










Long-horizon rollouts with stabilization. In behavior
cloning, compounding error occurs when small prediction
errors accumulate during long-horizon rollouts, leading to
distribution drift and unreliable control in out-of-distribution
states. To mitigate this, we set the noise indicator of fully
denoised frames to be greater than zero, k > 0, during
denoising. This prevents the model from overconfidently
treating previous predictions as error-free. Importantly, we
only adjust the noise indicator k to signal that previous states
are slightly noisy, without adding noise to the state-action
predictions. For an overview, see Fig 3(b), and for the formal
formulation of this stabilization trick, refer to Alg. 1 line
5. This technique enhances robustness against distributional
shifts and improves long-term rollout stability.

By integrating these features, our model can adapt to vari-
ous tasks, from high-level language-conditioned control and
detailed state-space manipulation to long-horizon planning.
Flexible test-time denoising configurations allow dynamic
adjustment of parameters, such as noise schedules and plan-
ning horizons, to meet specific task requirements.

4.4. Applications
We demonstrate the versatility of our model on multiple ap-
plications across various control levels, including interactive
text-driven motion control, sparse goal reaching, velocity
control, and dynamic obstacle avoidance. These applications
highlight the model’s capability to manage both high-level
text-driven control and precise motion adjustments while
adapting to real-time environmental changes.
Interactive text-driven controller. Utilizing fine-grained
frame-level annotations from BABEL, our model learns text-
aligned motion policies for diverse atomic skills, enabling
real-time interactive text-driven control. This allows for on-
the-fly text instruction changes and smooth skill transitions.

For interactive text-driven control, we denoise a small por-
tion of the future trajectory, H = 8 frames. After executing
this segment in the simulator, we update the history and re-
peat the denoising process. This autoregressive rollout mech-
anism lets the model quickly adapt to changing instructions.
To enhance long-term stability, we integrate autoregressive
denoising with the stabilization technique, improving rollout
robustness and skill transition smoothness.
Sparse goal reaching. Using loss-based guidance, our
model enables joint position control, crucial for planning and
sparse goal-reaching. For this task, We predict with longer
future horizon H = 28 but execute only the first few frames,
Ta = 8, of denoised actions to maintain robust control and
adaptability to environmental changes. A gradual denoising
schedule is used alongside stabilization, focusing on refining
near-future predictions while keeping the distant future un-
certain. This setup is suitable for long-horizon tasks and can
be combined with either loss-based guidance or high-level
text instructions to specify different motion styles for actions

h H Ta Denoising schedule

Text-driven control 4 8 8 Autoregressive
Goal reaching 4 28 8 Gradual
Speed Control 4 28 8 Gradual

Obstacle avoidance 4 28 8 Gradual

Table 1. Denoising configurations for different applications, includ-
ing context frames (h), prediction horizons (H), action execution
steps (Ta), and the employed denoising schedule.

such as walking, jogging, running, and sitting.
For goal-reaching, we design a loss function that encour-

ages predicted root positions to be close to the target and an
orientation loss to encourage the character to face the goal.
Velocity control. Our model can effectively regulate velocity
and produce a smooth transition when the target velocity
changes. To accomplish this, we designed a loss function
to guide predicted velocity toward the desired speed and
direction. Although long-horizon planning is not crucial
for this task, we observe that longer-horizon predictions
improve stability and smoothness during transitions when
target velocity directions change.
Dynamic object avoidance. Using autoregressive rollouts,
our model can also adapt effectively to dynamic environ-
ments. We demonstrate this capability in a dynamic obstacle
avoidance task, where the character must react to evade a
pursuing object. A simple smooth signed distance function
(SDF) loss is used to encourage the character to steer away
from the obstacle. We observe that reducing action execution
interval Ta enhances responsiveness to dynamic changes at
the cost of efficiency.

Table 1 summarizes different test-time denoising configu-
rations for each application. We provide detailed loss designs
in the Supp. Mat.

5. Experiments

Baselines. We compare our method against two state-of-
the-art physics-based character multi-task controllers: (1)
MaskedMimic [53], which uses a masked conditional varia-
tional autoencoder (cVAE) to distill a multi-task controller
from a tracking policy, conditioned on predefined control sig-
nals. During training, some control conditions are randomly
masked, allowing flexible test-time conditioning control,
though it lacks planning capability and cannot generalize
to unseen signals; (2) CLoSD [55], a two-stage framework
where a diffusion-based planner generates text- and goal-
conditioned kinematic motions, followed by an RL-based
tracking controller that tracks the planned kinematic motion.
As the planning and control models are separate, the control
model needs to be fine-tuned on a set of predefined tasks to
handle errors induced by the kinematic planner.
Evaluation metric. Following PhysDiff [70] and
CLoSD [55], we assess the physical plausibility of the
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