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A. Details of Our Two Synchronization Mech-
anisms

A.1. Diffusion Model Basics
Diffusion models [21] and its variants [4, 22], especially

latent diffusion, have been widely applied in different tasks,
such as high-resolution image generation [15] or video gen-
eration [5]. They simulate the data distribution by introduc-
ing a series of variables {xi}Ti=1 with different noise levels.
The forward noise process can be represented as

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI),

where 0 < βt < 1. We can derive that

xt =
√
ᾱtx0 +

√
1− ᾱtϵ,

where ϵ ∼ N (0, I), and ᾱt =
∏t

i=1(1− βi).
For the inference process, from T that is large enough

so that p(xT ) ≈ N (0, I), do reverse sampling step by step,
following

pθ(xt−1|xt) = N (xt−1;µθ(xt, t), σ
2
t I),

where µθ is the mean distribution center predicted by net-
work, and σ2

t is pre-defined constant variance. Then

xt−1 = µθ(xt, t) + σtz(z ∼ N (0, I)).

Finally we can get x0, which is the denoised sample.

A.2. Complete Proof of Our Two Synchronization
Mechanisms

The goal in this section consists of two aspects:
1) Illustrate how to define a set of alignment scores fea-

turing synchronization analogous to the commonly used
data sample scores in diffusion models, and derive the cor-
responding loss term Lalign in main text Section 3.5;

2) Prove that the explicit synchronization formulas in
main text Section 3.6 are equivalent to maximum total like-
lihood sampling on the newly computed Gaussian distri-
bution, where data sample scores and alignment scores are
jointly considered.
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Before we start, let’s derive some commonly used for-
mulas in diffusion models that we will need in our proof,
which the readers might not be familiar with. If you are fa-
miliar with the step-by-step denoising formula of diffusion,
you can skip directly to Eq 1 and 2.

Suppose the noise-adding process has a total of T steps,
with each step’s amplitude denoted by βt(t ∈ [T ]), we de-
fine αt = 1− βt, and ᾱt =

∏T
t=1 αt.

Then by basic principles of diffusion models, we have

xt ∼ N (
√
αtxt−1, (1− αt)I)

xt−1 ∼ N (
√
ᾱt−1x0, (1− ᾱt−1)I)

xt ∼ N (
√
ᾱtx0, (1− ᾱt)I)

According to Bayesian’s Formula,

q(xt−1|xt, x0) =
q(xt|xt−1)q(xt−1|x0)

q(xt|x0)

Taking negative logarithmic,

− log q(xt−1|xt, x0)

=
(xt −

√
αtxt−1)

2

2(1− αt)
+

(xt−1 −
√
ᾱt−1x0)

2

2(1− ᾱt−1)

− (xt −
√
ᾱtx0)

2

2(1− ᾱt)
+ Const

=

[
αt

2(1− αt)
+

1

2(1− ᾱt−1)

]
x2
t−1

− 2

[ √
αt

2(1− αt)
xt +

√
ᾱt−1

2(1− ᾱt−1)
x0

]
xt−1 + C(xt, x0)

△
= Ax2

t−1 +Bxt−1 + C

= A

(
xt−1 +

B

2A

)2

+ C
′

so

xt−1 ∼ N
(
− B

2A
,
1

2A
I

)
△
= N (µt, σ

2
t I)

where

µt = −
B

2A

=

√
αt

1−αt
xt +

√
ᾱt−1

1−ᾱt−1
x0

αt

1−αt
+ 1

1−ᾱt−1

=

√
αt(1− ᾱt−1)

αt(1− ᾱt−1) + 1− αt
xt +

√
ᾱt−1(1− αt)

αt(1− ᾱt−1) + (1− αt)
x0

=

√
αt(1− ᾱt−1)

1− ᾱt
xt +

√
ᾱt−1(1− αt)

1− ᾱt
x0

Since x0 = 1√
ᾱt
xt −

√
1−ᾱt√
ᾱt

ϵ,

µt =

[√
αt(1− ᾱt−1)

1− ᾱt
+

1− αt√
αt(1− ᾱt)

]
xt −

1− αt√
αt(1− ᾱt)

ϵ

=
1
√
αt

(
xt −

1− αt√
1− ᾱt

ϵ

)
(1)

σ2
t =

1

2A

=
1

αt

1−αt
+ 1

1−ᾱt−1

=
1− αt − ᾱt−1 − ᾱt

1− ᾱt

=
(1− αt)(1− ᾱt−1)

1− ᾱt

= βt
1− ᾱt−1

1− ᾱt

(2)

To define alignment scores and derive Lalign from it, we
first need to review how traditional diffusion models de-
rive the reconstruction loss term from data sample scores.
In fact, due to the overly simple form of the reconstruc-
tion loss, its profound mathematical background is often
overlooked. Like most generative models, the essence of
the reconstruction loss lies in optimizing the negative log-
likelihood− log pθ(x0), where θ is the model parameters,
and pθ(x0) is the probability of the model reconstructing the
data x0. However, due to the step-by-step denoising mech-
anism for diffusion models, it is challenging to directly op-
timize − log pθ(x0). The common approach is to optimize
the ELBO (Evidence Lower Bound) [21]. Note that



− Eq(x0) log pθ(x0)

= −Eq(x0) log

(∫
pθ(x0:T )dx1:T

)
= −Eq(x0) log

(∫
q(x1:T |x0)

pθ(x0:T )

q(x1:T |x0)
dx1:T

)
= −Eq(x0) log

(
Eq(x1:T |x0)

pθ(x0:T )

q(x1:T |x0)

)
≤ −Eq(x0:T ) log

pθ(x0:T )

q(x1:T |x0)

= Eq(x0:T )

[
log

q(x1:T |x0)

pθ(x0:T )

]
= Eq(x0:T )

[
log

q(xT |x0)
∏T

t=2 q(xt−1|xt, x0)

pθ(xT )
∏T

t=1 pθ(xt−1|xt)

]

= Eq(x0:T )

[
log

q(xT |x0)

pθ(xT )

+

T∑
t=2

log
q(xt−1|xt, x0)

pθ(xt−1|xt)
− log pθ(x0|x1)

]
= Eq [DKL(q(xT |x0)∥pθ(xT ))− log pθ(x0|x1)

+

T∑
t=2

DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt))

]

(3)

Our loss is primarily the error between the distribution pθ
predicted by the model during the reverse denoising process
and the true distribution q. It is well known that the KL
divergence between two Gaussian distributions N (µ1, σ

2
1),

N (µ2, σ
2
2) is given by

DKL(N (µ1, σ
2
1)||N (µ2, σ

2
2))

= log

(
σ2

σ1

)
+

σ2
1 + ∥µ1 − µ2∥22

2σ2
2

− 1

2

(4)

In our derivation, q(xt−1 | xt, x0) means the ground-
truth reverse process distribution, while pθ(xt−1 | xt) is our
predicted distribution in stepwise denoising. Their mean
values are referred to as µt and µ̂t, and the standard variance
σt is a predefined constant in DDPM [4]. Plug in q(xt−1 |
xt, x0) = N (µt, σ

2
t ), pθ(xt−1 | xt) = N (µ̂t, σ

2
t ), we have

DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt)) =
1

2σ2
t

∥µ̂t − µt∥22

In general, diffusion models predict the noise ϵ, but in
our setting, we need to define the alignment loss later. Thus,
it’s more convenient to direct predict x̂0, which is the result
after complete denoising. Note that

ϵ =
1√

1− ᾱt
(xt −

√
ᾱtx0),

so

µt =
1√
αt

(
xt −

1− αt√
1− ᾱt

ϵ

)
=

1√
αt

(
xt −

(1− αt)(xt −
√
ᾱtx0)

1− ᾱt

)
=

1√
αt

(
αt(1− ᾱt−1)

1− ᾱt
xt +

(1− αt)
√
ᾱt

1− ᾱt
x0

)
=

√
αt(1− ᾱt−1)

1− ᾱt
xt +

√
ᾱt−1βt

1− ᾱt
x0.

(5)

Similarly,

µ̂t =

√
αt(1− ᾱt−1)

1− ᾱt
xt +

√
ᾱt−1βt

1− ᾱt
x̂0.

Therefore,

DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt)) =
ᾱt−1β

2
t

2σ2
t (1− ᾱt)2

∥x0−x̂0∥22.

By removing the coefficient, it becomes our simple re-
construction loss. Note that in our implementation, we
split it into Ldc and Lac for separate supervision. Simi-
larly, in order to derive the alignment loss, our approach
is still to express the loss function as some form of negative
log-likelihood. Consider a triplet (x̂b1 , x̂b2 , x̂b2→b1), where
b1, b2 are two different bodies. We know that the defini-
tion of the score function is ∇ log p(x), which is just the
negative gradient of the negative log-likelihood. As stated
in the introduction part, we hope that this score function
can guide x̂b2→b1 towards rel(x̂b1 , x̂b2). A simple solu-
tion is to let x̂b2→b1 follow a distribution N (µ, σ2), where
µ = rel(x̂b1

, x̂b2
), and σ is a parameter that we can tune.

Note that a vector x̂ satisfying x̂ ∼ N (µ̂, σ2I) has the prob-
ability density function

p(x̂) =
1

(2π)d/2|σ2|1/2
exp

(
−1

2
(x̂− µ̂)⊤

(
σ2
)−1

(x̂− µ̂)

)
where d is the dimention of x̂. The negative log-likelihood
of p(x̂), − log p(x̂), can be written as

− log p(x̂) =
1

2σ2
∥x̂− µ̂∥22

It is not difficult to obtain that the negative log-likelihood
is 1

2σ2 ∥x̂b2→b1 − rel(x̂b1 , x̂b2)∥22. Summing up for all such
pairs (b1,b2), and removing the coefficients, we can derive
the alignment loss



Lalign =
∑

j1,j2∈[1,m],j1 ̸=j2

∥x̂oj2→oj1
− rel(x̂oj1

, x̂oj2
)∥22

+
∑

i∈[1,n],j∈[1,m]

∥x̂hi→oj − rel(x̂oj , x̂hi
)∥22.

(6)
Next, let’s prove the equivalence between the explicit

synchronization formulas and maximum total likelihood
sampling in inference. In our task, during the inference pro-
cess, suppose we want to derive x̂

′
= x̂t−1 from x̂ = x̂t, we

first use the denoising backbone to predict the mean value
of distribution µ̂ = µ̂t.

In our task, x̂
′
= [x̂

′

o1 , x̂
′

o2 , . . . , x̂
′

om , x̂
′

h1
, x̂

′

h2
, . . . , x̂

′

hn
,

x̂
′

o1→o2 , x̂
′

o1→o3 , . . . , x̂
′

om→om−1
, x̂

′

h1→o1
, x̂

′

h1→o2
, . . . ,

x̂
′

hn→om
], and µ̂ = [µ̂o1 , µ̂o2 , . . . , µ̂om , µ̂h1 , µ̂h2 , . . . , µ̂hn ,

µ̂o1→o2 , µ̂o1→o3 , . . . , µ̂om→om−1
, µ̂h1→o1 , µ̂h1→o2 , . . . ,

µ̂hn→om ], so

1

2σ2
∥x̂

′
− µ̂∥22 =

1

2σ2

(
n∑

i=1

∥x̂
′

hi
− µ̂hi

∥22

+

m∑
j=1

∥x̂
′

oj − µ̂oj∥22

+
∑

j1,j2∈[1,m],j1 ̸=j2

∥x̂
′

oj2→oj1
− µ̂oj2→oj1

∥22

+
∑

i∈[1,n],j∈[1,m]

∥x̂
′

hi→oj − µ̂hi→oj∥22


On the other side, the negative logarithm of alignment

likelihood is defined as

Palign =

|V |∑
v=1

λv∥cv − av ◦ bv∥22

where λv∈[1,V ] are a hyperparameters, {(av, bv, cv)}|V |
v=1 is

the set consisting of all triplets (x̂
′

b1
, x̂

′

b2
, x̂

′

b2→b1
), where cv

can be computed by av and bv through combination oper-
ation or relative operation. For example, if av = x̂

′

o1 and

bv = x̂
′

o2 , then cv = x̂
′

o2→o1 , and av ◦ bv = rel
(
x̂

′

o1 , x̂
′

o2

)
.

If av = x̂
′

o1 and bv = x̂
′

h1→o1
, then cv = x̂

′

h1
, and

av ◦ bv = comb
(
x̂

′

o1 , x̂
′

h1→o1

)
. The alignment likelihoods

encompass the likelihoods of all binary computational rela-
tionships. Note that the alignment negative log-likelihood
here is different from alignment loss Lalign in the main text,
which only considers relative operations rel, without combi-
nation operations comb. The intrinsic mathematical mean-
ing of one item λv∥cv − av ◦ bv∥2 is similar to the above

derivations of Lalign, where we let cv follow a Gaussian dis-
tribution with a mean of µ̂ = av ◦ bv and a variance of
σ2 = 1

2λv
.

Now consider fixing some cv = x̂
′′

(This is the mo-
tion of one single body, which is different from x̂ and
x̂

′
, the representation comprising of all individual/relative

motions). It might be computed by K pairs of (ak, bk).
Take x̂

′′
= x̂

′

o1 as an example. Here K = m − 1, and
(a1, b1) = (x̂

′

o2 , x̂
′

o1→o2), (a2, b2) = (x̂
′

o3 , x̂
′

o1→o3), . . . ,
(am−1, bm−1) = (x̂

′

om , x̂
′

o1→om). We need to simultane-
ously make x̂

′′
as close as possible to the corresponding

part µ̂
′′
= µ̂o1 in µ̂ predicted by the diffusion model, while

ensuring that x̂
′′

aligns with each predicted pair (ak, bk).
Add these terms together, maximizing total likelihood (the
combination of data sample likelihood and alignment like-
lihoods) is equivalent to minimizing

Px̂′′ =
1

2σ2
∥x̂

′′
− µ̂

′′
∥22 +

K∑
k=1

λk∥x̂
′′
− ak ◦ bk∥22

A problem here is that µ̂ is predicted by the model based
on the result of step t, but (a1, b1), . . . , (aK , bK) all belong
to step (t − 1) along with x̂

′′
. Here, we make an assump-

tion that x̂t and x̂t−1 are close, so that we can take (a1, b1),
(a2, b2), . . . , (aK , bK) from x̂t = x̂.

Denote µ̂
′′

as f0, and a1 ◦ b1, a2 ◦ b2, . . . , aK ◦ bK as
f1, f2, . . . , fK . Here f0, f1, . . . , fK are all deterministic
values calculated from some certain parts of x̂t. Also let
λ0 = 1

2σ2 , then

Px̂′′ =

K∑
k=0

λk∥x̂′′ − fk∥22

=

K∑
k=0

λk

(
x̂′′⊤x̂′′ − 2f⊤

k x̂′′ + f⊤
k fk

)
=

(
K∑

k=0

λk

)
∥x̂′′∥22 − 2

(
K∑

k=0

λkfk

)⊤

x̂′′ +
K∑

k=0

λk∥fk∥22

This can be viewed as the negative log-likelihood of a
new Gaussian distribution x̂′′ ∼ N (µ̂′, σ′2), where

µ̂′ =

K∑
k=0

λk

K∑
k=0

λk

fk

σ′2 =
1

2

(
K∑

k=0

λk

)
Finally, it’s time to consider the specific body types for

calculation.



1. For individual motions of rigid body oj(j ∈ [1,m])
(Here we assume that m > 1, otherwise there is no need
for explicit synchronization on this part), relevant pairs of
(ak, bk) consist of (x̂o

j
′ , x̂oj→o

j
′ )(j

′ ̸= j). λ0 = 1
2σ2 ,

λ1 = λ2 = · · · = λm−1 = λ
m−1 . Here λ is an empirical

value, satisfying

λ =
λexp

R

R∑
r=1

1

2σ2
tr

where 1 ≤ t1 < t2 < · · · < tR ≤ T are the synchroniza-
tion timesteps, and σt1 , σt2 , . . . , σtR are the original corre-
spondent standard variances(without synchronization). The
value of hyperparameter λexp can be found in Table 15.
Therefore,

µ̂
′

oj

=
1

1
2σ2 + λ

λ0µ̂oj +
∑
j′ ̸=j

λ

m− 1
comb

(
x̂o

j
′ , x̂oj→o

j
′

)
=

1

1 + 2σ2λ
µ̂oj +

2
m−1σ

2λ

1 + 2σ2λ

∑
j′ ̸=j

comb
(
x̂o

j
′ , x̂oj→o

j
′

)
2. For individual motions of articulated skele-

ton hi(i ∈ [1, n]), relevant pairs of (ak, bk) consist of
(x̂oj , x̂hi→oj )(j ∈ [1,m]). λ0 = 1

2σ2 , λ1 = λ2 = · · · =
λm = λ

m . Therefore,

µ̂
′

hi
=

1
1

2σ2 + λ

λ0µ̂hi
+

∑
j∈[1,m]

λ

m
comb

(
x̂oj , x̂hi→oj

)
=

1

1 + 2σ2λ
µ̂oj +

2
mσ2λ

1 + 2σ2λ

∑
j∈[1,m]

comb
(
x̂oj , x̂hi→oj

)
3. For relative motions, there is only one relevant pair

of (ak, bk), where ak and bk are both individual motions,
which can obtain the relative motion through relative com-
position. Here λ0 = 1

2σ2 , λ1 = λ. Therefore,

µ̂
′

oj→o
j
′ =

1
1

2σ2 + λ

(
λ0µ̂oj→o

j
′ + λ1rel

(
x̂o

j
′ , x̂oj

))
=

1

1 + 2σ2λ
µ̂oj→o

j
′ +

2σ2λ

1 + 2σ2λ
rel
(
x̂o

j
′ , x̂oj

)

µ̂
′

hi→oj =
1

1
2σ2 + λ

(
λ0µ̂hi→oj + λ1rel

(
x̂oj , x̂hi

))
=

1

1 + 2σ2λ
µ̂hi→oj +

2σ2λ

1 + 2σ2λ
rel
(
x̂oj , x̂hi

)
For the derivation of x̂

′
, we only need to add noise

σ
′
ϵ(ϵ ∼ N (0, I)) to µ̂

′
, where

σ
′
=

√
1

2
(

1
2σ2 + λ

) =

√
σ2

1 + 2σ2λ

Thus, we have completed the proof. □

A.3. Algorithm for Explicit Synchronization
To help readers better understand the process of explicit

synchronization in inference, we have specially prepared
Algorithm 1 here.

B. Supplementary Experiments
B.1. Results on BEHAVE [1] Dataset

Due to space constraints in the main text, we do not
demonstrate the results on the BEHAVE dataset. Here, we
provide a more detailed explanation. Since the default hu-
man skeleton representation in BEHAVE is SMPL-H [17],
we first converted it to SMPL-X [10] using the method pro-
vided in the official code repository. After conversion, we
are able to preprocess, train, and infer in a manner similar
to CORE4D.

The comparison results between SyncDiff and the two
baselines on CRR, FID, and RA are shown in Table 1.

Method CRR(%, ↑) FID(↓) RA (%, ↑)
Ground-truth 13.02 0.03 97.78
OMOMO [7] 8.81 6.19 68.89
CG-HOI [3] 8.64 5.50 70.00

Ours 10.29 4.45 81.11

Table 1. Results on BEHAVE [1] dataset. The best in each column
is highlighted in bold.

It can be observed that the comparison between our
method and baselines on BEHAVE [1] is similar to that on
CORE4D [24], with our method leading in both contact ac-
curacy and semantic realism compared to OMOMO [7] and
CG-HOI [3]. For visual results, please refer to our static
website.

B.2. User Study On Five Datasets
As is mentioned in the experiment part of the main text,

in order to evaluate semantic correctness of synthesized in-
teractions from a perceptual aspect, we conduct a user study,
comparing our method with all other baselines.

There are 10 different splits in our experiments (TACO
splits 1-4, CORE4D splits 1-2, OAKINK2 test split, GRAB
splits of unseen subjects/objects, BEHAVE test split). We
randomly draw 15 samples per split, resulting in a total of
150 different questions (15 × 10). Each question requires
participants to choose the best option among Ours and all
other baselines, based primarily on “Completion, Realism,
and Naturalness”. If the decision is difficult to make, partic-
ipants are also instructed to consider “additional misalign-
ments such as interpenetration, contact loss, jitter”. 150



Algorithm 1 Explicit Synchronization

1: procedure EXP SYNC(cond)
2: λ← 0, R← 0
3: for t← T to 1 do
4: if t mod s = ⌊s/2⌋ then
5: λ← λ+ 1

2σ2
t

, R← R+ 1

6: end if
7: end for
8: λ← λexp · λR
9: x̂T ∼ N (0, I)

10: for t← T to 1 do
11: µ̂← Denoise(x̂t)
12: if t mod s = ⌊s/2⌋ then
13: λ0 ← 1

1+2σ2
tλ

, λ1 ← 2σ2
tλ

1+2σ2
tλ

14: x̂
′ ← λ0 · µ̂

15: for j ← 1 to m do
16: if m = 1 then
17: x̂

′

oj ← x̂
′

oj + λ1 · µ̂oj

18: else
19: for j

′ ̸= j do
20: x̂

′

oj ← x̂
′

oj + λ1

m−1 ·
comb

(
x̂o

j
′ , x̂oj→o

j
′

)
21: x̂

′

oj→o
j
′ ← x̂

′

oj→o
j
′ + λ1 ·

rel
(
x̂o

j
′ , x̂oj

)
22: end for
23: end if
24: end for
25: for i← 1 to n do
26: for j ← 1 to m do
27: x̂

′

hi
← x̂

′

hi
+ λ1

m ·
comb

(
x̂oj , x̂hi→oj

)
28: x̂

′

hi→oj
← x̂

′

hi→oj
+ λ1 ·

rel
(
x̂oj , x̂hi

)
29: end for
30: end for
31: σ

′ ←
√

σ2
t

1+2σ2
tλ

32: else
33: x̂

′ ← µ̂
34: σ

′ ← σt

35: end if
36: ϵ ∼ N (0, I)
37: x̂

′ ← x̂
′
+ σ

′ · ϵ
38: x̂t−1 ← x̂

′

39: end for
40: end procedure

different individuals are involved, and each is assigned 10
different questions, where the option orders are randomly

shuffled. Our mechanism guarantees that each question is
answered by exactly 10 different agents. Figure 1 shows
the times each method voted as the “best” in each split.

From the data of User Study (which is also corroborated
by other metrics such as contact-based metrics and metrics
regarding semantics), it can be observed that for datasets
with fewer bodies, like GRAB or BEHAVE, the gap be-
tween our method and the baselines is not as significant as
in datasets with more bodies. This is because, as the number
of bodies increases, the requirements for synchronization
become higher, and the interaction patterns between rigid
objects become more complex, necessitating explicit mod-
eling of high-frequency components through frequency de-
composition, as well as those synchronization mechanisms.
In such scenarios, the advantages of our method are more
prominently demonstrated.

B.3. Determine the cutoff boundary L for Fre-
quency Decomposition

In frequency decomposition (main text Section 3.3), we
discard signals with frequencies higher than ϕL/2π, where
ϕL = L/N , and L is the cutoff boundary. We analyzed
the impact of different L on the maximum error ϵ, which
is averaged on the dimension of N (number of frames) and
takes the maximum across all degrees of freedom (the di-
mension of Dsum). The errors listed in Table 2 are averaged
over all data samples in the datasets and are measured in
millimeters.

L TACO CORE4D OAKINK2 GRAB CG-HOI
6 8.3 33.1 6.1 8.4 11.5
8 6.8 15.3 4.9 6.9 7.8
12 4.9 13.4 3.7 5.1 6.8
16 3.9 11.4 3.0 4.0 5.9
20 3.2 9.0 2.6 3.2 5.2
25 2.6 7.2 2.2 2.6 4.8

Table 2. Results for the impact of different L on maximum error.

Our goal is to minimize L, provided that the error be-
tween filtered and raw motions remains negligible relative
to the original signal amplitude. To strike a balance be-
tween motion representation fidelity and simplicity, as well
as filtering of too high-frequency noise in mocap datasets,
in practice, we take L = 16.

B.4. Determine the Interval s for Explicit Synchro-
nization and Computational Cost for the Pro-
cess

In explicit synchronization (main text Section 3.6), to
balance inference speed and performance, we choose a hy-
perparameter s(s << T ), where T = 1000 is the total
number of denoising steps, which means we only perform
explicit synchronization operations every s step, R = T/s
times in total.



Figure 1. User study results on different dataset splits.

We conduct experiments on TACO Split 1 using different
s, as shown in Table 3. RA refers to recognition accuracy.
To reduce computational cost without affecting the seman-
tic accuracy of synthesized motions too much, in practice,
we choose s = 50.

Here we also list the computational cost comparison be-
tween SyncDiff and each baselines. We test inference speed
on a single NVIDIA A40 GPU for synthesizing a 200-frame

sequence. Time consumption across different methods are
shown in Tables 4 and 5.

It can be observed that computational cost of SyncD-
iff is no worse than most baselines, since specific designs
like contact guidance (CG-HOI) or multi-stage synthesis
(OMOMO / MACS / DiffH2O) are circumvented. Compar-
ison to “w/o exp sync” shows that the exp sync operation
applied every s = 50 steps adds modest time cost of less



s Inference time per sample(s) RA(%, ↑)
1 88.5 74.04
5 22.2 73.91
10 14.2 74.09
50 7.6 73.28
100 6.7 72.15
500 6.1 70.52

w/o exp 5.9 67.27

Table 3. Results for different s on TACO Split 1.

Method
Dataset

CORE4D BEHAVE

OMOMO 7.1s 5.9s
CG-HOI 10.7s 7.6s

SyncDiff (Ours) 6.5s 4.2s
w/o exp sync 5.4s 3.6s

Table 4. Inference time for a 200-frame human-object-interaction
sequence.

Method
Dataset

TACO OAKINK2 GRAB

MACS 7.4s 7.0s 5.7s
DiffH2O 8.6s 8.9s 7.4s

SyncDiff (Ours) 7.7s 7.3s 6.6s
w/o exp sync 5.9s 5.6s 5.4s

Table 5. inference time for a 200-frame hand-object-interaction
sequence.

than 25%.

B.5. Check the Reconstruction Quality of High-
frequency Components

From the comparison between Ours and “w/o decom-
pose” in the main text and supplementary videos, we can
clearly see that if high-frequency components are not ex-
plicitly modeled, the motion trajectory tends to miss subtle
high-frequency details, which are crucial for the accuracy
of motion semantics. For example, the spatula merely con-
tacts and gets stuck on the plate instead of moving back and
forth to complete the scrape off motion; similarly, when a
person walks, his/her legs fail to alternate properly and in-
stead slide forward like “ice skating”.

However, frequency decomposition consists of 1) the
filter of too high-frequency noise, and 2) the explicit fre-
quency domain representation (xF) of high-frequency com-
ponents with semantics (xac), where the former is relatively
trivial. We need to decouple the contributions of them in
further ablation studies. Additionally, a noteworthy phe-
nomenon is that, compared to the baselines, our method ex-
hibits less jitter (See videos of CORE4D/OAKINK2/GRAB
“comparison to baselines”), which could be attributed to ei-

ther the filter of too high-frequency noise or the two syn-
chronization mechanisms. It is essential to investigate the
core source of this effect.

Identifying the source of less jitter is relatively straight-
forward. It is noted that the motion trajectories for training
in the “w/o decompose” scenario includes those too high-
frequency noise (See Section C.4). However, as observed
in the “w/o decompose” videos of TACO, there is almost no
large-scale jitter in the synthesized motions, with the only
issue being the absence of high-frequency interactions be-
tween objects. This is because, in the “w/o decompose” ex-
periments, both synchronization mechanisms are effective,
ensuring that the generated motions are sufficiently aligned
and thus reducing jitter. Conversely, in the OAKINK2 ab-
lation studies of synchronization, whether it’s “w/o align
loss” or “w/o exp sync,” the use of frequency decomposi-
tion also removes too high-frequency noise, yet it still re-
sults in greater jitter compared to the complete SyncDiff
(Ours). This sufficiently demonstrates that the contribution
to less jitter is primarily due to the synchronization mech-
anisms, rather than the filter of too high-frequency noise.
A more straightforward method of verification is to ob-
serve that the errors in Table 2 caused by the filter of too
high-frequency noise are almost negligible compared to the
scales of the motions, indicating that this operation theoret-
ically has minimal impact on the model’s performance.

To decouple the effects of the frequency-domain based
representation and the filter of too high-frequency noise
from a more strict aspect, we conduct the following exper-
iments. Besides “w/o decompose”, we add “simply filter”,
which replaces xt in “w/o decompose” with xt,dc + xt,ac,
simulating the effect of filtering too high-frequency noise.
“Only dc” replaces xt with xt,dc, simulating the effect of
using no high-frequency signals (including those with se-
mantics).

Experiment 1: On the four test splits of TACO, we only
add noise for no larger than 200 steps (where the full train
pipeline needs 1000 steps), and examine the reconstruction
ability of different methods. For any predicted motion tra-
jectory x̂, we decompose it as described in main text Sec-
tion 3.3, to obtain the high-frequency component x̂ac. We
then examine the discrepancy between x̂ac and the ground
truth xac. The experimental results on the four splits of
TACO are shown in Table 6, proving that explicitly rep-
resenting high-frequency signals with semantics in the fre-
quency domain indeed improves the effect of reconstruc-
tion.

Experiment 2: We test the semantic quality of synthe-
sized motions on the four test splits of TACO. The experi-
mental setting is the same as Table 1 in the main text. Re-
sults are shown in Table 7. We can clearly see that fre-
quency decomposition enhances the semantic quality of the
synthesized motion, and this can not be achieved by merely



Error (cm, ↓)
Method Test1 Test2 Test3 Test4

MACS [20] 2.43 2.37 3.11 2.74
DiffH2O [2] 1.74 2.08 3.12 3.31

Ours 1.99 1.63 2.24 2.25
w/o decomp 2.68 3.28 4.12 3.72
simply filter 3.23 3.28 3.64 3.77

only dc 5.42 4.87 6.17 5.89

Table 6. Reconstruction of high-frequency components on
TACO [9] dataset. The best in each column is highlighted in bold.

FID (↓) RA (%, ↓)
Method Test1 Test2 Test3 Test4 Test1 Test2 Test3 Test4

MACS [20] 10.56 23.24 32.18 42.37 58.40 53.08 33.00 19.02
DiffH2O [2] 4.34 17.04 24.92 39.20 61.40 56.70 43.67 28.15

Ours 2.70 2.68 22.96 30.23 73.28 85.92 46.90 40.12
w/o decomp 6.44 21.21 28.67 49.58 56.60 51.85 40.02 22.18
simply filter 7.87 20.38 29.35 37.69 54.71 53.08 39.66 22.34

only dc 42.83 54.62 88.47 85.02 30.26 31.44 25.86 19.74

Table 7. Semantic quality of ablation studies on TACO [9] dataset.
The best in each column is highlighted in bold.

removing too high-frequency noise.

C. Eliminated Details in the Main Text
C.1. Formulas for rel and comb

In main text Section 3.5, 3.6, for two distinct bodies a
and b, we define rel(xa, xb) as b’s motion relative to a, and
let comb(xa, xb→a) utilize the individual motion of a and
relative motion between b and a to compute b’s motion.
The detailed expressions are shown below:

If a = oj1 and b = oj2 are two rigid objects, whose mo-
tions are xoj1

= [toj1 ,qoj1
] and xoj2

= [toj2 ,qoj2
], denote

xoj2→oj1
= [toj2→oj1

,qoj2→oj1
], then rel(xoj1

, xoj2
) =[

q−1
oj1

(toj2 − toj1 ),q−1
oj1

qoj2

]
, comb(xoj1

, xoj2→oj1
) =

[qoj1
toj2→oj1

+ toj1 ,qoj1
qoj2→oj1

].
If a = oj is rigid object, and b = hi is an articulated

skeleton, let xoj = [tj ,qj ], and denote the motion for one
of the joints in xhi as phi

, the motion for one of the joints in
xhi→oj as phi→oj

. We have rel(xoj ,phi
) = q−1

j1
(phi
−tj1),

comb(xoj ,phi→oj
) = qoj

phi→oj
+ toj .

Note that a must be a rigid object, in order to define a
coordinate system based on its transformation matrix. More
details can be found in Section E.1. Also, rel (x̂a, x̂b) is dif-
ferent from x̂b→a. The former is calculated based on the
predicted motion of a and b, which should approach x̂b→a
in order to foster synchronization. The latter is directly pre-
dicted by the diffusion model, which should fit the distribu-
tion of ground-truth xb→a, in order to increase data fidelity.
Similar arguments hold for comb.

C.2. Post Process: Mesh Reconstruction
For tasks such as robot learning, the joint information for

articulated skeletons (hands/humans) is already sufficient.

Post processing methods like Reinforcement Learning (RL)
or Imitation Learning (IL) can further guide the model to
generate physically realistic data with the help of physics-
based simulations. Therefore, in such scenarios, we can di-
rect use x̂hi∈[1,n]

as predicted results. However, for tasks
like animation production or VR/AR, it is necessary to re-
construct the full meshes. In this section, we introduce how
to reconstruct MANO hand mesh or SMPL-X human body
mesh of natural shape from the predicted joint positions
RN×D×3, where N and D are the number of frames and
joints.

MANO Hand Mesh Reconstruction. For one sin-
gle hand, suppose the predicted joint positions are x̂ ∈
RN×21×3. We start with tunable MANO [16] parameters
for joint pose θ ∈ RN×45, global orientation R ∈ RN×3

and translation l ∈ RN×3, which are all set to zero tensors
initially. We freeze hand shape β ∈ R10. During the opti-
mizing process, let the current calculated joint positions be
K ∈ RN×21×3 based on θ, R, and l. We want to minimize

LMANO = λposLpos + λangleLangle + λvelLvel

Here

Lpos =

N∑
t=1

21∑
i=1

∥x̂t,i −Kt,i∥22

which minimizes the difference between joint positions K
from MANO calculation and our predicted results x̂.

Langle =

N∑
t=1

45∑
i=1

[max(θt,i − ui, 0) + max(di − θt,i, 0)]

where (di, ui) is the permitted rotation range for the i-th
degree of freedom. This loss item ensures that the rotation
angle of each joint remains within permittable limits, pre-
venting unreasonable distortions.

Lvel =

N−1∑
t=1

∥lt − lt+1∥22

which keeps the positions at adjacent timesteps close to en-
sure a smooth trajectory without abrupt changes.

SMPL-X Human Body Mesh Reconstruction. Sim-
ilar to MANO in hand pose representation, for human
body pose representation, we also have SMPL-X [10]
representation. It is composed of a set of parameters
(θ,R, l, θleft, θright), where the body pose θ ∈ RN×21×3 rep-
resents the 21 joint orientations(except root), R, l ∈ RN×3

are global orientation and translation, and θleft, θright ∈
RN×12 are compressed representations of two hands. Hu-
man shape parameters β ∈ R10 are given, while x̂ ∈
RN×22×3 denotes the joint positions we predict.



Due to the flexibility of human body poses, to recon-
struct the human body mesh, we not only need joint po-
sitions but also joint orientations. Therefore, we need to
introduce additional N × 21× 3 degrees of freedom to ev-
ery xhi

(i ∈ [1, n]), representing the predicted human body
pose θ̂ under SMPL-X. These degrees of freedom are also
predicted by the diffusion model, but they only participate
in the decomposition process and do not get involved in our
two synchronization mechanisms.

Similar to hand mesh reconstruction, we start with tun-
able SMPL-X parameters R, l, θleft, θright, which are all set
to zero tensors. We freeze hand shape β ∈ R10 and θ = θ̂.
During the optimizing process, let the current calculated
joint positions be K ∈ RT×22×3 based on R, l, θleft, θright.
We want to minimize

LSMPL-X = λposLpos + λvelLvel

Here

Lpos =

T∑
t=1

22∑
i=1

∥x̂t,i −Kt,i∥22

which minimizes the difference between joint positions
from SMPL-X calculation and our predicted results.

Lvel =

T−1∑
t=1

∥lt − lt+1∥22

which keeps the trajectory smooth.
The hyperparameters involved in the mesh reconstruc-

tion process can be found in Table 8 and 9.

Parameter TACO OAKINK2 GRAB
Optimizer AdamW, lr = 0.01

Epoch 5k 8k 5k
λpos 1 1 1
λangle 0.2 0.2 0.05
λvel 0.03 0.03 0.02

Table 8. Hyperparameters for MANO hand mesh reconstruction.

Parameter CORE4D BEHAVE
Optimizer AdamW, lr = 0.001

Epoch 5k 2k
λpos 3 1
λvel 0.1 0.1

Table 9. Hyperparameters for SMPL-X human body mesh recon-
struction.

C.3. A Brief Introduction to BPS Algorithm

As is discussed in the main text, we use the Basis Point
Set (BPS) [11] algorithm to encode the geometric features
of rigid bodies. Compared to pretrained models like Point-
Net [12] and PointNet++ [13], BPS is more lightweight and
compact. It does not rely on any data-driven methods and
places greater emphasis on object surface features, which is
crucial in our relative motion synthesis.

Its working principle is as follows: First, a large enough
sphere is chosen such that when its center coincides with
any object’s centroid, it can fully contain the object. In prac-
tice, we choose radius r = 1m. Then, 1024 points are ran-
domly sampled from the sphere’s volume. BPS represen-
tation is computed by calculating the difference from each
sampled point to the nearest point on the object’s surface.
This results in a vector of size R1024×3.

C.4. Details for Ablation Studies

In our experiments in main text Section 4, there are
three categories of ablation studies: “w/o decompose”, “w/o
Lalign”, and “w/o exp sync”.

“w/o decompose” means that we direct concatenate the
condition vector with xt, which substitute the position of
xt,dc in the pipeline figure, and eliminate the branch of xF
or xac. Note that xt ̸= xt,dc + xt,ac, as xt includes the
components with frequencies higher than ϕL/2π, where
ϕL = L/N , and L is the cutoff boundary.

“w/o Lalign” means that we eliminate the term λalignLalign
in total loss.

“w/o exp sync” means that we perform normal denois-
ing steps every time, without explicit synchronization steps.
This can be equivalently interpreted as s = +∞.

C.5. Pseudocode for CSR, CRR, and CSIoU

In this section, we will provide a detailed description for
three contact-based metrics: CSR, CSIoU, and CRR.

First, we define two types of contact: surface contact and
root contact. Here o is one single object mesh sequence
of size RN×M×3, where M is the number of vertices on
its mesh. h is hand mesh sequence of size RN×778×3 in
Contact Surface, while it denotes trajectories of root joints
of two hands of size RN×2×3 in Contact Root, as shown in
Algorithm 2.

Based on these contact definitions, it comes to the cal-
culation of the three metrics. Here o is the object mesh se-
quence list of length m, and h is the hand mesh sequence or
human hand root joint sequence list of length n. o

′
and h

′

are corresponding ground-truth versions. The calculation is
shown in Algorithm 3.



Algorithm 2 Contact Definitions
1: procedure CONTACT SURFACE(o, h)
2: c← 0
3: for t← 1 to T do
4: d← min

v1∈[1,M ],v2∈[1,778]
∥ot,v1 − ht,v2∥2

5: if d ≤ 5mm then
6: ct ← 1
7: end if
8: end for
9: return c

10: end procedure
11: procedure CONTACT ROOT(o, h)
12: c← 0
13: for t← 1 to T do
14: d1 ← min

v∈[1,M ]
∥ot,v − ht,1∥2

15: d2 ← min
v∈[1,M ]

∥ot,v − ht,2∥2
16: if max(d1, d2) ≤ 3cm then
17: ct ← 1
18: end if
19: end for
20: return c
21: end procedure

D. Important Statistics
D.1. Dataset Statistics

The sizes of each dataset split are shown in Table 10.

Dataset Statistics
TACO train:test1:test2:test3:test4

=1035:238:260:403:610
CORE4D train:test1:test2=483:197:195
OAKINK2 train:val:test=1884:167:723
GRAB train:val:test=992:198:144 (Unseen Subject)

train:test=1126:208 (Unseen Object)
BEHAVE train:test=231:90

Table 10. Dataset statistics.

D.2. Hyperparameters in Model Architecture
Action/object Label Feature Extraction Branch. Ac-

tion/object label features are first encoded by pretrained
CLIP [14], and then pass through a 2-layer MLP. Specific
parameters are shown in Table 11.

Object Geometry Feature Extraction Branch. Object
geometry features are first encoded by pretrained BPS [11],
and then pass through a 2-layer MLP. Specific parameters
are shown in Table 12.

Noise Timestep Embedding Module. Detailed archi-
tecture is shown in Table 13.

Transformer Encoder-Decoder. Concatenate action

Algorithm 3 Metric Calculation
1: procedure CSR(o, h)
2: CSR← 0
3: for i← 1 to n do
4: c← 0
5: for j ← 1 to m do
6: c← c ∨ Contact Surface(oj , hi)
7: end for

8: CSR← CSR + 1
T

T∑
t=1

ct

9: end for
10: return CSR/n
11: end procedure
12: procedure CSIOU(o, h, o

′
, h

′
)

13: CSIoU← 0
14: for i← 1 to n do
15: c1← 0, c2← 0
16: for j ← 1 to m do
17: c1 ← c1 ∨ Contact Surface(oj , hi)

18: c2 ← c2 ∨ Contact Surface(o
′

j , h
′

i)
19: end for
20: CSIoU← CSIoU + IoU(c1, c2)
21: end for
22: return CSIoU/n
23: end procedure
24: procedure CRR(o, h)
25: CRR← 0
26: for i← 1 to n do
27: c← 0
28: for j ← 1 to m do
29: c← c ∨ Contact Root(oj , hi)
30: end for

31: CRR← CRR + 1
T

T∑
t=1

ct

32: end for
33: return CRR/n
34: end procedure

Component Description
CLIP Type ViT-B/32
Raw Feature Space Dimension 512
MLP Architecture Linear(512, 512)

ReLU()
Linear(512, 128)

Table 11. Hyperparameters in label feature extraction branch.

label features, object label features (for m rigid objects), ob-
ject geometry features (for m rigid objects), and the shape
parameters β of n articulated skeletons to form a condition
vector, whose shape is R128×(2m+1)+10n, as is mentioned
in main text Section 3.4. After replicating and concatenat-
ing with padding mask, xdc and xF, the dimension becomes



Component Description
Raw Feature Space Dimension 1024× 3
MLP Architecture Linear(1024× 3, 512)

ReLU()
Linear(512, 128)

Table 12. Hyperparameters in rigid body geometry feature extrac-
tion branch.

Component Description
Timestep Embedder SinusoidalPosEmbedding(64)

Linear(64, 256)
GeLU()
Linear(256, 1024)

Table 13. Hyperparameters in noise timestep embedding.

RN×(128(2m+1)+10n+7m+3Dn+7m(m−1)+3Dmn+1) =
RN×(128(2m+1)+10n+Dsum+1) = RN×C . The architecture
of the transformer encoder-decoder is shown in Table 14.

Component Description
Encoder Conv1D(C, 512)
Latent Transformer 4-layer, 8-head, 1024-dim
Decoder Linear(512, Dsum)

Table 14. Hyperparameters in the transformer encoder-decoder.

Note that after xdc and xF (concatenating with the con-
dition vector) passes through the encoder, their shapes be-
comes N × 512. Concatenating them together results in a
latent vector of shape N × 1024, which can be affiliated by
the noise embedding, whose dimension is 1024.

D.3. Training and Inference Hyperparameters
Other important hyperparameters for training and infer-

ence process are shown in Table 15.

Parameter TACO CORE4D OAKINK2 GRAB BEHAVE
Batch Size 32
Optimizer Adam, lr = 0.0001, ema decay = 0.995

Epoch 250k 140k 280k 100k 100k
λDC 1 1 1 1 1
λAC 2.5 0.8 0.8 0.3 0.8
λnorm 0.1 0.1 0.1 0.1 0.1
λalign 0.3 0.3 0.3 0.15 0.15
λexp 0.3 0.3 0.3 0.3 0.3

Diffusion α ∈ [0.0001, 0.01], Uniform

Table 15. Hyperparameters for training and inference process in
SyncDiff.

D.4. Time and Space Cost, Hardware Configura-
tions

We conduct experiments on NVIDIA A40. All opera-
tions can be performed on a single GPU.

Time and Space Cost for Training and Inference. The
training time, average inference time per sample, and GPU
memory usage during training are detailed in Table 16.

Cost TACO CORE4D OAKINK2 GRAB BEHAVE
Training 20.7h 9.5h 40.1h 7.9h 3.7h
Inference 7.7s 6.5s 7.3s 6.6s 4.2s
Memory 6.11G 5.07G 8.59G 4.93G 3.67G

Table 16. Time and space costs for training and inference process
in SyncDiff on different datasets.

Time and Space Cost for Mesh Reconstruction. Time
and space cost of performing mesh reconstruction for a mo-
tion sequence of N = 200 frames are shown in Table 17.

Cost TACO CORE4D OAKINK2 GRAB BEHAVE
Time 130s 144s 206s 130s 74s

Memory 492M 826M 492M 492M 430M

Table 17. Time and space costs for mesh reconstruction in SyncD-
iff on different datasets.

Although the mesh reconstruction operation seems to
take much more time than the inference process, due to par-
allelized calculation, the amortized time complexity is rel-
atively low. In addition, the mesh reconstruction process is
also optional, since in tasks like robot planning, only joint
positions are enough.

E. Limitations and Discussions
E.1. Current Limitations and Potential Solutions

Some current limitations of SyncDiff and their potential
solutions are as follows:

1. Lack of Articulation-Aware Modeling. Our
method models articulated objects (such as those in
OAKINK2 [23]) as part-wise rigid body individuals directly
and coordinates their motions without leveraging their in-
trinsic articulations. Integrating these articulations into
multi-body likelihood modeling could be an interesting fu-
ture direction. The potential solution may be unify them
with the articulated skeletons (hands/humans), and treat
their intrinsic articulations as conditions.

2. High-cost of Explicit Synchronization Step. As
body number increases, the time consumption for the cal-
culation of alignment loss and explicit synchronization step
grows quadratically. Note that for multi-body HOI synthe-
sis, not all pairwise relationships are necessary. A possible
solution is to use human priors or another algorithm to filter
out the relationships that truly require synchronization, and
perform synchronization only across them.

3. Lack of Physically Accurate Guarantees. Unlike
methods that utilize true physical simulations, our approach
cannot guarantee physical truthfulness. In many cases, mi-
nor errors can be observed in the supplementary videos, but



these small discrepancies may be sufficient to cause visible
failures in real tasks. In robot manipulation tasks, we prefer
to treat SyncDiff as a robot planning method that requires
downstream integration with physically accurate optimiza-
tion (RL/IL) to ensure practical usability in real-world ap-
plications.

4. Limitations in Pure Multi-human Interaction Syn-
thesis. Since the relative representations need to be gener-
ated in the coordinate systems of rigid bodies, whose mo-
tions can be represented by translations and rotations, our
method may not be directly adapted for pure multi-human
interaction synthesis. To address this limitation, more com-
plex relative representations is required. A potential solu-
tion is use representations similar to MANO [16], repre-
senting the motions of an articulated skeleton as the trans-
formation matrix and local relative positions of its joints.
Although this approach sacrifices the homogeneity of the
articulated skeleton motion representation, it allows for a
more convenient computation of the relative representa-
tion between two skeletons. This idea is manifested in
a bunch of multi-human interaction synthesis works like
ComMDM [18] and InterGen [8].

E.2. Discussions and Some Extensions
This section aims to enumerate some points where read-

ers may have questions or misconceptions, providing de-
tailed explanations. For scenarios where SyncDiff can be
extended, we will also offer intuitive methods for expan-
sion.

1. Does SyncDiff lose the flexibility of “one model for
all datasets”?

Due to the scarcity of mocap datasets, as well as the
need to adopt models into multiple scenarios, sometimes it
is necessary to merge data from multiple datasets for train-
ing. However, due to the fixed number of parameters, a
trained model of a specific size can only handle a pair of
(number of rigid objects, number of articulated skeletons).
For instance, the data from TACO can only be merged with
the 2-hand 2-object samples in OAKINK2 for training, but
not directly with GRAB.

Our response is divided into three aspects.
First, the extension from a unified framework to “one

model for all datasets” is basically trivial, only increasing
some computational load. It is noted that any graphical
model is a subgraph of a sufficiently large complete graph.
By using masks to cover the individual bodies that do not
need to be synthesized and the relative relations that do not
need to be adopted, this can be achieved. Such an idea is
also reflected in [19].

Second, existing sota methods can only train for spe-
cific (number of rigid objects, number of articulated skele-
tons), and even require the type of articulated skeleton to
be given (for example, the carefully designed grasp guid-

ance in DiffH2O is almost ineffective when applied to
the human-object interaction dataset CORE4D; the cross-
attention between bodies and contact maps in CG-HOI is
too coarse-grained for dexterous hand-object interaction).
Our method, as a unified framework, significantly reduces
the cost of manually trying different pipelines and design-
ing different guidance/representations for different settings,
which is a giant leap forward.

Third, even if our method is treated as a single-track
method for every specific configuration, it surpasses many
sota methods in the corresponding tracks. As body number
increases, motion semantics become more complex, espe-
cially between multiple rigid objects. For example, the ob-
ject trajectories in the GRAB/BEHAVE dataset mainly con-
sist of basic units like picking up, putting down, and lateral
movements. However, in TACO, there may be actions such
as rubbing back and forth, tapping, and pouring between
two items. If OAKINK2 involves modeling the rigid parts
of articulated objects, it also needs to ensure coordination
between these different parts, such as a test tube passing
precisely between the two halves of a test tube holder. As
the first work to adopt synchronization and frequency de-
composition to model complex motions, we have also sig-
nificantly outperformed existing state-of-the-art methods in
settings with a larger number of bodies.

2. Why doesn’t SyncDiff use the 6 DoF rotation rep-
resentation that is widely employed in the current mo-
tion synthesis methods?

To represent the rotation R ∈ SO(3) of an object, the
6 DoF representation proposed in [25] concatenates the
first two columns of the 3 × 3 rotation matrix into a 6-
dimensional vector r as the representation. After the model
generates the predicted result r̂, it is split into two col-
umn vectors, normalized, and subjected to Gram-Schmidt
orthogonalization, and then completed into the rotation ma-
trix R̂ in SO(3).

In our method, since the relative representations need to
be solved frequently, if we use such 6 DoF representation, it
is necessary to complete them into matrices for operations
such as inversion and composition, which significantly in-
creases the computational cost. Therefore, we adopt quater-
nions, which are more convenient for normalization and cal-
culation.

3. Is the explicit synchronization during inference in
SyncDiff inspired by the guidance strategy in Guided
Motion Diffusion (GMD) [6]?

As is stated in main text Section 2.2, several prominent
works inject external priors or constraints into synthesized
results by performing linear fusions, imputations or inpaint-
ings during the inference process of diffusion models. The
term −∇x0Gz(P

z
xx) in GMD and the gradient of negative

log-likelihood (actually equivalent to the score functions) in
SyncDiff (Refer to Section A.2) both provide the direction



of denoising (for both), adhering to constraints (for GMD),
or synchronization (for SyncDiff).

The distinction lies in that different application scenarios
have led to different concrete operations for the same idea.
GMD aims to constrain the generation of high-dimensional
human pose x controlled by the goal function Gz , where z
is low-dimensional pelvis trajectory. Hence, it employs an
inpainting/imputation strategy to project (by the projector
P z
x ) and complete the sparse trajectory during inference. In

contrast, in SyncDiff, “synchronization” is a concept that is
difficult to quantify. Therefore, we introduce the probabilis-
tic modeling on graphical models, and ensure that synchro-
nization and data denoising are simultaneously established
in the inference process.

4. Can the articulated skeletons in SyncDiff be other
body parts besides hands and the full body?

In main text Section 3.1, our definition of articulated
skeletons is “a set of joints whose motion can be recon-
structed based on joint information and shape parameter β”.
To extend SyncDiff to HOI motion synthesis of other body
parts, two issues need to be addressed:

1) Collect relevant high-precision mocap data. For ex-
ample, if we want to perform HOI motion synthesis for feet,
we need to collect high-quality data such as kicking a ball,
putting on shoes, ice skating, etc.

2) Design a data representation for motion reconstruction
based on joint information and shape parameter β, similar
to MANO for hands or SMPL-X for human bodies.

5. Does SyncDiff’s ignorance of affordance result in
the item being manipulated incorrectly? For example,
the cup was not picked up from the handle position?

SyncDiff does not consider affordance because the five
datasets we use do not provide affordance for rigid objects
at all. If the affordance needs to be considered, the relevant
data with affordance map needs to be collected first, and the
next potential solution may be to encode it in some way as
part of the object’s geometric features.

In addition, the data-driven generative model should fit
the data distribution. As long as the dataset used for train-
ing ensures high-quality and correct interactions in a wide
range, the model should learn to generate similar samples
with correct manipulation by itself.

6. Is the metric RA (Recognition Accuracy) fair?
Since the discriminator is trained on the combination
of train, val, and test folders, is there any risk of overfit-
ting?

Training the classifier solely on the training split would
introduce a more serious issue: motion synthesis models
overfitting to training distribution would achieve inflated
RA scores. In fact, experiments reveal that this approach
causes ground-truth test splits to underperform some base-
lines. This is because the distributional difference between
the ground-truth test splits and train splits is greater than

that between the distribution fitted by the generative model
on train split and the train split itself.

The fundamental challenge is that any classi-
fier—regardless of its training data—will inherently
favor in-domain motions. While a huge and more diverse
dataset could mitigate this bias, it is currently impractical
due to the acquisition cost of mocap data. A motion recog-
nition foundation model might help mitigate this issue.
However, currently there are no such foundation models
capable of performing high-quality action recognition
based solely on trajectories rather than RGB video inputs.

Besides, the relative rankings produced by our RA met-
ric (Tables 1-4 in main text, Table 1) align with perceptual
judgments in user studies (Figure 1), supporting its valid-
ity.
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