o n s k el et o n- b as e d
d at as ets [ 4 4 ,5 5 ,5 6 ]. I n h u m a n oi d c o ntr ol, pr o gr ess o n f ull-
b o d y H OI s y nt h esis h as b e e n m a d e wit h ki n e m ati c- b as e d
a p pr o a c h es [ 7 8 , 7 9 ] a n d i n t h e a p pli c ati o n of p h ysi cs si m u-
l ati o n e n vir o n m e nts [3 ,9 ,2 7 ,5 0 ,6 0 ,6 2 ,1 0 0 ,1 0 1 ,1 0 5 ]. H o w-
e v er, m ost a p pr o a c h es h a v e si g ni fi c a nt li mit ati o ns r e g ar di n g
a cti o n a n d o bj e ct v ari ati o n, s u c h as f o c usi n g o n a p pr o a c hi n g
or m a ni p ul ati n g o bj e cts o n e. g ., t h e G R A B [8 2 ] d at as et. R e-
c e nt d at as ets [ 5 ,1 9 ,3 5 ,3 8 ,1 1 2 ] ar e est a blis h e d t o a d dr ess t h e
a b o v e li mit ati o ns a n d pr o vi d e 3 D i nt er a cti o ns wit h ri c h er
o bj e cts a n d a cti o ns, s etti n g t h e st a g e f or a c hi e vi n g o ur t as k.

H u m a n M oti o n a n d O bj e ct D y n a mi cs. G e n er ati v e m o d-
eli n g, i n cl u di n g v ari ati o n al a ut o e n c o d ers [ 4 3 ], g e n er ati v e
a d v ers ari al n et w or ks [ 2 2 ], n or m ali zi n g fl o ws [7 3 ], a n d dif-
f usi o n m o d els [7 6 , 7 7 ], h as wit n ess e d si g ni fi c a nt pr o gr ess
r e c e ntl y, l e a di n g t o att e m pts f or s k el et o n- b as e d h u m a n m o-
ti o n pr e di cti o n [4 , 6 , 1 7 , 2 4 , 5 7 , 1 0 3 , 1 0 8 , 1 0 9 ]. M or e o v er,
r es e ar c h h as e x p a n d e d b e y o n d s k el et o n g e n er ati o n a n d uti-
li z e d st atisti c al m o d els s u c h as S M P L [5 4 ] t o g e n er at e 3 D
b o d y a ni m ati o ns [ 2 5 ,5 8 ,6 5 ,6 6 ,8 4 ,1 0 2 ,1 1 8 ,1 1 9 ]. O ur st u d y
e m pl o ys S M P L p ar a m et ers t o dri v e t h e 3 D m es h of t h e h u-
m a n b o d y o n t h e B E H A V E d at as et [ 5 ], w hil e als o e xt e n di n g
t h e m et h o d t o s k el et o n- b as e d d at as ets [8 8 ], d e m o nstr ati n g
its br o a d a p pli c a bilit y. Pr e di cti n g o bj e ct d y n a mi cs h as als o
r e c ei v e d i n cr e asi n g att e nti o n [1 8 , 6 1 , 7 2 , 1 0 7 , 1 2 8 ]. Diff er-
e nt fr o m s ol el y pr e di cti n g t h e h u m a n m oti o n or t h e o bj e ct

d y n a mi cs, o ur m et h o d j oi ntl y m o d els t h eir i nt er a cti o ns.

3. M et h o d ol o g y

P r o bl e m F o r m ul ati o n: H u m a n- O bj e ct I nt e r a cti o n P r e-
di cti o n. We d e n ot e a 3 D H OI s e q u e n c e wit h H hist ori c al
fr a m es a n d F f ut ur e fr a m es as x = [ x 1 , x 2 , . . . , x H + F ],
w h er e x i c o nsists of h u m a n p os e st at e h i a n d o bj e ct p os e
st at e o i . H u m a n p os e st at e h i ∈ R J × D h is d e fi n e d b y J
j oi nts wit h a D h - di m e nsi o n al r e pr es e nt ati o n at e a c h j oi nt,
w hi c h c a n b e j oi nt p ositi o n, r ot ati o n, v el o cit y, or t h eir c o m-
bi n ati o n. O bj e ct p os e st at e o i h as D o f e at ur es, i n cl u di n g
e. g ., t h e p ositi o n of t h e c e nt er, a n d t h e r ot ati o n of t h e o bj e ct
w.r.t. t h e t e m pl at e. N ot e t h at t h e s p e ci fi c m e a ni n gs of t h es e
st at es ar e d at as et- d e p e n d e nt a n d will b e e x pl ai n e d i n d et ail
i n S e c. 4 . Gi v e n o bj e ct s h a p e i nf or m ati o n c , o ur g o al is t o
pr e di ct a 3 D H OI s e q u e n c e x 0 t h at is (i) cl os e t o t h e gr o u n d
tr ut h x i n f ut ur e F fr a m es, a n d (ii) p h ysi c all y v ali d.
O v e r vi e w. As s h o w n i n Fi g ur e 3 , I nt er Diff c o nsists of i nt er-
a cti o n diff usi o n a n d c orr e cti o n. I n S e c. 3. 1 , w e i ntr o d u c e i n-
t er a cti o n diff usi o n, w hi c h i n cl u d es t h e f or w ar d a n d r e v ers e
diff usi o n pr o c ess es. We e x pl ai n h o w w e e xtr a ct s h a p e i nf or-
m ati o n f or t h e diff usi o n m o d el. We t h e n d et ail i nt er a cti o n
c orr e cti o n i n S e c. 3. 2 , i n cl u di n g c orr e cti o n s c h e d ul e a n d i n-
t er a cti o n pr e di cti o n st e ps. O ur k e y i nsi g ht is a p pl yi n g i nt er-
a cti o n c orr e cti o n t o i m pl a usi bl e d e n ois e d H OIs. Gi v e n a d e-
n ois e d H OI aft er e a c h r e v ers e diff usi o n pr o c ess, t h e c orr e c-
ti o n s c h e d ul er d et er mi n es if t his d e n ois e d H OI n e e ds c or-
r e cti o n, a n d i nf ers a r ef er e n c e s yst e m b as e d o n c o nt a ct i nf or-
m ati o n e xtr a ct e d fr o m t his i nt er m e di at e r es ult ( S e c. 3. 2. 1 ).
If t h e c orr e cti o n is n e e d e d, w e p ass t h e d e n ois e d H OI a n d
t h e i nf err e d r ef er e n c e s yst e m t o a n i nt er a cti o n pr e di ct or,
w hi c h f or e c asts pl a usi bl e o bj e ct m oti o n u n d er t h e i d e nti-
fi e d r ef er e n c e. Aft er w ar d, w e i nj e ct t his pl a usi bl e m oti o n
b a c k i nt o t h e d e n ois e d H OI f or f urt h er d e n oisi n g it er ati o ns
( S e c. 3. 2. 2 ). N ot a bl y, i nt er a cti o n diff usi o n a n d c orr e cti o n
d o n ot n e e d t o b e c o u pl e d d uri n g tr ai ni n g . I nst e a d, t h e y c a n
b e c o m p os e d d uri n g i nf er e n c e wit h o ut fi n e-t u ni n g .

3. 1. I nt e r a cti o n Diff usi o n

B asi c Diff usi o n M o d el. O ur a p pr o a c h i n c or p or at es a dif-
f usi o n m o d el, g e n er ati n g s a m pl es fr o m is otr o pi c G a us-
si a n n ois e b y it er ati v el y r e m o vi n g t h e n ois e at e a c h st e p.
M or e s p e ci fi c all y, t o m o d el a distri b uti o n x 0 ∼ q (x 0 ),
t h e f or w ar d diff usi o n pr o c ess f oll o ws a M ar k o v c h ai n of T
st e ps, gi vi n g ris e t o a s eri es of ti m e- d e p e n d e nt distri b uti o ns
q (x t |x t − 1 ). T h es e distri b uti o ns ar e g e n er at e d b y gr a d u all y
i nj e cti n g n ois e i nt o t h e s a m pl es u ntil t h e distri b uti o n of x T

is cl os e t o N (0 , I ). F or m all y, t his pr o c ess is d e n ot e d as

q (x 1 , . . . , x T |x 0 ) =
T

t = 1

q (x t |x t − 1 )

q (x t |x t − 1 ) = N ( β t x t − 1 + ( 1 − β t )I ),

( 1)

1 4 9 3 0
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S T G N N

I nt er a cti o n Pr e di ct or

Fi g ur e 3. O v e r vi e w of I nt e r Diff. (i) We c o m bi n e a C orr e cti o n S c h e d ul er a n d a n I nt er a cti o n Pr e di ct or wit h t h e diff usi o n fr a m e w or k
t o c orr e ct a d e n ois e d H OI. T h e C orr e cti o n S c h e d ul er d et er mi n es w h et h er t h e c urr e nt d e n ois e d H OI n e e ds c orr e cti o n. If s o, w e f us e
t h e a d diti o n al pr e di cti o n g e n er at e d b y t h e I nt er a cti o n Pr e di ct or i nt o t h e d e n ois e d H OI. (ii) O ur r e v ers e diff usi o n e m pl o ys a tr a nsf or m er
ar c hit e ct ur e c o n diti o n e d o n t h e e n c o d e d o bj e ct s h a p e a n d t h e p ast H OI. (iii) We tr a nsf or m o bj e ct m oti o n u n d er t h e r ef er e n c e s yst e m s el e ct e d
b y t h e C orr e cti o n S c h e d ul er, pr e di ct f ut ur e m oti o n vi a S T G N N, a n d tr a nsf or m it b a c k t o t h e gr o u n d s yst e m. M ar k ers ar e i n p oi nt cl o u ds.

w h er e β t ∈ ( 0, 1) is t h e v ari a n c e of t h e G a ussi a n n ois e i n-
j e ct e d at ti m e t, a n d w e d e fi n e β 0 = 0 .

H er e, w e a d o pt t h e D e n oisi n g Diff usi o n Pr o b a bilisti c
M o d el ( D D P M) [ 2 9 ] f or m oti o n pr e di cti o n, gi v e n t h at it c a n
s a m pl e x t dir e ctl y fr o m x 0 wit h o ut i nt er m e di at e st e ps:

q (x t |x 0 ) = N (
√

ᾱ t x 0 + ( 1 − ᾱ t )I )

x t =
√

ᾱ t x 0 +
√

1 − ᾱ t ϵ ,
( 2)

w h er e α t = 1 − β t , ᾱ t =
t
t ′ = 0 α t ′ , a n d ϵ ∼ N (0 , I ).

T h e r e v ers e pr o c ess of diff usi o n gr a d u all y cl e a ns x T ∼
N (0 , I ) b a c k t o x 0 . F oll o wi n g [6 9 , 7 0 , 8 5 ], w e dir e ctl y r e-
c o v er t h e cl e a n si g n al x̃ at e a c h st e p, i nst e a d of pr e di cti n g
t h e n ois e ϵ [2 9 ] t h at w as a d d e d t o x 0 i n E q. 2 . T his it er ati v e
pr o c ess at st e p t is f or m ul at e d as

x̃ = G (x t , t, c )

x t − 1 =
√

ᾱ t − 1 x̃ + 1 − ᾱ t − 1 ϵ ,
( 3)

w h er e G is a n et w or k esti m ati n g x̃ gi v e n t h e n ois e d si g n al
x t a n d t h e c o n diti o n c at st e p t, a n d ϵ ∼ N (0 , I ).
I nt e r a cti o n Diff usi o n M o d el. W hil e m ost e xisti n g h u m a n
m oti o n diff usi o n m o d els [6 9 , 8 5 , 1 1 0 , 1 1 5 ] c a n pr e di ct f u-
t ur e fr a m es b y i n filli n g gr o u n d tr ut h p ast m oti o n i nt o t h e
d e n ois e d m oti o n at e a c h diff usi o n st e p, w e o bs er v e t h at e n-
c o di n g t h e hist ori c al m oti o n x 1: H as a c o n diti o n l e a ds t o
b ett er p erf or m a n c e i n o ur t as k. A si mil ar d esi g n is us e d
i n [4 , 9 4 ] b ut f or c o n v e nti o n al h u m a n m oti o n pr e di cti o n.
N o w o ur m o d el G i n cl u d es a tr a nsf or m er e n c o d er t h at e n-
c o d es x 1: H al o n g wit h t h e o bj e ct s h a p e e m b e d di n g c fr o m
a P oi nt N et [ 6 8 ], s h o w n i n Fi g ur e 3 ( b). T h e i n p ut d e n ois e d
H OI x t at ti m e st e p t is li n e arl y pr oj e ct e d i nt o t h e tr a ns-
f or m er c o m bi n e d wit h a st a n d ar d p ositi o n al e m b e d di n g. A
f e e d-f or w ar d n et w or k als o m a ps t h e ti m e st e p t t o t h e s a m e
di m e nsi o n. T h e d e c o d er t h e n m a ps t h es e r e pr es e nt ati o ns t o
t h e esti m at e d cl e a n H OI x̃ . G is o pti mi z e d b y t h e o bj e cti v e:

L r = E t ∼ [ 1, T ]∥ G (x t , t, c ) − x ∥ 2
2 . ( 4)

We f urt h er dis e nt a n gl e t his o bj e cti v e i nt o r ot ati o n a n d tr a ns-
l ati o n l oss es f or b ot h h u m a n st at e h a n d o bj e ct st at e o , a n d
r e- w ei g ht t h es e l oss es. We als o i ntr o d u c e v el o cit y r e g ul ar-
i z ati o ns, as d et ail e d i n t h e S u p pl e m e nt ar y.

3. 2. I nt e r a cti o n C o r r e cti o n

Gi v e n t h at d e e p n et w or ks d o n ot i n h er e ntl y m o d el f u n d a-
m e nt al p h ysi c al l a ws, g e n er ati n g pl a usi bl e i nt er a cti o ns e v e n
f or st at e- of-t h e- art g e n er ati v e m o d els tr ai n e d o n l ar g e-s c al e
d at as ets c a n b e c h all e n gi n g. I nst e a d of r el yi n g o n p ost- h o c
o pti mi z ati o n or p h ysi cs si m ul ati o n t o pr o m ot e p h ysi c al v a-
li dit y, w e e m b e d a n i nt er a cti o n c orr e cti o n st e p wit hi n t h e
diff usi o n fr a m e w or k . T his is m oti v at e d b y t h e f a ct t h at t h e
diff usi o n m o d el pr o d u c es i nt er m e di at e H OI x̃ at e a c h dif-
f usi o n st e p, all o wi n g us t o bl e n d pl a usi bl e d y n a mi cs i nt o
i m pl a usi bl e r e gi o ns a n d still g e n er at e s e a ml ess r es ults. R e-
m ar k a bl y, w e a c hi e v e s u c h pl a usi bl e i nt er a cti o ns wit h a
si m pl e p h ysi cs-i nf or m e d c orr e cti o n st e p. T his is gr e atl y at-
tri b ut e d t o t h e ess e nti al i n d u cti v e bi as i n d u c e d – e. g ., e v e n
t h o u g h h u m a n a n d o bj e ct m oti o n c a n b e c o m pli c at e d, t h e
r el ati v e o bj e ct m oti o n i n a n a p pr o pri at e r ef er e n c e s yst e m
f oll o ws a si m pl e p att er n t h at is e asi er t o pr e di ct.

3. 2. 1  C o r r e cti o n S c h e d ul e

Si mil ar t o P h ys Diff [ 1 1 0 ], w e o nl y c o nsi d er p erf or mi n g c or-
r e cti o ns e v er y f e w diff usi o n st e ps i n l at e it er ati o ns, as e arl y
d e n oisi n g it er ati o ns pri m aril y pr o d u c e n ois e wit h li mit e d
i nf or m ati o n.

F or 3 D H OIs r e pr es e nt e d b y m es h es, w e s et a d diti o n al
c o nstr ai nts b as e d o n g e o m etri c cl u es t o d et er mi n e t h e st e ps
t o a p pl y c orr e cti o ns. As d e m o nstr at e d i n Al g orit h m 1 ,
gi v e n t h e c urr e nt d e n ois e d H OI x̃ , w e first o bt ai n t h e c o n-
t a ct a n d p e n etr ati o n st at es i n t h e f ut ur e F fr a m es. L et
v h ∈ R F × V h × 3 b e t h e h u m a n v erti c es w h er e V h is t h e n u m-
b er of v erti c es, a n d s df b e a s eri es of h u m a n b o d y’s si g n e d
dist a n c e fi el ds [ 6 3 ] i n t h e f ut ur e F fr a m es. S p e ci fi c all y, f or
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Al g o rit h m 1 I nt er Diff: gi v e n a diff usi o n m o d el G , a c orr e c-
ti o n s c h e d ul er S , a n i nt er a cti o n pr e di ct or P , h y p er p ar a m e-
t ers ϵ 1 , ϵ2 , { ᾱ t }

T
t = 1

1: I n p ut : c o n diti o n c
2: O ut p ut : t h e cl e a n H OI x 0 wit h c orr e cti o n
3: x T ∼ N (0 , I )
4: f o r t fr o m T t o 0 d o
5: # R e v ers e Diff usi o n
6: x̃ ← G ( x t , t, c )
7: # C orr e cti o n S c h e d ul e
8: O bt ai n t h e c o nt a ct a n d p e n etr ati o n st at es C , P
9: if S (P , ϵ1 , C , ϵ2 , t) t h e n

1 0: O bt ai n t h e r ef er e n c e s yst e m s
1 1: # I nt er a cti o n Pr e di cti o n
1 2: x̂ ← P ( x̃ , s)
1 3: # I nt er a cti o n Bl e n di n g
1 4: x̃ ← x̃ × t

T + x̂ × ( 1 − t
T )

1 5: e n d if
1 6: # F or w ar d Diff usi o n
1 7: x t − 1 ∼ N (

√
ᾱ t − 1 x̃ , ( 1 − ᾱ t − 1 )I )

1 8: e n d f o r
1 9: r et u r n x 0

t h e S M P L r e pr es e nt ati o ns [5 4 ], t h e v erti c es a n d s df c a n b e
d eri v e d fr o m t h e s ki n ni n g f u n cti o n, usi n g t h e b o d y s h a p e
a n d p os e p ar a m et ers i n x̃ a s i n p ut. We c a n als o o bt ai n
t h e f ut ur e s e q u e n c e of o bj e ct p oi nt cl o u ds v o ∈ R F × V o × 3

fr o m t h e o bj e ct st at e i n t h e d e n ois e d H OI x̃ , w h er e V o is
t h e n u m b er of o bj e ct v erti c es. B as e d o n t h e dist a n c e m e a-
s ur e m e nt, t h e c o nt a ct st at e C ∈ R F × V h a n d t h e p e n etr ati o n
st at e P ∈ R F ar e d e fi n e d as,

C i [j ] =  mi n
k = 1 ,..., Vo

∥ v i
h [j ] − v i

o [k ]∥ 2 , j = 1 , . . . , Vh

P i =
k = 1 ,..., Vo

− mi n { s df (v i
o [k ]), 0 } ,

( 5)

w h er e v i
h [j ] ∈ R 3 , v i

o [k ] ∈ R 3 ar e j -t h a n d k -t h v ert e x
o n h u m a n a n d o bj e ct at fr a m e i ∈ { H + 1 , . . . , H + F } ,
r es p e cti v el y.

T h e c orr e cti o n s c h e d ul er S s er v es t w o m ai n f u n cti o ns.
O n e is t o d et er mi n e w h et h er t h e c urr e nt d e n ois e d H OI x̃
r e q uir es c orr e cti o n. G ui d e d b y t h e c o nt a ct i nf or m ati o n fr o m
x̃ , w e o nl y p erf or m c orr e cti o n w h e n t h e diff usi o n m o d el is
li k el y t o m a k e a mist a k e – (i) p e n etr ati o n alr e a d y e xists ,
d e fi n e d as ∥ P ∥ > ϵ 1 ; or (ii) n o c o nt a ct h a p p e ns , d e fi n e d as
mi n j ∥ C [j ]∥ > ϵ 2 . ϵ 1 a n d ϵ 2 ar e t w o h y p er p ar a m et ers. We
o nl y a p pl y t h es e c o nstr ai nts t o m es h-r e pr es e nt e d H OIs, as
t h e c o nt a ct i n s k el et al H OIs is ill- d e fi n e d.

T h e s e c o n d f u n cti o n is t o d e ci d e w hi c h r ef er e n c e s yst e m
t o us e i n S e c 3. 2. 2 . We d e fi n e a s et of m ar k ers M [1 1 8 ]
t o i n d e x 6 7 h u m a n v erti c es as p ot e nti al r ef er e n c e p oi nts f or
ef fi ci e n c y, i nst e a d of usi n g all t h e V h v erti c es. We o p er at e

o n t h e c o nt a ct st at e C a n d g et t h e i n d e x of t h e r ef er e n c e
s yst e m s , as f oll o ws:

s =






− 1 , if mi n
j ∈ M

∥ C [j ]∥ ≥ ϵ 2

ar g mi n
j ∈ M

∥ C [j ]∥ , o. w. ( 6)

T his s el e cti o n pr o c ess m e a ns t h at w e r et ai n t h e d ef a ult
gr o u n d r ef er e n c e s yst e m if t h er e is n o c o nt a ct; ot h er wis e,
w e d et er mi n e t h e r ef er e n c e p oi nt as t h e m ar k er o n t h e h u-
m a n b o d y s urf a c e t h at is i n c o nt a ct wit h t h e o bj e ct.

F or s k el et al H OIs, w e f oll o w a si mil ar w a y t o d e fi n e t h e
c o nt a ct st at e C ∈ R F × J h f or t h e p ur p os e of c a pt uri n g t h e
r ef er e n c e s yst e m, d es pit e its ill- p os e d n ess, as f oll o ws:

C i [j ] =  mi n
k = 1 ,..., Jo

∥ j i
h [j ] − j i

o [k ]∥ 2 , j = 1 , . . . , Jh , ( 7)

w h er e j h ∈ R F × J h × 3 r e pr es e nts J h h u m a n j oi nts a n d
j o ∈ R F × J o × 3 r e pr es e nts J o o bj e ct k e y p oi nts. We d e fi n e
t h e r ef er e n c e s yst e m s b as e d o n j oi nts r at h er t h a n m ar k ers:

s =






− 1 , if mi n
j = 1 ,..., Jh

∥ C [j ]∥ ≥ ϵ 2

ar g mi n
j = 1 ,..., Jh

∥ C [j ]∥ , o. w. ( 8)

3. 2. 2 I nt e r a cti o n P r e di cti o n

Gi v e n t h e p ast o bj e ct m oti o n a n d t h e tr aj e ct ori es of h u-
m a n m ar k ers/j oi nts i n b ot h p ast a n d f ut ur e , w e n o w pr e di ct
f ut ur e o bj e ct m oti o ns u n d er diff er e nt r ef er e n c es. We first
a p pl y c o or di n at e tr a nsf or m ati o ns t o t h e p ast o bj e ct m oti o n
( w hi c h is b y d ef a ult u n d er t h e gr o u n d r ef er e n c e s yst e m) a n d
o bt ai n r el ati v e m oti o ns wit h r es p e ct t o all m ar k ers/j oi nts.
T h e n w e f or m ul at e t h e o bj e ct m oti o ns, eit h er u n d er t h e
gr o u n d r ef er e n c e s yst e m or r el ati v e t o e a c h m ar k er/j oi nt,
c oll e cti v el y as a s p ati al-t e m p or al gr a p h G 1: H . F or e x a m pl e,
gi v e n | M| m ar k ers, w e d e fi n e G 1: H ∈ R H × ( 1 + | M|) × D o ,
w h er e D o is t h e n u m b er of f e at ur es f or o bj e ct p os es as d e-
fi n e d pr e vi o usl y. H er e, 1 + | M| c orr es p o n d t o 1 gr o u n d
r ef er e n c e s yst e m a n d | M| m ar k er- b as e d r ef er e n c e s yst e ms.

Gi v e n t h e s p ati al-t e m p or al gr a p h G 1: H , w e us e a s p ati al-
t e m p or al gr a p h n e ur al n et w or k ( S T G N N) [1 0 3 ] t o pr o c ess
t h e p ast m oti o n gr a p h G 1: H a n d o bt ai n G H :H + F t h at r e pr e-
s e nts f ut ur e o bj e ct m oti o ns i n t h es e s yst e ms. T h e n, w e a c-
q uir e a s p e ci fi c o bj e ct r el ati v e m oti o n G H :H + F [s + 1] , u n-
d er t h e r ef er e n c e s yst e m s s p e ci fi e d i n S e c. 3. 2. 1 . We tr a ns-
f or m t his pr e di ct e d r ef er e n c e m oti o n b a c k t o t h e gr o u n d s ys-
t e m. T h e r es ulti n g o bj e ct m oti o n is d e fi n e d as x̂ = P ( x̃ , s),
w h er e t h e i nt er a cti o n pr e di ct or P p erf or ms t h e a b o v e o p er a-
ti o ns. We bl e n d t h e ori gi n al d e n ois e d H OI x̃ wit h t his n e wl y
o bt ai n e d H OI x̂ , d e n ot e d as x̃ × t

T + x̂ × ( 1 − t
T ).

I nf or m e d b y t h e r ef er e n c e s yst e m, w e ar g u e t h at t h e
m oti o n aft er c o or di n at e tr a nsf or m ati o n f oll o ws a si m pl er
p att er n a n d b e c o m es e asi er f or t h e n et w or k t o pr e di ct a n d
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Figure 4. Qualitative comparisons on the BEHAVE dataset [5]. We show starting HOIs in gray and predicted HOIs sampled every 40
frames (30 FPS). The blue and red human meshes denote the results from InterDiff with and without interaction correction, respectively.
The injected correction step helps mitigate contact floating and penetration artifacts, and maintain static objects when there is no contact.

maintain physical validity. To further promote the simple
motion pattern, in this STGNN, we use DCT/IDCT [1] as
a preprocessing step in accordance with [59]. We also find
that a small number of frequency bases work well for pre-
dicting relative object motion. To decouple STGNN train-
ing from diffusion, we directly use clean HOI data for train-
ing and perform inference on denoised HOIs. We introduce
learning objectives to promote contact and penalize pene-
tration, which are detailed in the Supplementary.

4. Experiments

4.1. Experimental Setup

Datasets. We conduct the evaluation on three datasets per-
taining to 3D human-object interaction. BEHAVE [5] en-
compasses recordings of 8 individuals engaging with 20 or-
dinary objects at a frame rate of 30 Hz. SMPL-H [54, 74]
is used to represent the human, and we represent the ob-
ject pose in 6D rotation [126] and translation. We ad-

Table 1. Quantitative results on the BEHAVE dataset [5], demon-
strating the effectiveness of our diffusion model and the correction.

Method BEHAVE [5]
MPJPE-H ↓ Trans. Err. ↓ Rot. Err. ↓ Pene. ↓

InterRNN 165 139 267 314
InterVAE 145 125 268 222

InterDiff w/o correction (Ours) 140 123 256 228
InterDiff (full) (Ours) 140 123 226 164

here to the official train and test split originally proposed
in HOI detection [5]. During training, our model fore-
casts 25 future frames after being provided with 10 past
frames, and we can generate longer motion sequences au-
toregressively during inference. GRAB [82] is a dataset
that records whole-body humans grasping small objects, in-
cluding 1,334 videos, which we downsample to 30 FPS. We
investigate the cross-dataset generalizability – we train our
method on the BEHAVE dataset and test it on the GRAB
dataset. The Human-Object Interaction dataset [88] com-
prises 6 individuals and 384,000 frames recorded at a fram-
erate of 240 Hz. We follow the official data preprocess-
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Pull backward the board

Lay down the box

Lift the box

Rotate the table

Tilt the chair

Figure 5. Qualitative results on interactions with unseen objects
on the Human-Object Interaction dataset [88]. The predicted
skeletons and objects are green and red respectively while GT is
gray. We show five frames at 0.4, 0.8, 1.2, 1.6, and 2.0s.

Table 2. Quantitative results on the Human-Object Interaction
dataset [88]. We evaluate our model in challenging scenarios with
unseen instances in the training data. The results show the ef-
fectiveness and generalizability of InterDiff and the correction. *
marks results directly reported from [88].

Method MPJPE-H ↓ MPJPE-O ↓ Trans. Err. ↓ Rot. Err. ↓
HO-GCN* [88] 111 153 123 303
CAHMP* [13] 107 167 N/A N/A

InterRNN 124 127 109 151
CAHMP [13] 111 132 111 164

InterVAE 108 125 100 178
InterDiff w/o Correction (Ours) 105 117 92 158
InterDiff w/ Correction (Ours) 105 84 60 120

ing guidelines and extract the sequences at a rate of 10 Hz.
In total, 18,352 interactive sequences with a length of 20
frames are obtained, and 582 of these sequences include
objects that are not seen during training and are directly
used for evaluation. Following [88], our model is trained
to forecast 10 future frames given 10 past frames. Unlike
the above two datasets, we employ a 21-joint skeleton to
represent the human pose, and 12 key points for objects.
Metrics. Based on the established evaluation metrics in the
literature [28, 33, 41, 88], we introduce a set of metrics to
evaluate this new task as follows: (a) MPJPE-H: the aver-
age l2 distance between the predicted and ground truth joint

Table 3. Quantitative results on the BEHAVE dataset [5]. We
generate multiple predictions and report the lowest score across
different samples. Here we focus on long-term forecasting, where
we autoregressively generate 100 frames of future interactions.
Our method with interaction correction outperforms pure diffu-
sion, and the improvement is more significant with more samples.

# of samples InterDiff (ours) Best-of-Many
MPJPE-H ↓ Trans. Err. ↓ Rot. Err. ↓ Pene. ↓

1 w/o correction 400 384 644 236
full 392 374 632 88

2 w/o correction 382 365 636 211
full 374 350 601 83

5 w/o correction 371 349 610 191
full 361 331 545 65

10 w/o correction 361 341 601 187
full 348 318 523 59

positions in the global space. For SMPL-represented HOIs,
joint positions can be obtained through forward kinematics.
(b) Trans. Err.: the average l2 distance between the pre-
dicted and ground truth object translations. (c) Rot. Err.:
the average l1 distance between the predicted and ground
truth quaternions of the object. (d) MPJPE-O: the average
l2 distance between the predicted and ground truth object
key points in the global space. This is only reported for the
Human-Object Interaction dataset, where the object is ab-
stracted into key points. (e) Pene.: the average percentage
of object vertices with non-negative human signed distance
function [63] values. Note that (a)(b)(d) are in mm, (c) is
in 10−3 radius, and (e) is in 10−2%. In Table 3, to evaluate
diverse predictions, we sample multiple candidate predic-
tions for each historical motion, and report the best results
(Best-of-Many [6]) over the candidates for each metric.
Baselines. As our work introduces a new task, a baseline di-
rectly from prior research is not readily available. To facili-
tate comparisons with existing work, we adapt the following
baselines from tasks of human motion generation and ob-
ject dynamic prediction. (a) InterVAE: transformer-based
VAEs [65,66,87] have been widely adopted for human mo-
tion prediction and synthesis. We employ this framework
and extend it to our human-object interaction setting. (b)
InterRNN: we adopt an LSTM-based [30,72] predictor and
enable the prediction of HOIs. For skeletal representations,
we further include (c) CAHMP [13]: as there is no publicly
available codebase, we implemented their methods accord-
ing to the paper; (d) HO-GCN [88]: since the code for the
methods is not yet available, we report the results in their
paper, as shown in Table 2, marked with *.
Implementation Details. The interaction diffusion model
comprises 8 transformer [87] layers for the encoder and de-
coder, with training involving a batch size of 32, a latent di-
mension of 256, and 500 epochs. The interaction predictor
includes 10 frequency bases for DCT/IDCT [1], with train-
ing conducted using a batch size of 32, and 500 epochs. For
the Human-Object Interaction dataset, we do not apply con-
tact and penetration losses since they are not applicable for
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Figure 6. Qualitative results on the BEHAVE dataset [5]. We
place two different samples of the predicted interactions. Our ap-
proach can generate diverse and legitimate predictions.

Figure 7. Generalization of InterDiff on the GRAB dataset [82].
The predicted human bodies and objects are in color while the past
interactions are in gray. We visualize four frames of each sequence
at 0, 0.33, 0.66, and 1.0s. Our approach can directly generalize to
this different dataset containing novel small-size objects.

Table 4. User study on the BEHAVE dataset [5]. We obtain pair-
wise human voting results comparing our method with baselines
and alternatives introduced in Sec. 4.4. Under human evaluation,
the full model outperforms baselines regarding physical fidelity.

Model pair Physical fidality
ground truth InterDiff (full) w/o correction w/o relative

ground truth N/A 73.0% 69.6% 88.8%
InterDiff (full) 27.0% N/A 67.8% 67.8%
w/o correction 30.4% 32.2% N/A 67.2%

w/o relative 11.2% 32.2% 32.8% N/A

skeleton representation. For autoregressive inference, we
use predicted last few frames as the past motion and gener-
ate the next prediction, etc. Additional implementation de-
tails are provided in the Supplementary.

4.2. Quantitative Results

We compare our proposed method InterDiff with two
baselines on the BEHAVE (Table 1) and Human-Object In-
teraction (Table 2) datasets. We demonstrate the superiority
of InterDiff over the two baselines in all metrics for both
datasets. Moreover, we observe and validate that the perfor-
mance of InterDiff is improved by incorporating interaction
correction. Specifically, the correction step results in more
plausible interactions with reduced penetration artifacts, as
demonstrated in Table 1. Additionally, InterDiff with in-
teraction correction provides more precise object motions.
In Table 3, following standard Best-of-Many evaluation [6],
we demonstrate that as more predictions are sampled, the
best predictions are closer to the ground truth. Note that
our full method shows a significant improvement over pure
diffusion with more samples and longer horizons. Further-
more, the precise object motion generated by our Inter-

Diff in turn improves the accuracy of predicted human mo-
tion even with the same interaction diffusion model, as evi-
denced in Table 3. The reason behind this is that by inject-
ing more accurate object motion into the diffusion model,
human motion generated by the diffusion is also positively
affected and can be corrected.

4.3. Qualitative Results

Consistent with the quantitative results, we observe that
our approach InterDiff with the interaction correction yields
more plausible HOI predictions than the one without inter-
action correction across various cases, as illustrated in Fig-
ure 4. Furthermore, the efficacy of our method extends to
the Human-Object Interaction dataset (Figure 5), showing
that our approach accommodates the skeletal representation
and effectively predicts future HOIs across a diverse range
of actions and unseen objects with convincing outcomes.
In Figure 7, we generalize our method trained on the BE-
HAVE dataset to the GRAB dataset. Our approach effec-
tively adapts to the new dataset that focuses on grasping
small objects without any fine-tuning, further validating the
generalizability of our approach. Figure 6 illustrates that
our approach can generate diverse and legitimate HOIs. We
provide additional demo videos on the project website.

To assess the motion plausibility, we conduct a double-
blind user study, as shown in Table 4. We design pairwise
evaluations between ground truth, InterDiff (full), Inter-
Diff without interaction correction (‘w/o correction’), and
InterDiff with the correction step yet not having coordinate
transformation involved (‘w/o relative’). We generate 100
frames of future interactions for comparisons. With a total
of 30 pairwise comparisons, 23 human judges are asked to
determine which interaction is more realistic. Our method
has a success rate of 67.8% against baselines.

4.4. Ablation Study

We conduct an ablation study (Figures 8 and 9) to eval-
uate the efficacy of different components in our proposed
interaction correction (Sec. 3.2). Figure 8 displays smooth
long-term sequences generated by each ablated variant. We
show that our full model, InterDiff, produces plausible long-
term HOIs, while InterDiff without the correction step re-
sults in contact floating and penetration artifacts. Then we
ablate on each component inside the correction step. In the
absence of reference system transformation (‘w/o relative’),
the object motion integrated into the diffusion fails to align
with the contact’s motion, resulting in significant contact
penetration, especially in the long term. This highlights
the critical role of the reference system in the interaction
correction step. Furthermore, removing contact and pene-
tration losses (‘w/o contact’) also leads to unrealistic out-
comes. Finally, blindly applying correction without con-
sidering the quality of intermediate denoised results (‘w/o
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(full)
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correction

w/o relative

w/o contact
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schedule
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Figure 8. Ablation study on the BEHAVE dataset [5]. We show starting HOIs in gray and predicted HOIs sampled every 10 frames (30
FPS), up to 4 seconds. The ablated variants of our InterDiff produce HOIs containing contact floating and penetration artifacts.

schedule’) may lead to the contact floating, as applying cor-
rection may destabilize the good quality of the original mo-
tion. In Figure 9, we further provide quantitative evidence
of the effectiveness of our method, where the full model
significantly outperforms the variants, especially in correct-
ing the accumulation of errors in long-term autoregressive
generation. Additional ablations are available in the Sup-
plementary, including an evaluation of the effectiveness of
DCT/IDCT in promoting simple motion patterns.

5. Discussions

We propose a novel task, coined as 3D human-object
interaction prediction, considering the intricate real-world
challenges associated with this domain. To ensure the va-
lidity of physical interactions, we introduce an interaction
diffusion framework, InterDiff, which effectively generates
vivid interactions while simultaneously reducing common
artifacts such as contact floating and penetration, with min-
imal additional computational cost. Our approach shows ef-
fectiveness in this novel task and thus holds significant po-
tential for a wide range of real-world applications. A future
direction would be generalizing our work to human interac-
tion with more complex environments, such as with more
than one dynamic object, more complicated objects, e.g.,
articulated and deformable objects, and with other humans.

Figure 9. Ablation study on the BEHAVE dataset [5]. We com-
pare our pipeline with various alternatives introduced in Sec. 4.4.
We normalize the scores of ‘full model’ to 0. The results shows
the superiority of ‘full model’ over others in the long horizon.

Limitations. We’ve demonstrated that our InterDiff frame-
work is able to produce high-quality and diverse HOI pre-
dictions, without the use of post-optimization and physics
simulators. Artifacts such as contact inconsistency are still
observed in some generated results, though the artifacts
are largely alleviated by interaction correction. Nonethe-
less, InterDiff with correction provides effective results that
can be directly applied post-optimization to improve qual-
ity. More illustrations are available on the project website.
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[56] Christian Mandery, Ömer Terlemez, Martin Do, Nikolaus
Vahrenkamp, and Tamim Asfour. Unifying representations
and large-scale whole-body motion databases for studying
human motion. IEEE Transactions on Robotics, 32(4):796–
809, 2016. 3

[57] Wei Mao, Miaomiao Liu, and Mathieu Salzmann. Gen-
erating smooth pose sequences for diverse human motion
prediction. In CVPR, 2021. 3

[58] Wei Mao, Miaomiao Liu, and Mathieu Salzmann. Weakly-
supervised action transition learning for stochastic human
motion prediction. In CVPR, 2022. 3

[59] Wei Mao, Miaomiao Liu, Mathieu Salzmann, and Hong-
dong Li. Learning trajectory dependencies for human mo-
tion prediction. In ICCV, 2019. 6

[60] Josh Merel, Saran Tunyasuvunakool, Arun Ahuja, Yuval
Tassa, Leonard Hasenclever, Vu Pham, Tom Erez, Greg
Wayne, and Nicolas Heess. Catch & carry: reusable neu-
ral controllers for vision-guided whole-body tasks. ACM
Transactions on Graphics (TOG), 39(4):39–1, 2020. 2, 3

[61] Damian Mrowca, Chengxu Zhuang, Elias Wang, Nick
Haber, Li F Fei-Fei, Josh Tenenbaum, and Daniel L
Yamins. Flexible neural representation for physics predic-
tion. In NeurIPS, 2018. 3

[62] Liang Pan, Jingbo Wang, Buzhen Huang, Junyu Zhang,
Haofan Wang, Xu Tang, and Yangang Wang. Synthesiz-
ing physically plausible human motions in 3d scenes. arXiv
preprint arXiv:2308.09036, 2023. 3

[63] Jeong Joon Park, Peter Florence, Julian Straub, Richard
Newcombe, and Steven Lovegrove. DeepSDF: Learning
continuous signed distance functions for shape representa-
tion. In CVPR, 2019. 4, 7

[64] Ilya A Petrov, Riccardo Marin, Julian Chibane, and Gerard
Pons-Moll. Object pop-up: Can we infer 3d objects and
their poses from human interactions alone? In CVPR, 2023.
3

[65] Mathis Petrovich, Michael J Black, and Gül Varol. Action-
conditioned 3d human motion synthesis with transformer
vae. In ICCV, 2021. 3, 7

14938



[66] Mathis Petrovich, Michael J. Black, and Gül Varol.
TEMOS: Generating diverse human motions from textual
descriptions. In ECCV, 2022. 3, 7

[67] Nancy S Pollard and Victor Brian Zordan. Physically based
grasping control from example. In SIGGRAPH, 2005. 3

[68] Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas.
PointNet: Deep learning on point sets for 3d classification
and segmentation. In CVPR, 2017. 4

[69] Sigal Raab, Inbal Leibovitch, Guy Tevet, Moab Arar,
Amit H Bermano, and Daniel Cohen-Or. Single motion
diffusion. arXiv preprint arXiv:2302.05905, 2023. 3, 4

[70] Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey
Chu, and Mark Chen. Hierarchical text-conditional
image generation with CLIP latents. arXiv preprint
arXiv:2204.06125, 2022. 4

[71] Haziq Razali and Yiannis Demiris. Action-conditioned
generation of bimanual object manipulation sequences. In
AAAI, 2023. 1, 3

[72] Davis Rempe, Srinath Sridhar, He Wang, and Leonidas J.
Guibas. Predicting the physical dynamics of unseen 3d ob-
jects. In WACV, 2020. 3, 7

[73] Danilo Jimenez Rezende and Shakir Mohamed. Variational
inference with normalizing flows. In ICLR, 2015. 3

[74] Javier Romero, Dimitrios Tzionas, and Michael J. Black.
Embodied hands: Modeling and capturing hands and bod-
ies together. ACM Transactions on Graphics, 36(6), 2017.
6

[75] Yonatan Shafir, Guy Tevet, Roy Kapon, and Amit H.
Bermano. Human motion diffusion as a generative prior.
arXiv preprint arXiv:2303.01418, 2023. 3

[76] Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan,
and Surya Ganguli. Deep unsupervised learning using
nonequilibrium thermodynamics. In ICML, 2015. 2, 3

[77] Jiaming Song, Chenlin Meng, and Stefano Ermon.
Denoising diffusion implicit models. arXiv preprint
arXiv:2010.02502, 2020. 2, 3

[78] Sebastian Starke, He Zhang, Taku Komura, and Jun Saito.
Neural state machine for character-scene interactions. ACM
Trans. Graph., 38(6):209–1, 2019. 3

[79] Sebastian Starke, Yiwei Zhao, Taku Komura, and Kazi Za-
man. Local motion phases for learning multi-contact char-
acter movements. ACM Transactions on Graphics (TOG),
39(4):54–1, 2020. 3

[80] Jiarui Sun and Girish Chowdhary. Towards globally con-
sistent stochastic human motion prediction via motion dif-
fusion. arXiv preprint arXiv:2305.12554, 2023. 3

[81] Omid Taheri, Vasileios Choutas, Michael J Black, and Dim-
itrios Tzionas. GOAL: Generating 4d whole-body motion
for hand-object grasping. In CVPR, 2022. 1, 2, 3

[82] Omid Taheri, Nima Ghorbani, Michael J Black, and Dim-
itrios Tzionas. GRAB: A dataset of whole-body human
grasping of objects. In ECCV, 2020. 3, 6, 8

[83] Purva Tendulkar, Dı́dac Surı́s, and Carl Vondrick. FLEX:
Full-body grasping without full-body grasps. In CVPR,
2023. 3

[84] Guy Tevet, Brian Gordon, Amir Hertz, Amit H Bermano,
and Daniel Cohen-Or. MotionCLIP: Exposing hu-

man motion generation to CLIP space. arXiv preprint
arXiv:2203.08063, 2022. 3

[85] Guy Tevet, Sigal Raab, Brian Gordon, Yoni Shafir, Daniel
Cohen-or, and Amit Haim Bermano. Human motion diffu-
sion model. In ICLR, 2023. 2, 3, 4

[86] Sibo Tian, Minghui Zheng, and Xiao Liang. TransFu-
sion: A practical and effective transformer-based diffusion
model for 3d human motion prediction. arXiv preprint
arXiv:2307.16106, 2023. 3

[87] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Ł ukasz Kaiser,
and Illia Polosukhin. Attention is all you need. In NeurIPS,
2017. 7

[88] Weilin Wan, Lei Yang, Lingjie Liu, Zhuoying Zhang, Ruix-
ing Jia, Yi-King Choi, Jia Pan, Christian Theobalt, Taku
Komura, and Wenping Wang. Learn to predict how hu-
mans manipulate large-sized objects from interactive mo-
tions. IEEE Robotics and Automation Letters, 2022. 1, 3,
6, 7

[89] Jingbo Wang, Yu Rong, Jingyuan Liu, Sijie Yan, Dahua
Lin, and Bo Dai. Towards diverse and natural scene-aware
3d human motion synthesis. In CVPR, 2022. 3

[90] Jiashun Wang, Huazhe Xu, Jingwei Xu, Sifei Liu, and Xi-
aolong Wang. Synthesizing long-term 3d human motion
and interaction in 3d scenes. In CVPR, 2021. 3

[91] Jingbo Wang, Sijie Yan, Bo Dai, and Dahua Lin. Scene-
aware generative network for human motion synthesis. In
CVPR, 2021. 3

[92] Xi Wang, Gen Li, Yen-Ling Kuo, Muhammed Kocabas,
Emre Aksan, and Otmar Hilliges. Reconstructing action-
conditioned human-object interactions using commonsense
knowledge priors. In 3DV, 2022. 3

[93] Zan Wang, Yixin Chen, Tengyu Liu, Yixin Zhu, Wei Liang,
and Siyuan Huang. HUMANISE: Language-conditioned
human motion generation in 3d scenes. In NeurIPS, 2022.
3

[94] Dong Wei, Huaijiang Sun, Bin Li, Jianfeng Lu, Weiqing Li,
Xiaoning Sun, and Shengxiang Hu. Human joint kinemat-
ics diffusion-refinement for stochastic motion prediction. In
AAAI, 2023. 4

[95] Dong Wei, Xiaoning Sun, Huaijiang Sun, Bin Li, Shengxi-
ang Hu, Weiqing Li, and Jianfeng Lu. Understanding text-
driven motion synthesis with keyframe collaboration via
diffusion models. arXiv preprint arXiv:2305.13773, 2023.
3

[96] Xiaoqian Wu, Yong-Lu Li, Xinpeng Liu, Junyi Zhang,
Yuzhe Wu, and Cewu Lu. Mining cross-person cues for
body-part interactiveness learning in hoi detection. In
ECCV, 2022. 3

[97] Yan Wu, Jiahao Wang, Yan Zhang, Siwei Zhang, Otmar
Hilliges, Fisher Yu, and Siyu Tang. SAGA: Stochastic
whole-body grasping with contact. In ECCV, 2022. 1, 2, 3

[98] Xianghui Xie, Bharat Lal Bhatnagar, and Gerard Pons-
Moll. Chore: Contact, human and object reconstruction
from a single rgb image. In ECCV, 2022. 3

[99] Xianghui Xie, Bharat Lal Bhatnagar, and Gerard Pons-
Moll. Visibility aware human-object interaction tracking
from single rgb camera. In CVPR, 2023. 3

14939



[100] Zhaoming Xie, Sebastian Starke, Hung Yu Ling, and
Michiel van de Panne. Learning soccer juggling skills with
layer-wise mixture-of-experts. In SIGGRAPH, 2022. 3

[101] Zhaoming Xie, Jonathan Tseng, Sebastian Starke, Michiel
van de Panne, and C Karen Liu. Hierarchical planning
and control for box loco-manipulation. arXiv preprint
arXiv:2306.09532, 2023. 3

[102] Sirui Xu, Yu-Xiong Wang, and Liangyan Gui. Stochastic
multi-person 3d motion forecasting. In ICLR, 2023. 3

[103] Sirui Xu, Yu-Xiong Wang, and Liang-Yan Gui. Diverse
human motion prediction guided by multi-level spatial-
temporal anchors. In ECCV, 2022. 3, 5

[104] Xiang Xu, Hanbyul Joo, Greg Mori, and Manolis Savva.
D3D-HOI: Dynamic 3d human-object interactions from
videos. arXiv preprint arXiv:2108.08420, 2021. 3

[105] Zeshi Yang, Kangkang Yin, and Libin Liu. Learning to use
chopsticks in diverse gripping styles. ACM Transactions on
Graphics (TOG), 41(4):1–17, 2022. 3

[106] Yufei Ye, Xueting Li, Abhinav Gupta, Shalini De Mello,
Stan Birchfield, Jiaming Song, Shubham Tulsiani, and Sifei
Liu. Affordance diffusion: Synthesizing hand-object inter-
actions. In CVPR, 2023. 3

[107] Yufei Ye, Maneesh Singh, Abhinav Gupta, and Shubham
Tulsiani. Compositional video prediction. In ICCV, 2019.
3

[108] Ye Yuan and Kris Kitani. Diverse trajectory forecast-
ing with determinantal point processes. arXiv preprint
arXiv:1907.04967, 2019. 3

[109] Ye Yuan and Kris Kitani. DLow: Diversifying latent flows
for diverse human motion prediction. In ECCV, 2020. 3

[110] Ye Yuan, Jiaming Song, Umar Iqbal, Arash Vahdat, and Jan
Kautz. PhysDiff: Physics-guided human motion diffusion
model. In ICCV, 2023. 3, 4

[111] He Zhang, Yuting Ye, Takaaki Shiratori, and Taku Ko-
mura. ManipNet: neural manipulation synthesis with a
hand-object spatial representation. ACM Transactions on
Graphics, 40(4):1–14, 2021. 3

[112] Juze Zhang, Haimin Luo, Hongdi Yang, Xinru Xu,
Qianyang Wu, Ye Shi, Jingyi Yu, Lan Xu, and Jingya Wang.
NeuralDome: A neural modeling pipeline on multi-view
human-object interactions. In CVPR, 2023. 3

[113] Jianrong Zhang, Yangsong Zhang, Xiaodong Cun, Shaoli
Huang, Yong Zhang, Hongwei Zhao, Hongtao Lu, and Xi
Shen. T2M-GPT: Generating human motion from textual
descriptions with discrete representations. In CVPR, 2023.
3

[114] Jason Y Zhang, Sam Pepose, Hanbyul Joo, Deva Ramanan,
Jitendra Malik, and Angjoo Kanazawa. Perceiving 3d
human-object spatial arrangements from a single image in
the wild. In ECCV, 2020. 3

[115] Mingyuan Zhang, Zhongang Cai, Liang Pan, Fangzhou
Hong, Xinying Guo, Lei Yang, and Ziwei Liu. MotionDif-
fuse: Text-driven human motion generation with diffusion
model. arXiv preprint arXiv:2208.15001, 2022. 3, 4

[116] Mingyuan Zhang, Xinying Guo, Liang Pan, Zhongang Cai,
Fangzhou Hong, Huirong Li, Lei Yang, and Ziwei Liu. Re-
MoDiffuse: Retrieval-augmented motion diffusion model.
In ICCV, 2023. 3

[117] Xiaohan Zhang, Bharat Lal Bhatnagar, Sebastian Starke,
Vladimir Guzov, and Gerard Pons-Moll. COUCH: Towards
controllable human-chair interactions. In ECCV, 2022. 3

[118] Yan Zhang, Michael J Black, and Siyu Tang. We are more
than our joints: Predicting how 3d bodies move. In CVPR,
2021. 3, 5

[119] Yan Zhang and Siyu Tang. The wanderings of odysseus in
3d scenes. In CVPR, 2022. 3

[120] Zihan Zhang, Richard Liu, Kfir Aberman, and Rana
Hanocka. TEDi: Temporally-entangled diffusion for long-
term motion synthesis. arXiv preprint arXiv:2307.15042,
2023. 3

[121] Kaifeng Zhao, Shaofei Wang, Yan Zhang, Thabo Beeler,
and Siyu Tang. Compositional human-scene interaction
synthesis with semantic control. In ECCV, 2022. 3

[122] Kaifeng Zhao, Yan Zhang, Shaofei Wang, Thabo Beeler, ,
and Siyu Tang. Synthesizing diverse human motions in 3d
indoor scenes. In ICCV, 2023. 3

[123] Juntian Zheng, Qingyuan Zheng, Lixing Fang, Yun Liu,
and Li Yi. CAMS: Canonicalized manipulation spaces for
category-level functional hand-object manipulation synthe-
sis. In CVPR, 2023. 3

[124] Desen Zhou, Zhichao Liu, Jian Wang, Leshan Wang, Tao
Hu, Errui Ding, and Jingdong Wang. Human-object inter-
action detection via disentangled transformer. In CVPR,
2022. 3

[125] Keyang Zhou, Bharat Lal Bhatnagar, Jan Eric Lenssen, and
Gerard Pons-Moll. Toch: Spatio-temporal object-to-hand
correspondence for motion refinement. In ECCV, 2022. 3

[126] Yi Zhou, Connelly Barnes, Jingwan Lu, Jimei Yang, and
Hao Li. On the continuity of rotation representations in
neural networks. In CVPR, 2019. 6

[127] Fangrui Zhu, Yiming Xie, Weidi Xie, and Huaizu Jiang.
Diagnosing human-object interaction detectors. arXiv
preprint arXiv:2308.08529, 2023. 3

[128] Guangxiang Zhu, Zhiao Huang, and Chongjie Zhang.
Object-oriented dynamics predictor. In NeurIPS, 2018. 3

14940


