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Fig. 1: NaP-Control is a latent noise optimization framework combining reinforcement
learning and diffusion-based prior for physics-based character control. We showcase its
effectiveness in (a) far goal reaching, (b) agile hand reaching, (c) velocity control, (d)
object interaction tasks, as well as its adaptation on uneven terrains.

Abstract. Achieving precise, versatile whole-body character control in
physics-based animation remains challenging. Recent diffusion-based poli-
cies generate rich and expressive motions but typically rely on gradient-
based test-time guidance to satisfy task objectives, which is slow and
can reduce robustness. We introduce NaP-Control (Navigating Diffu-
sion Prior for Versatile and Fast Character Control), abbreviated as
NaP. Our method uses reinforcement learning to manipulate the latent
noise of a task-agnostic diffusion policy prior, steering it toward task-
specific behaviors for fast, robust control with high motion fidelity. In
contrast to methods that rely solely on offline training, NaP interacts
with the environment during training to correct motions and optimize
task rewards, improving success rates and enabling adaptation to chal-
lenging scenarios. By directly predicting task-optimized diffusion noise,
NaP eliminates iterative guidance during denoising and enables efficient
inference. Experiments show that NaP attains higher success rates and
faster inference while preserving natural motion across diverse tasks.
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1 Introduction

Physics-based whole-body character control [13, 25, 26, 28, 39, 40, 50, 52, 57, 58]
aims to generate physically plausible human motion that remains robust and
responsive under a wide range of control inputs and in complex environments. A
central challenge is to produce high-quality behaviors that both satisfy physical
constraints and adapt efficiently to different task objectives.

A prominent line of work tackles this challenge by learning reusable motion
priors from large-scale motion datasets. In particular, VAE-based action pri-
ors [25,39,57] allow reinforcement learning (RL) to operate in a compact latent
space, but their stateless, single-step formulation can limit temporal consistency
and overall expressiveness. More recently, diffusion-based policies [13,21,50] have
advanced physics-based character control by modeling long-horizon motion dis-
tributions, yielding smoother and more expressive behaviors. However, these
approaches are generally trained purely offline without interacting with the en-
vironment during learning, which constrains their robustness for downstream
control tasks. To incorporate task objectives, prior work [21, 50] typically em-
ploys loss-based guidance at test time, which requires differentiable objectives
and iterative optimization during inference. This results in limited applicability
and substantial computational overhead. Consequently, how to effectively lever-
age expressive diffusion policy priors for robust and efficient task adaptation in
physics-based character control remains largely an open question.

To address this challenge, we introduce NaP-Control, a framework that adapts
a pretrained task-agnostic diffusion policy by learning to navigate its input noise
space through RL. Prior work has investigated diffusion-noise optimization for
behavioral control, including RL-based steering in robotic manipulation [45]
and direct noise optimization for kinematics-based motion synthesis [15]. Our
method extends this emerging paradigm to a substantially more challenging
setting: physics-based whole-body character control, in which task performance
depends on closed-loop interaction with the environment, contact-rich dynam-
ics, and long-horizon stability. In this setting, small perturbations can induce
loss of balance, rendering purely offline methods inadequate. We therefore treat
the pretrained diffusion policy as an expressive action manifold and train an
RL policy to generate task-aware latent noise through direct interaction with
the environment. This formulation enables the controller to adapt to environ-
mental feedback, optimize task-specific rewards, and accommodate tasks that
lack simple differentiable objective functions, while preserving the naturalness
and smoothness encoded by the diffusion prior. Notably, NaP-Control eliminates
the need for both extensive reward engineering, which is typically required in
reinforcement learning, and iterative gradient-based guidance at inference time,
thereby achieving substantially higher computational efficiency than existing
diffusion-based control frameworks.

Our contributions are summarized as follows:
(1) We introduce NaP-Control, a reinforcement learning framework that

adapts pretrained diffusion-based action priors for task-driven physics-based
character control by producing the initial diffusion noise.
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(2) We show that navigating the initial diffusion noise space provides an
effective way to incorporate environmental feedback into diffusion-based control,
overcoming the limitations of purely offline training and expensive test-time
guidance while preserving motion fidelity.

(3) We demonstrate that NaP-Control achieves faster inference and higher
success rates across diverse locomotion tasks, including challenging traversal on
unseen terrains, compared to diffusion-based policies while maintaining natural
and human-like whole-body movement in all tasks.

2 Related Work

2.1 Kinematics-based Human Motion Generation

Human motion generation aims to synthesize realistic motion sequences, typi-
cally represented as trajectories of joint rotations and global root motion over
time. A large body of prior work focuses on kinematics-based generation, which
emphasizes visual realism and diversity without explicitly modeling physical dy-
namics. These methods have achieved strong results in multi-modality condi-
tioned human motion generation [10,17,18,43,48,56,60], and controllable motion
editing and synthesis [15,16,19,32].

A central direction in this area is controllable motion synthesis. Existing
approaches [14, 15, 32, 46] introduce control through target trajectories, obsta-
cle constraints, or joint-level spatio-temporal specifications. In diffusion-based
methods, such control is often incorporated through guidance [5, 16, 37, 53] or
noise optimization [15], while other methods allow more fine-grained editing of
specific body parts [33] or motion segments [32]. More recent work has also ex-
tended kinematics-based generation to online settings [42, 51, 62], where motion
is produced autoregressively or in a streaming manner based on motion history
and language input, enabling more responsive and continuous generation.

Despite their strong visual quality, kinematics-based methods do not ex-
plicitly enforce physical consistency, and thus often suffer from artifacts such
as floating, foot skating, ground penetration, and jitter [59]. These limitations
make them difficult to deploy in embodied settings and motivate physics-based
motion generation, which incorporates dynamics and contact interactions to pro-
duce physically feasible behaviors.

2.2 Physics-based Character Control

Early work in physics-based character control trains task-specific controllers us-
ing reinforcement learning [6, 23, 28]. To improve motion realism, later meth-
ods incorporate motion capture data through imitation and adversarial learn-
ing [29,30,41]. While effective, these approaches typically require separate poli-
cies for different tasks, limiting scalability and generalization. Recent work learns
generalized motion tracking controllers or reusable action priors from large-scale
motion datasets [21, 26, 39, 40, 47, 57, 58]. For example, PHC [26] and Masked-
Mimic [39] show that a single controller can track diverse motions and support
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multiple tasks. PULSE [25] distills a VAE-based action prior from motion data
to enable efficient downstream learning, while MaskedMimic [39] learns a multi-
task controller. Nevertheless, VAE-based priors and single-step formulations of-
ten limit motion expressiveness and temporal coherence. More recently, diffu-
sion models have significantly improved motion modeling and have been applied
to physics-based control [13,42,44,50]. CLoSD [42] integrates a diffusion-driven
kinematic generator with a physics-based tracker. Other methods, including Uni-
Phys [50] and DiffuseCLoC [13], distill diffusion policies from offline datasets and
adapt them to new tasks using test-time guidance. Yet, these techniques rely on
iterative, gradient-based optimization during inference, resulting in slow and
sometimes unstable control and limiting adaptation due to the lack of direct
environment interaction.

In contrast, we build upon a pretrained diffusion policy and propose an effi-
cient framework to leverage it as a temporally smooth, expressive action prior.
By learning to navigate the latent noise space using task rewards and online en-
vironment feedback, our method enables robust, goal-directed behavior without
costly test-time guidance, while supporting a wide range of downstream tasks
with substantially faster inference.

2.3 Improving Diffusion Model with Reinforcement Learning

Reinforcement learning (RL) has recently been explored as an effective way
to improve and adapt pretrained models across domains such as image gener-
ation [3, 8, 9], language modeling [1, 22], and robotics [34, 45]. The goal is to
align generative outputs with downstream objectives, such as human prefer-
ence and physical feasibility, which are difficult to capture through supervised
learning alone. One approach directly fine-tunes diffusion models using reward
signals [3, 4, 34, 61]. Examples include RLHF-style methods [4] for improving
image generation and DPPO [34] and IDQL [12] for fine-tuning diffusion poli-
cies in robotics. However, while effective, joint optimization is often unstable
and sample-inefficient. Another direction leverages RL without modifying the
pretrained diffusion model by learning an auxiliary policy, such as learning a
residual policy [49] on top of the frozen prior, though these methods mainly pro-
vide local corrections. More recently, latent noise steering [7, 45] has been pro-
posed, where RL controls the input noise of the diffusion process, and DSRL [45]
shows that noise steering can effectively control diffusion-based policies for low-
dimensional robotic manipulation. In contrast to prior work that primarily tar-
gets low-dimensional or kinematic settings, we scale latent noise steering to high-
dimensional, physics-based whole-body control.

3 Whole-Body Control via Diffusion Noise Navigation

To facilitate the generation of natural motions that satisfy task objectives, we
propose a framework that utilizes a pre-trained diffusion model as a generative
action prior and steers it toward task-specific control. We hypothesize that a
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Fig. 2: Framework overview. (a) The RL policy πθ receives environment and proprio-
ceptive states from the simulation. (b) The actor learns to predict optimal noise ω ∈ W
aligned with task goals. (c) These predicted noises are denoised and decoded into exe-
cutable actions a via a pretrained diffusion prior and a latent action decoder. Resulting
transitions are then used to iteratively optimize the noise navigation policy with RL.
(d) As a natural motion manifold, the diffusion prior can map predicted noises to fu-
ture states sprop and latent actions z conditioned on the trajectory history H.

task-agnostic diffusion policy provides an expressive movement prior. By search-
ing within this prior space, a wide range of downstream tasks can be achieved
while preserving motion smoothness and naturalness, which are inherently reg-
ularized by the action prior. We therefore pretrain a diffusion-based action prior
(Section 3.1) and demonstrate that optimizing the initial noise of the action
prior through RL (Section 3.2) allows for the effective learning of task-specific
policies (Section 3.3). Fig. 2 provides an overview of the overall framework.

3.1 Diffusion-based Action Prior Pretraining

We first pretrain a diffusion-based behavior generative model that serves as a
task-agnostic action prior, grounding policy rollouts within a high-fidelity mo-
tion manifold. This prior captures the distribution of natural humanoid behav-
iors and later acts as a strong regularizer for downstream task learning. We
leverage a large-scale state–action dataset constructed by tracking reference hu-
man motions from AMASS [27] in a physics simulator. Following UniPhys [50],
the diffusion prior is implemented as a causal transformer-based diffusion model
that conditions on the history of previous states and actions. Given this con-
text, the model iteratively denoises latent noise to generate a chunk of future
actions and predicted states, as shown in Fig. 2(d). We adopt their training
paradigm while introducing a more compact state representation that removes
redundant kinematic features. Specifically, UniPhys [50] employs an expansive
state representation that contains a variety of kinematic features, including joint
positions, velocities, and other redundant quantities. In contrast, we retain only
the essential dynamic features S = (r1:T ,q1:T ,w1:T ), which include:
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– Global Root Trajectory (r1:T ): The root trajectory is canonicalized relative
to the first-frame coordinate system, where the initial position is at the
origin facing the positive y-axis. It includes the root position ζt ∈ R3, 6D
orientation ϕt ∈ R6, linear velocity ζ̇t ∈ R3, and angular velocity ϕ̇t ∈ R3.

– Local Joint Features: Joint-level data is canonicalized to a per-frame local
coordinate system centered at the pelvis projection on the ground. This
includes 6D joint rotations qt ∈ RJ×6, and angular velocities wt ∈ RJ×3,
and exclude local joint positions pt ∈ RJ×3 and velocities vt ∈ RJ×3.

This compact representation maintains motion fidelity and robustness while low-
ering the dimensionality of the learning space. Consequently, both diffusion-prior
pretraining and the following reinforcement learning are more efficient.

We model the joint state-action distribution with the diffusion prior follow-
ing previous works [13,50]. To manage the high dimensionality of the raw action
space A, we use a representation from PULSE [25] to first encode the raw action
into a compact latent action space Z. The diffusion prior therefore models the
trajectory of state–latent pairs xt = (st, zt). During inference, the model condi-
tions on the historical trajectory H and iteratively denoises a sequence of future
latent actions, which are then decoded into executable control signals via the
pretrained action decoder at = D(st, zt).

3.2 Navigating Diffusion Noise for Whole-Body Control

To navigate the manifold of the pre-trained diffusion prior and satisfy down-
stream task objectives, we learn a latent noise navigation policy via RL to select
the initial diffuse noise. This navigation mechanism is critical, as the initial noise
determines the specific trajectory the diffusion process takes through the learned
motion space [11,15]. By treating the noise space as a controllable search mani-
fold, we can effectively guide the generative process toward physically plausible
and task-specific behaviors.

Navigation Mechanism in Natural Motion Prior. As illustrated in Fig. 2a,
the latent noise navigation policy πθ processes the observation st = {sprop, senv},
where sprop denotes the character’s current proprioceptive state and senv encodes
task-specific environment state. Unlike standard controllers that map states di-
rectly to raw joint actions π(a | s), our navigation policy πθ, following the
formulation of DSRL [45], operates on the latent noise manifold of a pretrained
diffusion prior. To preserve the diffusion prior’s sequential generation and tem-
poral consistency while maintaining a low-dimensional search space for efficient
RL exploration, we duplicate the latent noise ωt into a k-step noise chunk [45].
The predicted noise chunk ωt:t+k−1 is further denoised into a task-aligned latent
action chunk zt:t+k−1 using the DDIM-ODE solver [38]:

ωt = πθ(st) (1)
zt:t+k−1 = M(repeat(ωt, k)|H) (2)
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The latent actions are then decoded to joint-level raw actions at:t+k−1 via the
frozen action decoder D [25]. The joint-level actions are executed open-loop, i.e.,
without per-step feedback, within the physics simulator, which returns the sub-
sequent proprioceptive st+1:t+k and environmental observations. We encapsulate
both the diffusion prior as well as the latent action decoder as part of the Markov
Decision Process (MDP) environment for our latent noise navigation policy, as
shown in Fig. 2(c). This architecture is crucial for grounding the final actions
within a natural, human-like motion manifold. By doing so, it ensures physi-
cal plausibility and prevents the character from drifting into out-of-distribution
states, a common failure mode in traditional test-time guidance methods.

Algorithm 1 Latent Noise Navigation Policy Training
Input: Frozen diffusion prior M, frozen decoder D, physics simulator SIM,

reward function r(·), terrain heightmap H (optional), action chunk size k,
initial proprioceptive state sprop and environment states senv, horizon length T

Output: Noise optimizing policy πθ

Initialize policy πθ, experience buffer B, and diffusion history buffer H
for epoch = 1, 2, . . . , N do

Reset environment; obtain sprop and senv from SIM
Reset diffusion history buffer H
for timestep t = 0, k, 2k, . . . , T − k do

st ← {spropt , senv
t ,H}

Sample latent noise ω ∼ πθold(ω | st)
Denoise to latent action chunk: zt:t+k−1 =M(repeat(ω, k) | H)
Rchunk ← 0
for i = 0 to k − 1 do

at+i = D(st+i, zt+i)
Execute at+i in SIM, observe st+i+1

Compute reward rt+i+1 = r(st+i+1)
Update H ← {st+i+1, zt+i}
Rchunk ← Rchunk + γirt+i+1

end for
Store transition (st,ω, Rchunk, st+k) in B

end for
Compute advantage estimates Ât based on B, for t ∈ {0, k, 2k, . . . , T − k}
Optimize surrogate loss L wrt θ (m miniepochs, minibatch size b)
πθold ← πθ

end for
return πθ

Latent Noise Navigation Policy Training. To learn the latent noise naviga-
tion policy, our framework employs on-policy Reinforcement Learning (RL) via
Proximal Policy Optimization (PPO) [36], shown in Fig. 2b. During training, the
policy iteratively shifts from producing stochastic noise with low task-efficacy to-
ward generating noise distributions optimized for task fulfillment. We optimize
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actor and critic networks using the PPO clipped objective [36] and Generalized
Advantage Estimation (GAE) [35] to ensure training stability. We also incorpo-
rate a bounding loss on the policy’s output, ensuring the generated noise remains
within a stable value range. We treat the entire action chunk as a single micro-
step in an MDP. Accordingly, rewards ri are calculated at each simulation step,
but accumulated through a discount factor γ to form the total chunk reward.
The resulting transition tuple (st,ω,

∑k
i=1 γ

i−1rt+i, st+k) is stored in the expe-
rience buffer for policy updates and st+1:t+k is saved to diffusion prior’s history
buffer H to provide temporal consistency for the next roll out. The complete
training algorithm is shown in Algorithm 1.

In this manner, our framework uses the diffusion prior as a task-agnostic nat-
ural motion manifold, exploiting its expressive motion space to generate high-
fidelity actions that both preserve motion realism and optimize downstream task
rewards. By directly interacting with the environment during training, the frame-
work adapts the pretrained prior to handle scenarios beyond the original motion
distribution, including uneven terrain and object interaction. By replacing the
standard stochastic Gaussian sampling ω ∼ N (0, I) used in traditional diffusion
guidance with the deterministic noise output of our trained policy πθ, we elim-
inates the reliance on computationally expensive test-time guidance, enabling
more efficient goal-conditioned task execution. In summary, the latent noise nav-
igation policy together with the diffusion prior effectively bridges high-level task
constraints with the low-level natural motion manifold, enabling robust, fast and
versatile whole-body control.

3.3 Applications

We demonstrate that our proposed framework is effective across various locomo-
tion tasks while maintaining the intrinsic naturalness of the underlying motion
manifold. Moreover, it exhibits robust performance in extended and complex
scenarios, including object interaction and uneven terrain traversal, which are
typically challenging for previous guidance-based diffusion policies [13,50].

Far Goal Reaching. The agent is tasked with reaching a target position pgoal,
as illustrated in Figure 1(a). The reward consists of three terms: (1) a location
reward that drives the agent toward the goal; (2) an orientation reward that en-
courages the agent to face the goal during approach; and (3) a stability penalty
that promotes controlled, steady arrival. The stability term is crucial for sup-
pressing unnatural orbiting behavior, where the agent circles around the goal to
preserve momentum instead of settling at pgoal. More concretely,

Rreach = (1− λ1 − λ2) ·Rlocation + λ1 ·Rorientation + λ2 ·Rstability (3)

Rlocation = exp(−α1 · ∥pgoal − pjoint∥2) (4)
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Rorientation =

{
1.0 if ∥pgoal − pjoint∥2 ≤ 0.3m
exp (α2 · (dfwd · dgoal − 1.0)) otherwise

(5)

Rstability =


−β1 · (c1v + c2ω) if ∥pgoal − pjoint∥2 < 1.2m
−β2 · (c1v + c2ω) if 1.2m ≤ ∥pgoal − pjoint∥2 < 6.0m
0 if ∥pgoal − pjoint∥2 ≥ 6.0m

(6)

Agile Hand Reaching. We further show that our framework is well-suited for
tasks that demand high agility and precise end-effector control. We design an
agile hand-reaching task (Fig. 1(b)) in which the agent must move its right hand
to targets distributed throughout its reachable workspace. The task is solved
using only a simple location reward (Eq. 4), without additional reward shaping or
engineering. Despite this minimal design, the character reaches targets naturally
and robustly, exhibiting seamless whole-body coordination such as stopping,
squatting, and side-stepping when needed.

Velocity Control. We consider a velocity control task where the agent is re-
quired to track time-varying target speeds and headings. We define the character
velocity vjoint as the linear velocity of the pelvis joint projected onto the hori-
zontal plane. The velocity reward Rvelocity is formulated as a weighted sum of a
velocity tracking term and an orientation alignment term;

Rvelocity = (1− λ) · exp
(
−α3 · ∥vtarget − vjoint∥2

)
+ λ · dfwd · dtarget + 1

2
(7)

where dfwd and dtarget represent the current and target heading vectors, respec-
tively. This formulation ensures that the character not only reaches the target
speed but also aligns its body orientation with the direction of travel for more
natural movement, as demonstrated in Fig. 1(c).

Object Interaction. To evaluate our framework’s ability to handle contact-rich
interactions, we introduce a sofa-sitting task, shown in Fig. 1(d). The agent is
required to lower its center of mass onto a target seating region on the sofa, whose
position and yaw are randomized at initialization to encourage generalization.
The reward follows the same formulation as Rlocation, penalizing the distance
between the character’s pelvis and the target seating region.

Adaptation on Uneven Terrain. We hypothesize that, although the pre-
trained diffusion prior may fail to maintain balance on uneven terrain, its motion
manifold still contains latent primitives, e.g ., high-stepping and balance recov-
ery, that can be leveraged for locomotion in challenging environments. To test
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this, we evaluate our policies on uneven terrains, which are unseen in the dif-
fusion prior’s training data. Unlike loss-based test-time guidance, which would
require an explicit analytical model of complex terrain geometry, our approach
simply augments the policy observation with a terrain height map. The height
map encodes terrain elevations within a 4 × 4 meter square centered on the
agent’s head at a resolution of 12.5 cm.

To facilitate stable locomotion on irregular surfaces, we employ curriculum
learning [2] for both far goal reaching and agile hand reaching (Fig. 1(a),(c)).
Training starts on relatively flat terrain with nearby targets. Once the mean
reward exceeds a threshold, we progressively increase both terrain difficulty,
e.g ., steeper stairs, rougher slopes, discrete blocks, and target distance. Please
refer to the supplementary materials for more details.

4 Experiments and Results

4.1 Experiment Setup

Implementation Details. When pre-training the diffusion prior, we follow
the training paradigm of UniPhys [50], utilizing a 12-layer causal Transformer
decoder with a 768-dimensional hidden state and 8 attention heads. The model
takes 224-dimensional compact state representations alongside 32-dimensional
latent action embeddings as input. When training the noise navigation policy
with PPO, we freeze the pretrained diffusion prior and use 5-step DDIM denois-
ing. To balance reactivity and efficiency, the action chunk size k is dynamically
adjusted based on task demands: k = 4 is utilized for uneven terrain and agile
reaching tasks to enhance near closed-loop control, while k = 8 is used for flat-
ground scenarios to maximize inference speed. Within each chunk, the pipeline
outputs target joint positions at ∈ RJ×3, which are converted to torques via
a proportional-derivative (PD) controller. These torques drive the transition to
the next state st+1 = SIM(st,at) within the Isaac Gym simulator [20]. The
simulation environment employs a 30Hz control frequency and an SMPL-like
character [24] with 24 rotational joints. We adopt an early termination criterion
if the pelvis height drops below 0.15 m [28]. More PPO training details and
task-specific reward settings are available in the supplementary material.

Baselines. We evaluate our method against four representative physics-based
character control baselines. (1) UniPhys [50], a unified diffusion-based policy
that relies on gradient-based test-time guidance for task-specific control; (2)
PULSE [25], a per-task RL policy utilizing a VAE prior; (3) CLoSD [42], a
hierarchical framework that decouples control into a kinematic diffusion planner
and an RL-based low-level tracker; and (4) MaskedMimic [39], a unified RL
controller that distills a multi-task policy using a masked cVAE. In addition to
these general controllers, we evaluate against three representative task-specific
RL baselines utilizing adversarial motion priors for the far goal-reaching task:(5)
AMP [31], (6) CML [54], and (7) AdaptNet [55]. We used the officially released
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Table 1: Comparison with task-specific RL baselines on the far-goal reaching task.

Type Methods Jerk (m/s3) ↓ Success Rate ↑ Samples ↓

Flat
AMP [31] 2387 0.967 1200M
CML [54] 2185 0.963 400M

NaP(Ours) 1266 0.984 327M

Terrain AdaptNet [55] 2444 0.868 408M
NaP(Ours) 1788 0.860 900M

models for all baselines, except for PULSE and AMP, which we trained with the
same reward as our method.

Evaluation Metrics. For all tasks, we measure task success rates and error
metrics across 1000 episodes to evaluate the policy performance. We further as-
sess physical plausibility by quantifying motion smoothness via jerk, the time
derivative of acceleration. Fallen cases are excluded from these plausibility mea-
surements. We also benchmark the inference efficiency (frames per second, FPS)
against the diffusion-based baseline. To evaluate sample efficiency, we report
the total number of Markov Decision Process (MDP) steps in Table 1, where
each step corresponds to an action segment spanning 4 frames for terrain, and
8 frames for flat ground. Sample counts for AMP are obtained from our own
training runs, while metrics for CML and AdaptNet are sourced directly from
their original papers. More qualitative visual results can be found in the supple-
mentary video.

4.2 Far Goal Reaching

This task evaluates long-horizon stability through far-goal reaching. During
training, pelvis goals are set within a 0.9–0.92 m height and a 6 m horizon-
tal radius. During evaluation, goals are fixed at a 5 m distance and uniformly
sampled within a ±45◦ sector relative to the character’s forward heading. Success
requires the pelvis to stay within 0.3 m of the goal for 0.5 s.

As presented in Table 2 and Table 3, compared with the diffusion-based
UniPhys, which depends on test-time guidance to reach the goal, NaP achieves
both substantially faster inference and higher success: 22.5 FPS vs. 2.9 FPS
and 98.4% vs. 81.9%, while still preserving motion smoothness and naturalness.
Against RL-based baselines (CLoSD and PULSE), NaP attains a similarly high
success rate but produces significantly smoother and more natural motions. In
particular, PULSE exhibits noticeable high-frequency jitter and less fluid transi-
tions, whereas CLoSD often yields abrupt turning behaviors and severe jittering,
especially in the hand and foot joints. MaskedMimic, in contrast, fails to reach
distant goals robustly. Similarly, compared to task-specific adversarial baselines,
NaP attains higher motion naturalness than AMP as shown in Table 1 and
delivers superior motion quality over CML and AdaptNet while maintaining a



12 C.-W. Chen et al.

Table 2: Inference efficiency comparison with diffusion-based baseline.

Inference Speed (FPS) ↑ Far Goal Reaching Velocity Control

UniPhys 2.9 5.2
NaP-Control (Ours) 22.5 24.4

Table 3: Flat-ground motion naturalness and success rate comparison.

Methods
Far Goal Reaching Agile Hand Reaching Velocity Control Object Interaction

Jerk ↓
(m/s3)

Success Rate ↑
Jerk ↓
(m/s3)

Success Rate ↑
Jerk ↓
(m/s3)

Velocity Error ↓
(m/s)

Success Rate ↑
Jerk ↓
(m/s3)

Success Rate ↑

PULSE [25] 2594 0.998 3631 0.998 2273 0.0455 0.996 1373 0.999
MaskedMimic [39] 3564 0.304 2750 0.725 2420 0.0678 0.355 1310 0.298
CLoSD [42] 1876 0.998 – – – – – 1505 0.862
UniPhys [50] 528 0.819 – – 401 0.7971 0.921 – –
NaP-Control(Ours) 1266 0.984 1146 0.991 752 0.1753 0.990 491 0.979

comparable success rate. We also compare against a transformer-based task-
specific RL baseline on a path-following task. Please refer to the supplementary
material for details.

These results demonstrate that navigating latent noise selection in a pre-
trained diffusion-based action prior using task rewards and environmental feed-
back enables robust, goal-directed behavior while preserving motion realism.
Importantly, NaP removes the need for expensive test-time optimization, as the
policy directly learns to generate physically feasible and task-successful actions
through efficient noise navigation. Additional qualitative comparisons are pro-
vided in the supplementary video.

4.3 Agile Hand Goal Reaching

This task evaluates motion agility and reactivity through right-hand reaching
with frequently changing targets sampled from all directions. During evaluation,
targets are placed within a radius of 1 m, with heights ranging from 0.4 to
2.0 m. The task requires rapid postural adaptation while maintaining temporal
smoothness and stability. A trial is considered successful if the hand remains
within 0.3 m of the target for at least 0.2 s.

UniPhys and CLoSD fail to complete this task due to insufficient fine-grained
control, while MaskedMimic achieves a relatively low success rate. Consistent
with the far-goal reaching results, NaP achieves a success rate comparable to
PULSE, but with substantially reduced motion jitter (jerk 1146 m/s3 vs. 3631
m/s3) and noticeably smoother transitions. Compared to far goal reaching, the
advantage in motion naturalness becomes even more pronounced in this setting,
as the task demands rapid directional and height changes that strongly challenge
the temporal coherence of conventional RL-based policies.



NaP-Control 13

Fig. 3: Qualitative Comparison of Object Interaction Task.

4.4 Velocity Control

For the velocity control task, the direction and speed of the target velocity
are randomly sampled within 3m/s for each episode. We allow a 90-frame (3s)
transition period to reach the target velocity before calculating the mean tracking
error, while motion smoothness is quantified over the entire 200-frame (7s) non-
falling episodes to capture the quality of the initial acceleration and facing-
direction transition phase. The success rate is defined as the ratio of episodes in
which the character completes the motion without falling to the total number of
episodes. CLoSD does not provide velocity control, and MaskedMimic fails the
task with a low success rate. PULSE achieves a low velocity error, but produces
unnatural running poses with a high jerk. In contrast, UniPhys produces much
smoother motion with a jerk of 401 m/s3, but at the cost of a significant velocity
error of 0.7971 m/s. NaP effectively bridges this gap, generating smooth motion
with a jerk of 752 m/s3, which is comparable to the performance of UniPhys,
while achieving a velocity error of 0.1753 m/s.

4.5 Object Interaction

We evaluate the agent’s ability to reach a target sitting position on a sofa.
Success is achieved when the pelvis is within 0.15m horizontally and 0.1m ver-
tically of the target height. Although our diffusion prior was not trained on
human-object interaction data, NaP can identify the most suitable motion for
the sitting task while maintaining natural sitting motions. In contrast, CLoSD
and MaskedMimic have a low task success rate; UniPhys cannot perform the
task; PULSE, without a specific reward for human-like motion, produces highly
unnatural behaviors to satisfy the goal, such as severe upper-body twisting (see
Fig. 3). This comparison underscores that NaP inherently preserves the manifold
of natural human movement, even when applied to object interaction scenarios
for which no explicit data exist in the training of the diffusion prior.

4.6 Performance on Uneven Terrain

By incorporating terrain height maps, we extend our framework to uneven ter-
rains, demonstrating strong generalization to previously unseen environments.
We note that diffusion-based baselines such as UniPhys and CLoSD are trained
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Table 4: Uneven-terrain motion naturalness and success rate comparison. While
MaskedMimic minimizes velocity error, it suffers from a lower success rate.

Methods
Far Goal Reaching Agile Hand Reaching Velocity Control

Jerk (m/s3)↓ Success Rate ↑ Jerk (m/s3)↓ Success Rate ↑ Jerk (m/s3)↓ Velocity Error (m/s)↓ Success Rate ↑

PULSE [25] 2830 0.966 3976 0.980 2397 0.0569 0.995
MaskedMimic [39] 3566 0.319 2723 0.676 2262 0.0556 0.292
NaP-Control(Ours) 1788 0.860 1520 0.909 1358 0.1654 0.950

and evaluated on flat-ground settings in their original formulations, and therefore
cannot be directly deployed on uneven terrains. Consequently, we restrict our
benchmarking to PULSE and MaskedMimic. Consistent with our flat-ground
results, NaP achieves goal-reaching success rates and velocity tracking errors
comparable to PULSE, and significantly outperforms MaskedMimic, while pro-
ducing substantially smoother and more human-like motion. These results high-
light that navigating latent noise selection within a pretrained diffusion-based
action prior enables robust adaptation to new environments, allowing our ap-
proach to extend naturally to more challenging and previously unseen scenarios.
Quantitative comparisons are summarized in Table 4.

4.7 Ablation Studies

Motion State Representation. We adopt a compact yet informative state
representation that includes global root trajectories, joint rotations, and angular
velocities, while excluding local joint positions and linear velocities. This design
reduces the effective search space without sacrificing key motion cues, balancing
RL exploration efficiency and control stability, as evidenced by our flat-ground
far goal-reaching results (Fig. 4(a)). Using this compact representation yields
more efficient exploration than the redundant full state used in UniPhys and
substantially outperforms a minimal state that retains only root-related features.

Action Chunking Size. While action chunks of 4–8 steps generally balance
temporal consistency and reactive control (Fig. 4(b)), task difficulty dictates the
ideal granularity. As shown in Fig. 4(c), smaller chunk sizes favor stability on
uneven terrain and achieving precision in agile hand-reaching tasks.

Noise Navigation Space. While task execution only requires action output,
we find that navigating both state and action noise spaces significantly out-
performs navigating action noise space alone. As evaluated on flat-ground agile
hand reaching (Fig. 4(d)), this joint strategy provides the RL policy with finer
control over the diffusion prior’s generative manifold, resulting in more robust
and physically plausible task completion.

ODE-Solver Step and Inference Speed. We evaluate the inference speed
across varying diffusion denoising steps for the velocity control task on flat
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Fig. 4: Ablation studies. (a) Effect of state representation on flat-ground far goal reach-
ing. (b–c) Effect of action chunk size k for agile hand reaching on flat ground (b) and
uneven terrain (c). (d) Comparison of joint state-action noise optimizing versus action-
only noise optimizing for agile hand reaching.

Fig. 5: Training convergence of the velocity control task on flat ground with different
diffusion denoising steps.

ground. 5 denoising steps are a practical trade-off between training and infer-
ence efficiency as shown in Fig. 5. Inference can be accelerated by reducing the
number of denoising steps, at the cost of increased training effort.

5 Conclusion

We presented NaP-Control, a framework for fast and robust whole-body char-
acter control that navigates the latent noise of a task-agnostic diffusion policy
toward task-specific behaviors. By training a compact RL agent to directly pre-
dict the diffusion noise that leads to high-reward actions, NaP preserves the
motion quality of the prior while eliminating both the computational overhead
and fragility of gradient-based control at inference. A key property of NaP is that
it learns by interacting directly with the environment, enabling it to generate
motion under complex dynamics and handle non-differentiable task objectives,
which enhances robustness in difficult conditions. Consequently, NaP achieves
higher success rates with low-latency inference, making diffusion-based control
viable for real-time use. We believe NaP provides a foundation for generating
natural, expressive motion in diverse tasks that require long-horizon stability
and precise responsiveness, including whole-body loco-manipulation, contact-
intensive interactions, and dynamic multi-agent settings.
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