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Abstract

Scene-aware motion synthesis has been widely researched re-
cently due to its numerous applications. Prevailing methods
rely heavily on paired motion-scene data, while it is difficult
to generalize to diverse scenes when trained only on a few
specific ones. Thus, we propose a unified framework, termed
Diffusion Implicit Policy (DIP), for scene-aware motion syn-
thesis, where paired motion-scene data are no longer neces-
sary. In this paper, we disentangle human-scene interaction
from motion synthesis during training, and then introduce an
interaction-based implicit policy into motion diffusion dur-
ing inference. Synthesized motion can be derived through it-
erative diffusion denoising and implicit policy optimization,
thus motion naturalness and interaction plausibility can be
maintained simultaneously. For long-term motion synthesis,
we introduce motion blending in joint rotation power space.
The proposed method is evaluated on synthesized scenes with
ShapeNet furniture, and real scenes from PROX and Replica.
Results show that our framework presents better motion nat-
uralness and interaction plausibility than cutting-edge meth-
ods. This also indicates the feasibility of utilizing the DIP for
motion synthesis in more general tasks and versatile scenes.

Code — https://github.com/jingyugong/DIP
Extended version — https://arxiv.org/abs/2412.02261

Introduction
Synthesizing human motion in real 3D scenes has attracted
significant attention in recent years (Cao et al. 2020; Wang
et al. 2021, 2022a; Zhao et al. 2023; Hu et al. 2024), due
to its wide applications in scene simulation, digital human
animation, and virtual/augmented reality.

Thanks to learning-based 3D perception (Qi et al. 2017;
Zhao et al. 2021; Gong et al. 2021), pioneers (Cao et al.
2020; Wang et al. 2021; Zhao et al. 2023) attempted to syn-
thesize motion in scenes with feasible human-scene inter-
action. However, in previous works, paired motion-scene
data are required to learn scene-aware motion policies. The
majority of prevailing methods (Starke et al. 2019; Zhao
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Figure 1: Policy learning frameworks. (a) Explicit policy is
trained with paired motion-scene data. (b) Implicit policy
optimizes the motion from random initialization. (c) Diffu-
sion policy gradually denoise the motion. (d) Our diffusion
implicit policy iteratively denoises and optimizes the motion
to ensure motion naturalness, diversity, interaction plausibil-
ity without need for any paired motion-scene data.

et al. 2023) learn Explicit Policies to directly predict the
desired motion based on current states and goals (Fig. 1 (a)).
Some of them (Wang et al. 2021, 2022a) utilized a second-
stage Implicit Policy optimization but sacrifice the motion
naturalness for interaction plausibility (Fig. 1 (b)). Recent
works (Huang et al. 2023; Wang et al. 2024) utilized Dif-
fusion Policies to achieve better performance (Fig. 1 (c)),
where massive paired motion-scene data is also necessary.

In fact, human motion data (Mahmood et al. 2019; Lin
et al. 2023; Ren et al. 2023) is far more abundant than paired
motion-scene data (Hassan et al. 2019; Wang et al. 2022b).
Motion synthesis that relies heavily on paired data will in-
evitably suffer from limited diversity. Meanwhile, the gener-
alization ability is hard to guarantee when trained on limited
scenes and applied to various other scenes.

Based on this observation, we propose a unified frame-
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work, termed Diffusion Implicit Policy (DIP) (Fig. 1 (d)),
which disentangles human-scene interaction from motion
synthesis during training and then integrate motion denois-
ing with implicit policy optimization during inference. In
this way, paired motion-scene data is no longer necessary,
and motion naturalness and interaction plausibility can be
ensured simultaneously for scene-aware motion synthesis.

In the DIP, a motion diffusion model is employed to make
the synthesized motion more and more natural throughout
the entire denoising process(Fig. 2 (b)). We equipped the dif-
fusion model with a ControlNet (Zhang, Rao, and Agrawala
2023) branch to provide keyframe joint hints for historical
motion and future goals. Following previous works (Tevet
et al. 2023; Xie et al. 2024), the diffusion model is designed
to predict the original motion at each denoising step and then
sample the denoised motion from a normal distribution ac-
cordingly. Thus, we can well utilize the stochastic process
to pursue plausible human-scene interactions. Specifically,
interaction-based reward functions are designed to assess
the consistency between motions and scenes. These reward
functions are used as implicit policy to optimize the sam-
pling distribution, ensuring that the sampled denoised mo-
tion corresponds better to the 3D scenes at each denoising
step. As the denoising process can also be treated as opti-
mization for motion naturalness, the entire scene-aware mo-
tion synthesis can be framed as an optimization problem to
pursue both motion naturalness and interaction plausibility.

To synthesize reasonable motion in 3D scenes, we first
train a motion diffusion model conditioned on actions and
keyframe joints, which can be derived from motion itself.
Furthermore, we design various reward functions to score
motion naturalness and interaction plausibility. These re-
wards will optimize the sample distribution during motion
denoising. We choose to adjust the centroid of the distribu-
tion in a GAN inversion manner, applying these reward func-
tions to the outputs of the diffusion model at the centroid
rather than directly to the centroid itself. In this way, the
proposed method can identify a better intermediate noised
motion with higher motion naturalness and interaction plau-
sibility in the final synthesized motions.

In addition, for long-term motion synthesis involving
multiple tasks, we need to take historical motion as constrain
when synthesizing future motion. To maintain continuity
between historical and future motions, we employ a time-
variant motion blending, where we interpolate the rotation
matrix in the power space. Thus far, the proposed framework
can synthesize long-term motion in general scenes without
any training on paired motion-scene data.

For performance evaluation, we use scenes cluttered
with furniture from ShapeNet (Chang et al. 2015) to as-
sess the ability on human-object interaction. We also take
PROX (Hassan et al. 2019) and Replica (Straub et al. 2019)
to demonstrate the generalization ability in scene-aware mo-
tion synthesis. We compared the proposed method with
prevailing works based on physical and perceptual scores.
Comprehensive experiments support our claims and indi-
cate that the synthesized motion produced by the proposed
method demonstrates better performance.

Our main contributions can be summarized as follows:

(1) We disentangle human-scene interaction from motion
synthesis during training and transform scene-aware motion
synthesis into a joint optimization problem, where motion
naturalness and interaction plausibility are ensured by itera-
tive diffusion denoising and implicit policy optimization. (2)
We propose to adjust the centroid of the sampling distribu-
tion during denoising process in a GAN Inversion manner
for higher interaction plausibility. (3) We design to gener-
ate new motion based on historical constrains via inpainting
and blend the motion in the power space of the rotation ma-
trix using time-variant coefficients to synthesize long-term
motion for multiple subsequent tasks.

Related Work
Human Scene Interaction. Generating realistic and plau-
sible human-scene interactions has been widely ex-
plored (Savva et al. 2014, 2016; Zhang et al. 2020a,b; Zhao
et al. 2022). PLACE (Zhang et al. 2020a) modeled the prox-
imity based on the distance between human body and 3D
scene during interaction synthesis. POSA (Hassan et al.
2021b) designed a contact feature map for the human body,
indicating the contact and semantic information for each ver-
tex in the human mesh. COINS (Zhao et al. 2022) encoded
the human body and 3D objects into a shared feature space
and synthesizes diverse compositional interactions. Narra-
tor (Xuan et al. 2023) modeled the correlation of 3D scene
and text based on a scene graph for interaction generation.

Inspired by the optimization stage in static human-scene
interaction, we design interaction-based reward functions as
an implicit policy for scene-aware motion synthesis.
Motion Synthesis. Motion synthesis has been studied for a
significant period (Clavet et al. 2016; Holden, Komura, and
Saito 2017; Starke et al. 2019; Wang, Chai, and Xia 2019;
Guo et al. 2020; Petrovich, Black, and Varol 2021; Guo et al.
2022; Wu et al. 2024). TEMOS (Petrovich, Black, and Varol
2022) learned a shared latent space for motion and text align-
ment. MDM (Tevet et al. 2023) and MotionDiffuse (Zhang
et al. 2024) introduced diffusion model into motion synthe-
sis. Subsequent works (Chen et al. 2023; Xie et al. 2023;
Zhang et al. 2023a; Dai et al. 2024; Zhang et al. 2023b;
Karunratanakul et al. 2023; Xie et al. 2024) further improved
the controllability and quality of the generated results.

Thanks to the advancements in motion synthesis, we
follow the MDM (Tevet et al. 2023) and extend it to
scene-aware motion synthesis, using interaction-based re-
ward functions as an implicit policy.
Scene-Aware Motion Synthesis. Synthesizing human mo-
tion in 3D scenes has garnered much attention recently (Has-
san et al. 2021a; Wang et al. 2022a; Zhang et al. 2022; Has-
san et al. 2023; Mullen et al. 2023; Rempe et al. 2023; Mir
et al. 2024; Cen et al. 2024; Jiang et al. 2024; Yi et al. 2024;
Liu et al. 2024). Wang et al . (Wang et al. 2021) utilized the
PointNet (Qi et al. 2017) to provide scene feature and opti-
mized the entire motion after generation. GAMMA (Zhang
and Tang 2022) and DIMOS (Zhao et al. 2023) learned a
latent space for natural motion, and a policy network was
trained over the latent space. SceneDiffuser (Huang et al.
2023) proposed a scene-conditioned diffuser accompanied
by a learning-based optimizer and planner. LAMA (Lee and
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Joo 2023) introduced a test-time optimization stage for con-
troller network via reinforcement learning to predict the ac-
tion cues for motion matching (Clavet et al. 2016) and mod-
ification. AMDM (Wang et al. 2024) designed a two-stage
framework with a scene affordance map as an intermediate
representation.

Compared with these methods, we propose to disentan-
gle scene-aware motion synthesis into motion prior learn-
ing via diffusion model and implicit policy learning via
interaction-based reward functions, and integrate them in a
unified framework, termed Diffusion Implicit Policy.

Method
Preliminary
Motion Representation. For human motion, we take the
SMPL-X model (Pavlakos et al. 2019) to represent the pose
at each frame. Here, we mainly consider the global orienta-
tion represented in axis-angle θglobal ∈ R3, joint rotation in
axis-angle θj=1:21 ∈ R63 and the translation τ ∈ R3. Ac-
cordingly, for each frame s, the human pose can be defined
as Ps = {θs,global, θs,j=1:21, τs} ∈ R69, and the synthesized
motion consisting of consecutive poses can be annotated as
P̂ = {P̂s}s=1:S . The body shape β ∈ R10 and hand pose
θh ∈ R24 are always keep the same as initial human body
for simplicity. The first K joints J = J1:K ∈ RK×3 and
body mesh with V vertices M(τ, θglobal, β, θj , θh) ∈ RV×3

are taken as auxiliary representation for human pose.
Motion Diffusion Model. Motion diffusion is modeled as
a noising process which gradually add noise to the original
motion with S frames x0 = {Ps}s=1:S

q(xt|xt−1) = N (
√
αtxt−1, (1− αt)I), (1)

where N is a normal distribution and αt=1:T are hyper-
parameters. The distribution of final noised motion xT will
approximate to N (0, I). Like MDM (Tevet et al. 2023), we
train a diffusion model to predict the original motion directly

x̂ϕ
0 = ϕ(xt, t, a), (2)

where t is the time step and a is the action label. For motion
synthesis, the denoising procedure can be formulated as:

P (xt−1|x̂ϕ
0 , xt) = N (µt(x̂

ϕ
0 , xt), β̃tI), (3)

where β̃t = 1−ᾱt−1

1−ᾱt
βt, βt = 1 − αt, ᾱt =

∏t
i=1 αi, and

µt(x̂
ϕ
0 , xt) =

√
ᾱt−1βt

1−ᾱt
x̂ϕ
0 +

√
ᾱt(1−ᾱt−1)

1−ᾱt
xt. Thanks to the

diffusion model ϕ, we can easily adjust P (xt−1) via opti-
mizing ϕ(µt, t− 1, a) to pursue higher interaction plausibil-
ity in the final synthesized motion at each denoising step.

Overview
In this paper, we attempt to synthesize human motion in 3D
scenes given a sequence of interaction sub-tasks (Fig. 2 (a)).

We can first decompose the command into a list of
sub-task (interaction behavior and object pair) via current
LLMs (Touvron et al. 2023). For each sub-task, the human
may go to some place or interact with the objects in the scene
(e.g. , sitting on the chair).

Given a sub-task, we will first locate the goal position us-
ing COINS (Zhao et al. 2022), and then fetch reward func-
tions for implicit policy according to current action.

We train a diffusion model conditioned on human action
and keyframe joints to synthesize human motion with easy
control. Later, we model the interaction-based reward func-
tions and take them to optimize the sampling distribution of
denoised motion at each denoising step. The motion prior
from diffusion model and implicit policy from reward func-
tion are integrated together to synthesize scene-aware mo-
tion with desired interactions (as shown in Fig. 2 (b)).

Given historical motion, the synthesized motion should be
consistent with it. Thus, we design to derive the long-term
motion via a motion blending where translation are interpo-
lated linearly and rotation are blended in the matrix power
space. By now, we can synthesize long-term motion in 3D
scenes when all sub-tasks are completed.

Conditional Diffusion Model
We take x0 ∈ RS×69 consisting of human translation, orien-
tation, and joint rotations in S frames as motion representa-
tion. To simplify the formulation of reward functions in our
method, we train a diffusion model ϕ (Fig. 3 (a)) to predict
the original motion x̂ϕ

0 for each noised xt as shown in Eq. 2.
For any original motion x0, we take the local coordinate

of motion to reduce representation redundancy. Specifically,
we translate and horizontally rotate the motion based on the
human pose in the first frame. In the transformed motion,
the orientation of the human body in the first frame lie in the
yz-plane (y ≥ 0), and the pelvis is positioned at the origin.
After motion synthesis, the motion in scenes can be derived
via simple translation and horizontal rotation.

To better maintain consistency with historical motion
and achieve future goals, we also take a ControlNet
branch (Zhang, Rao, and Agrawala 2023) to provide the hint
of keyframe human joints (available from motion data for
training) that need to be controlled (Fig. 3 (b)). We choose
to take the joint positions rather than joint rotation as the
external hint for easier understanding of the space informa-
tion. Concretely, we will first calculate the joints’ positions
according to the original human motion, and then randomly
select one from these joints in a few frames as the hint and
others are padded with zeros, thus the input of ControlNet
branch take the form of J = {Js,k}s=1:S,k=1:K where non-
zero values provide the controlled joint position hints.

For training the ControlNet branch, all its parameters are
randomly initialized, and the link layers are initialized to
zero to maintain the motion synthesis capability of the main
branch. Meanwhile, all parameters in original motion dif-
fusion model ϕ are loaded from a pre-trained model. The
controlled diffusion model φ is also supervised to predict
the origin motion x0 = {Ps}s=1:S . After fine-tuning, the
controlled motion diffusion model can be formulated as

x̂φ
0 = φ(xt, t, a,J ). (4)

For simplicity, the action a and joint hint J are termed as
the condition c. Later, the controlled diffusion model φ are
taken as motion prior to ensure motion naturalness.
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Figure 2: (a) indicates the overall pipeline. Any feasible command will be decomposed into sub-tasks with action-object pairs.
Then, we will synthesize future motion according to current sub-task. Last, the synthesized motions will be fused into the
historical motion to obtain the final long-term motion. (b) presents the Diffusion Implicit Policy (DIP). In each iteration, the
denoising step will make the synthesized motion appear more natural), and the implicit policy optimization will endow the
motion with plausible interaction. The random sampling step can help the framework synthesize motion with diverse styles.

Figure 3: Illustration of conditional diffusion model. A dif-
fusion model is first trained conditioned on action, and then a
ControlNet branch is taken to provide keyframe joints’ hint.

To better control the poses at specific frames, especially
for the historical motion constrains, we maintain the fixed
poses in an inpainting manner when t > Tinpaint. The pre-
dicted original motion x̂φ

0 will be updated via inpainting
that can be formulated as x̂φ

0 = m · xm + (1 − m) · x̂φ
0 ,

where xm indicates the poses that should be maintained and
m ∈ RS×69 represents the inpainting mask.

Thus far, the diffusion model can provide motion prior
with explicit joint control for later DIP.

Reward Functions for Implicit Policy
Furthermore, we introduce a set of differentiable reward
functions that score the motions within scenes and serve as
an implicit policy to enhance overall performance (as shown
in Fig. 2 (b) blue part). Here, we primarily focus on three key
aspects in the design of reward functions: motion continuity,
goal achievement, and interaction plausibility.

To promote motion continuity, we introduce a Historical
Motion Consistency reward Rhis to ensure continuous tran-
sition between historical and synthesized motions, along-

side a Smoothness reward to prevent abrupt changes with
excessive acceleration Racc. Additionally, we implement a
Goal Achievement reward Rgoal that encourage the human
to move closer to the target. We also incorporate a Contact
reward Rcont and a Non-Penetration reward Rpene to facil-
itate plausible human-scene interactions, as well as a Non-
skating reward Rskt to anchor the vertices of contact. The
total reward function for implicit policy take the form of

Rip = λhisRhis + λaccRacc + λgoalRgoal

+λcontRcont + λpeneRpene + λsktRskt
(5)

where λ(·) are a series of hyper-parameters.

Diffusion Implicit Policy
By now, we utilize a diffusion model with ControlNet
branch φ to predict x̂φ

0 . Thus, similar to Eq. 3, we can sam-
ple the xt−1 according to xt and x̂φ

0

P (xt−1|x̂φ
0 , xt) = N (µt(x̂

φ
0 , xt), β̃tI). (6)

Such denoising process (Fig. 2 (b) yellow part) can also be
considered as an optimization problem based on a motion
naturalness reward function Rnat which can be defined im-
plicitly by its gradient ∇Rnat(xt) = µt − xt. Meanwhile,
the denoising process is also accompanied by a stochastic
disturbance item (Fig. 2 (b) green part) following N (0, β̃tI).

Thus, the stochastic item can be well utilized to search
for motion with higher interaction plausibility. We design
the interaction-based implicit policy (Fig. 2 (b) blue part)
to partly play the role of such disturbance, and scene-aware
motion synthesis can be treated as a joint optimization prob-
lem which both maximize the motion naturalness and inter-
action plausibility in Diffusion Implicit Policy

x̂0 = argmax
x

Rdip(x), (7)
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Rdip(x) = Rnat(x) +Rip(x̂
φ
0 (x)). (8)

In order to synthesize human motion that can maximize
the total reward, we integrate the implicit policy optimiza-
tion into each denoising step where motion naturalness and
interaction plausibility can be enhanced iteratively.

In Eq. 6, xt−1 is sampled from N (µt, β̃tI), thus we can
adjust µt (i.e. the mean value of xt−1) based on implicit pol-
icy and more suitable xt−1 can be sampled accordingly. It
is noteworthy, we need the final synthesized human motion
x0 to be consistent with the scene and achieve high reward.
Thus, we propose to optimize µt through x̂φ

0 (µt, t − 1, c)
rather than µt itself. Here, we take t − 1 as denoising step
because µt is the mean value of the denoised xt−1.

Thanks to the motion representation that we take, the re-
ward functions are fully differentiable. Meanwhile, we find
that optimizing x̂φ

0 (µt, t − 1, c) shows better performance
than directly modifying µt itself as previous work (Xie et al.
2024). That is because direct optimization over µt does not
ensure motion continuity. On the other side, optimizing µt

via x̂φ
0 (µt, t−1, c) can help search a better distribution with

higher interaction reward for the final synthesized motion
x0, and µt can be be adjusted as a whole in a GAN Inversion
manner (given a Generator x = G(z), adjust the latent code
z via loss L(x) for more desired output) (Bau et al. 2019a,b).
Similarly, given the diffusion model x̂φ

0 (µt, t− 1, c), we op-
timize µt via R(x̂φ

0 ) according the following formulation

µ̃t = µt + β̃t · ∇Rip(S, x̂φ
0 (µt, t− 1, c)), (9)

where S indicate the 3D scene information, including scene
semantics, SDF, and floor height. Further, µ̃t is taken as the
mean of distribution to sample xt−1.

Multi-Task Motion Synthesis
As for the command for multi-task motion synthesis, such as
“The person first sits on the bed, then goes to the corner of
the room, and finally sits on the chair.”, we need to infer fu-
ture motion “Sit on the chair” while maintaining continuity
with previously synthesized motions “The person first sits
on the bed and then goes to the corner of the room”.

For any previous synthesized motion P̃1:S̃ , we will select
the latest H = min(S̃,Hmax) frames as external historical
constrains for future motion synthesis. Explicitly, we extract
those pelvis joints {J̃s,pelvis}s=S̃−H+1:S̃ as trajectory hints
for conditional motion diffusion. In addition, we take the
body skeleton joints from the historical frames to form J =
{J̃s}s=S̃−H+1:S̃ , and use them for pose constraints in the
implicit policy optimization.

After a new round of motion synthesis, we obtain the gen-
erated motion {P̂s}s=1:S . For more natural motion transi-
tion in the overlapping H frames, we take a time-variant mo-
tion blending. Different from direct linear interpolation in
the pose representation like priorMDM (Shafir et al. 2024).
We only utilize linear interpolation for the human translation
τ̌1:H . As for human orientation and joints’ rotations, we take
the axis-angle representation θ̄rot,s = θ̃S̃−H+s and θ̂rot,s

and convert them to the rotation matrix M̄rot,s and M̂rot,s.

time ↓ avg. dist ↓ contact ↑ loco pene ↑
SAMP 5.97 0.14 0.84 0.94
GAMMA 3.87 0.03 0.94 0.94
DIMOS 6.43 0.04 0.99 0.95
Ours 3.35 0.03 0.91 0.95

Table 1: Evaluation of motion synthesis on locomotion task.
The up/down arrows (↑/↓) indicate higher/lower is better.
Metrics with best performance are annotated in boldface.

Figure 4: Visual results given by DIMOS and ours for loco-
motion task. The dashed circles indicate lower penetration,
less skating and higher diversity in the synthesized motion.

The blending occur in the power space of rotation matrix
which can be formulated as:

M̌rot,s = (M̂rot,sM̄
−1
rot,s)

γM̄rot,s (10)

where γ = (1 : H)/(H + 1), and θ̌1:H is converted
from M̌rot,1:H . Thus, the blended pose take the form of
P̌1:H = {θ̌s,global, θ̌s,j , τ̌s}s=1:H . The newly updated long-
term motion is derived as

P̃1:S̃+S−H = {P̃1:S̃−H , P̌1:H , P̂H+1:S}. (11)

The entire motion can be synthesized in an iterative manner
until all sub-tasks are completed (Fig. 2 (a)).

Experiments
Datasets
Motion Datasets. Here, we use captured motion data with
action/description labels from AMASS (Mahmood et al.
2019) to train our model. Babel (Punnakkal et al. 2021)
provided action labels and the start/end frames for several
subsets of AMASS. HumanML3D (Guo et al. 2022) pro-
vided additional sentence annotations and start/end frames
for more motion data in AMASS.
Scene Datasets. We evaluate the performance in both syn-
thesized scenes and real scanned scenes. Following DI-
MOS (Zhao et al. 2023), we use randomly generated scenes
consisting of furniture from ShapeNet (Chang et al. 2015)
to validate the performance on atomic locomotion and
human-scene interaction. As for real scanned scenes from
PROX (Hassan et al. 2019) and Replica (Straub et al. 2019),
we take them to evaluate the performance of the pipeline
in synthesizing long-term motions within scenes that in-
volve multiple tasks. All experiments are conducted using
the same model and pipeline, thus indicating the generaliza-
tion ability of our method.
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Figure 5: Visual results of synthesized motions given by DIMOS and our method for sitting and lying. The dashed circles
indicates obvious advantages over DIMOS in less collision (col. 1,3), higher diversity (col. 2) and better foot contact (col. 4).

Scene Navigation
We take the generated scenes from DIMOS (Zhao et al.
2023) for testing, where scenes are cluttered with furniture
from ShapeNet (Chang et al. 2015). In this experimental set-
ting, the human need to walk from the starting point to the
target point and avoid collisions with the furniture in scenes.
Metrics. We also evaluate the performance of synthesized
motion for locomotion from four aspects as DIMOS (Zhao
et al. 2023), where (1) finish time measured in seconds, (2)
average horizontal distance from final human body to target
point measured in meters, (3) foot joint contact score

scont = e−(|minjz|−0.05)+ · e−(min||jvel||2−0.075)+ , (12)

and (4) penetration score indicating the percentage of body
vertices within the walkable area are taken as our metrics.
Results. We compare our method with SAMP (Hassan
et al. 2021a), GAMMA (Zhang and Tang 2022), and DI-
MOS (Zhao et al. 2023) for locomotion in 3D scenes and
report the results in Tab. 1. The results indicate our method
can achieve the shortest finish time (3.35s), closest distance
(0.03m), and lowest penetration (0.95). It’s noteworthy, the
locomotion speed of the proposed method is much similar to
that of real human than other methods. As can be seen, the
performance on the contact score is inferior. We believe that
is because our method focuses more on foot vertex contact,
whereas the contact score calculation is based on foot joints.

We visualize a few examples of DIMOS and the proposed
for locomotion task in Fig. 4. As shown, the synthesized mo-
tion for locomotion demonstrates lower scene penetration,
less skating and higher motion diversity. That is attributes
to the implicit policy and the stochastic sampling procedure
during denoising.

Scene Object Interaction
We take scenes with furniture from ShapeNet (Chang et al.
2015) to evaluate the performance on scene object interac-
tion, and 10 objects (3 armchairs, 3 straight chairs, 3 sofas
and 1 L-sofa) are chosen for atomic interaction as previous
work (Zhao et al. 2023). For each scene, the human is ini-
tialized to stand in front of the interaction object and guided
to interact with it and finally return to original position.
Metrics. We take 4 metrics to evaluate the performance, in-
cluding (1) the time to finish the task measured in seconds,
(2) the foot contact score mentioned in Eq. 12, (3) mean

human mesh vertex penetration
∑

v∈M |(fSDF (v))−| over
time, and (4) maximum penetration over time.
Results. We compare the proposed method with prevailing
methods (Hassan et al. 2021a; Zhao et al. 2023) on human-
scene interaction. The interaction tasks for sitting and lying
are evaluate separately, and the results are reported in Tab. 2.

time ↓ pene. mean ↓ pene. max ↓
SAMP sit 8.63 11.91 45.22
DIMOS sit 4.09 1.91 10.61
Ours sit 3.71 1.86 7.13

SAMP lie 12.55 44.77 238.81
DIMOS lie 4.20 9.90 44.61
Ours lie 3.55 9.80 30.8

Table 2: Evaluation of motion synthesis on interaction tasks.
The up/down arrows (↑/↓) indicate higher/lower is better.
The best results are shown in boldface.

Fig. 5 visualizes the synthesized human-scene interaction
given by DIMOS and our method. The visual results indicate
our method presents more plausible interaction with higher
human-scene contact and lower human-scene collision.

Long-term Motion Synthesis
For long-term motion synthesis in 3D scenes where mul-
tiple tasks are completed consecutively, objects with feasi-
ble interaction in scenes are randomly selected. We utilize
COINS (Zhao et al. 2022) to sample the static interactions
with these objects as the goals. All compared methods use
the same initial state and task goals to synthesize long-term
motions, ensuring a fair comparison.
Metrics. To comprehensively evaluate the synthesized mo-
tions, we conduct a user study where results given by dif-
ferent methods are directly rated by participants. We totally
generate 20 motion for each method, 10 for scenes from
PROX, and 10 for scenes from Replica. We present motions
synthesized by different methods in the same scene to par-
ticipants simultaneously, and ask the them to rate the results
on a scale of 1 to 5 (in increments of 0.5) from four perspec-
tives: motion naturalness, diversity, interaction plausibility
and overall performance.
Results. Finally, 1, 200 ratings from 15 participants are col-
lected for each method (60 results per sample from 4 as-
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Figure 6: Visual comparison of different methods on motion synthesis in 3D scenes from PROX.

Figure 7: Visual results of synthesized motions given by compared methods in Replica scenes.

pects) and we report the scores in Tab. 3. It can be seen, the
proposed method achieve the best performance in motion di-
versity, interaction plausibility and overall performance even
without paired motion-scene data for training. For motion
naturalness, our proposed method is on par with DIMOS, as
no specific designs are taken to improve motion naturalness.

Naturalness ↑ Diversity ↑ Plausibility ↑ Overall ↑

DIMOS 2.72/3.09 3.00/3.21 2.55/2.85 2.86/3.11
OmniControl 2.66/2.67 2.83/3.07 2.26/2.5 2.61/2.69
Ours 2.81/3.03 3.34/3.36 3.15/3.17 3.17/3.26

Table 3: Comparison between competitive methods based
on user study. Users are asked to give scores (ranging from
1 to 5, ↑) according to motion naturalness, diversity, interac-
tion plausibility, and overall performance. Results on PROX-
/Replica are reported on the left/right respectively.

We present the results of motion synthesis in scenes from
PROX and Replica dataset respectively in Fig. 6 and Fig. 7.
It can be seen that the proposed Diffusion Implicit Policy
performs better in terms of motion naturalness, interaction
plausibility and motion diversity. This is due to the integra-
tion of motion denoising, implicit policy optimization, and

random sampling within a unified framework.

Conclusion
In this paper, we propose a unified framework, termed Dif-
fusion Implicit Policy, for motion synthesis in 3D scenes,
where paired motion-scene data is no longer needed for
training. In this framework, interaction is disentangled from
motion learning during training. Motion prior from diffusion
model and implicit policy from reward functions are inte-
grated together to iteratively optimize the motion from ran-
dom noise, pursuing motion naturalness, diversity and inter-
action plausibility simultaneously. We utilize joint hints and
inpainting to ensure that keyframe poses remain consistent
with the historical motion. We adjust the motion distribution
centroid in a GAN Inversion manner to achieve better inter-
action plausibility while maintaining motion continuity. We
introduce motion blending in the power space of the joint
rotation matrix to ensure smooth transitions between mul-
tiple tasks for long-term motion synthesis. Comprehensive
experiments on generated scenes with ShapeNet furniture,
and scenes from PROX and Replica indicate the effective-
ness and generalization capability. Such a promising solu-
tion can also encourages future works to learn scene-aware
motion synthesis from unpaired motion and scene data.
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