
DreamControl: Human-Inspired Whole-Body Humanoid Control for
Scene Interaction via Guided Diffusion

Dvij Kalaria1,2 Sudarshan Harithas1,3 Pushkal Katara1 Sangkyung Kwak1 Sarthak Bhagat1 S. Shankar Sastry2

Srinath Sridhar3 Sai Vemprala1 Ashish Kapoor1 Jonathan Huang1

Abstract— We introduce DreamControl, a novel method-
ology for learning autonomous whole-body humanoid skills.
DreamControl leverages the strengths of diffusion models and
Reinforcement Learning (RL): our core innovation is the use
of a diffusion prior trained on human motion data, which
subsequently guides an RL policy in simulation to complete
specific tasks of interest (e.g., opening a drawer or picking up
an object). We demonstrate that this human motion-informed
prior allows RL to discover solutions unattainable by direct
RL, and that diffusion models inherently promote natural-
looking motions, aiding in sim-to-real transfer. We validate
DreamControl’s effectiveness on a Unitree G1 robot across a
diverse set of challenging tasks involving simultaneous lower
and upper body control and object interaction.
Project website: genrobo.github.io/DreamControl/
Appendix: genrobo.github.io/DreamControl/Appendix.pdf

I. INTRODUCTION

Significant advancements in humanoid robot control have
been made in recent years, particularly in locomotion and
motion tracking, leading to impressive demonstrations such
as robot dancing [1], [2] and kung-fu [3]. However, for
humanoid robots to transition from mere exhibitions to
universal assistants, they must be able to interact with their
environment by fully leveraging their humanoid form factor’s
mobility and extensive range of motion. This includes tasks
such as stooping to pick up objects, squatting for heavy
boxes, bracing to open drawers or doors, and precise pushing,
punching, or kicking of specific targets.

These tasks are sometimes referred to as whole-body
manipulation and loco-manipulation tasks, and continue to
pose substantial challenges for the humanoid robotics field.
Existing approaches to humanoid manipulation often sim-
plify the problem by fixing the lower body (e.g., [4]), training
upper and lower bodies separately with the lower body
reacting to the upper (e.g., [5]), or focusing exclusively on
computer graphics applications (e.g., [6], [7]).

A major challenge in whole-body loco-manipulation is that
of contending with multiple timescales. First, there is the
problem of dynamically maintaining stability and balance,
which requires short-horizon control and robustness at the
sub-second scale and is challenging due to high degrees
of freedom, underactuation, and a high center of mass.
Recent approaches address this part of the problem with
reinforcement learning (RL) and sim-to-real transfer.
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Fig. 1: Unitree G1 humanoid performing various skills trained via
DreamControl, including (1) opening a drawer, (2) bimanual pick
(of a box), (3) ordinary pick and (4) pressing an elevator button.

Concurrently, the robot needs to formulate a motion plan
for grasping distant objects, which is a long-horizon problem,
spanning up to tens of seconds. The long-horizon and high-
dimensional nature of bimanual manipulation leads to a
particularly challenging RL exploration problem, requiring
complex and precise coordination between both sets of
arms and hands. Directly applying RL in such scenarios
can therefore often fail or lead to unnatural behaviors that
generalize poorly to the real world [8].

Consequently, modern approaches often rely on real-
world data collection and imitation learning. Among these
approaches, diffusion policies [9] (and related flow matching
based approaches [10]) have shown promise in generating
long, consistent temporal data, offering a potential solution to
these challenges. Conceptually, diffusion-based approaches
are a natural fit for the multimodal nature of action dis-
tributions in manipulation and also scale well, allowing
for learning multiple tasks simultaneously. A complication,
however, is the limited availability of teleoperation data
for whole-body humanoid control, leading some groups to
propose using only upper-body teleoperation data. Whatever
the form, however, collecting large teleoperation data can be

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 15955



labor-intensive and difficult to scale (Goldberg [11] refers to
this as the 100,000-year data gap in robotics).

We introduce DreamControl, a two-stage methodology
for learning autonomous whole-body skills that explicitly
addresses the above issues by leveraging the strengths of
both diffusion models and RL. Our key innovation is the use
of a diffusion prior over human motions, specifically utilizing
OmniControl [12], which takes text conditions (e.g., “open
the drawer”) and spatiotemporal guidance (e.g., enforcing a
wrist position at a specific time) as input. Subsequently, we
retarget motion samples from this prior to the robot form
factor of interest and train an RL policy in simulation to
follow these retargeted samples while simultaneously com-
pleting some task of interest (e.g., lifting a heavy box). We
demonstrate that both privileged and non-privileged versions
of this policy can be trained with minor modifications,
facilitating convenient deployment to real robots.

Our approach offers several benefits. First, instead of
relying on teleoperation data, it only depends on human data
for training the diffusion prior. Human motion data is far
more abundant (e.g. from motion capture and video sources),
and since it only informs the prior, we do not depend on
access to explicit reference trajectories during policy rollouts,
enabling fully autonomous task execution. We show that this
prior enables RL to discover solutions unattainable by direct
RL approaches. Additionally, our diffusion prior contributes
to bridging the sim-to-real gap by proposing natural-looking
(less robotic) motion plans that generally do not include
extreme motions.

We demonstrate the success of DreamControl on a Unitree
G1 robot across a variety of challenge tasks, including those
emphasizing simultaneous lower and upper body control
and object interaction, alongside ablations that validate our
design choices.

II. RELATED WORK

Our work is inspired by three main strands of research:
robot manipulation (with imitation learning as well as on-
policy RL), RL for legged robots (from locomotion and
teleoperation to full autonomy) as well as the character
animation and human motion modeling literatures.

A. Recent Advances in Manipulation
Modern deep learning approaches to robot manipulation

are commonly based on imitation learning [13]–[15]. Our
work draws particularly on those that leverage diffusion [16],
[17] or related flow matching [18] approaches to policy pa-
rameterization [9], [10], [19]–[23]. These approaches attempt
to emulate the success of LLMs because they scale well
given lots of data, but unlike text, robot data is not ubiqui-
tously available on the internet. Collecting robot trajectories
is costly, requiring expensive teleoperation rigs as well as
training and paying human teleoperators.

There are also on-policy RL approaches trained in simu-
lated environments that are more scalable [4], [24] — though
robust sim2real transfer is challenging. Most relevant to our
approach is the work of Lin et al [4] who demonstrate robust

bimanual manipulation skills on a humanoid robot, but do
not address whole body skills. Like [4] we use on-policy RL
(instead of behavior cloning with teleoperated trajectories)
— but our models are informed by a diffusion prior over
human motion, significantly reducing the need for reward
engineering.

B. RL controllers for legged robots
In recent years, deep RL has seen significantly increased

adoption in RL controllers for legged robots, starting with
robust legged locomotion policies for quadrupeds [25]–
[27] followed by bipedal form factors (including hu-
manoids) [28]–[34]. More recently authors have proposed
whole body motion tracking and teleoperation approaches
which allow a robot to track the motion of a human teleop-
erator [1], [2], [35]–[42] including advances in handling agile
and extreme motions (e.g. KungFuBot [3] and ASAP [43]).
See also [44] for a more complete overview of the field.

Finally, beyond tracking a provided human motion, lies the
challenge of enabling fully autonomous execution of specific
tasks, e.g. kicking, sitting, swinging a golf club (we will
sometimes refer to these as “skills”) [5], [43], [45]–[50].

Among these works, HumanPlus [48] and AMO [5]
demonstrate whole body autonomous task execution but
require teleoperated trajectories for IL. R2S2 [50] train a
limited set of “primitive” skills and focus primarily on
ensembling these primitives using IL and RL — whereas
our focus is on a recipe for training a library of such
primitive skills. Finally we note that BeyondMimic [49]
also leverages both guided diffusion and RL, but the way
that diffusion is used is mostly orthogonal to our work.
Guidance in their diffusion policy is “coarse” rather than
fine-grained compared to our work and does not account for
object interaction or long range planning.

C. Character Animation and Motion Models
There is also a similar literature on modeling the move-

ment of humanoids in physically realistic character animation
settings [8], [51]–[58]. By having access to privileged sim-
ulation states and no sim-to-real distribution shifts, solving
problems in this simplified synthetic setting first has proven
useful as a stepping stone to crossing the sim-to-real gap.

We are in particular influenced by statistical priors over
human motion — which have a rich history (see e.g. [59]–
[61]) and today leverage the recent advances in generative AI
(such as diffusion models and autogregressive transformers)
[6], [7], [12], [62], [63].

Among these papers, our work is most influenced by Omn-
iGrasp [8], CloSd [7] and TokensHSI [6], all of which explic-
itly handle object/scene interactions. Omnigrasp leverages a
prior over human motions (PULSE, [55]) taking the form
of a bottleneck VAE that directly predicts actions though
has the disadvantage of being somewhat more awkward to
interpret directly as a prior on human trajectories. CloSd
generates motion plans via diffusion and using an RL-trained
policy to execute in simulation. Our work goes further by
leveraging richer/fine-grained guidance which allows us to
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Fig. 2: DreamControl Overview: (A) we first generate text and spatiotemporally guided human motion trajectories using diffusion; (B)
we train goal-conditioned RL policies to track these generated trajectories while completing some task of interest; (C) we deploy these
policies to a real humanoid, leveraging off-the-shelf vision models to determine spatial guidance inputs for the RL policy.

handle a larger variety of tasks and addresses important
sim2real aspects (such as removing explicit dependence on
reference trajectories), enabling deployment on a real robot.

III. THE DREAMCONTROL METHODOLOGY FOR
CONSTRUCTING HUMANOID SKILLS

Our approach starts conceptually with standard teleoper-
ation RL pipelines for quadrupeds and bipeds / humanoids.
Typically such an RL policy (e.g., [35], [36]) is trained
with a dense reward for accurately tracking keypoints from
an input trajectory (obtained e.g., via motion capture of
a human) along with other rewards (for stability, balance,
smoothness, etc). However for training a humanoid to per-
form autonomous skills (such as picking up an object) an
input trajectory is not available at test time so we need to
either let RL learn the motion through exploration (which is
very hard without careful reward engineering), or we need
to generate this motion plan externally.

In DreamControl, we take this latter route of first gener-
ating motion plans externally through a pre-trained human
motion prior. These generated motion plans are then used
implicitly during RL training in the reward signal but not
explicitly used as goal conditions by the policy, (hence
putting the “Dream” in “DreamControl”). In addition to these
dense tracking rewards, we also use sparse and verifiable
task-specific rewards to explicitly promote task completion.
The overall pipeline is summarized in Fig. 2. We now discuss
the two stages of (1) trajectory generation from a human
motion prior and (2) RL in more detail. More details about
the exact parameters used for each task in these 2 stages are
in the Appendix.

A. Stage 1: Generating Reference Trajectory from a Human
Motion Prior

A key desiderata for our first stage is to leverage human
motion data instead of humanoid teleoperation data which is

expensive. Human motion data is widely available (either in
the form of motion capture datasets or implicitly in video
datasets) and thus allows us to learn high quality priors
and a multitude of tasks. By generating realistic human-like
motions we also hope for more seamless sim-to-real transfer
and also offer more natural interaction with humans.

Additionally, we would like to choose a model that has
favorable scaling properties with respect to data. We thus
use a diffusion transformer [9], [62], [64] which has been
shown to be successful in modeling human motion as well
as robot manipulation trajectories and is known to scale well
with large datasets while remaining well behaved in low data
regimes [65].

Among previous motion diffusion models, we build on
OmniControl [12] which can be flexibly conditioned on both
text and spatiotemporal guidance. OmniControl generates
trajectories following a given text command (e.g., “Pick up
the bottle”) while stipulating that a joint or a subset of joints
reach a prespecified spatial location at a prespecified time.
In this way, our trajectory generation stage is analogous to
image or video inpainting.

This form of spatiotemporal guidance allows us to con-
nect a generated trajectory to its environment (for example,
allowing us to specify where a humanoid should sit, how
high it should jump, or the location of the object to be
manipulated). Being able to control this interaction point
is critical, since in the RL simulator we can instantiate an
object at some location and then use trajectories that are
guaranteed to approach this object, significantly facilitating
the RL exploration problem. In DreamControl, we specifi-
cally design the form of spatiotemporal guidance for each
task. For instance, our pick task involves providing a spatial
target for the wrist. See the Appendix for more details on
guidance control implementations.
Post-retargeting and trajectory filtering: Since Omni-
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control is trained on human trajectories (represented via
the SMPL parameterization [66]), we next retarget these
generated trajectories to the G1 form factor (in similar
fashion to [67]): by solving an optimization problem (using
the PyRoki [67] library) that minimizes the relative keypoint
positions, relative angles, and a scale factor that adjusts for
the difference in link lengths. Additional residuals, such as
feet contact costs, self-collision costs, and foot orientation
costs, are used to improve physical plausibility.

Finally, we apply a layer of post-processing to the gen-
erated G1 trajectories prior to passing on to RL. Some of
the generated trajectories are not dynamically feasible and
thus not fit to be used for tracking in Stage 2. We devise
task-specific filtering mechanisms based on some heuristics
as discussed in detail in the Appendix. We also apply task-
specific trajectory refinements to avoid unnecessary move-
ments, such as setting all left arm joints to a default value
in the Pick task, where only right arm is used. These are
also discussed in the Appendix.
Trajectory representation: After all post-filtering and
refinement, we have a set of reference trajectories, {ωi} gen-
erated with the same task-specific text prompt with different
(pk,i, tk,i) spatiotemporal “goals”, which mean that joint k
should be at position pk,i at time tk,i. In addition to this,
we also define tg as the time at which the task-specific goal
interaction occurs. For example, tg for the Pick task is the
time when the object is to be picked up, tg for the Button
Press task is when the button is to be pressed, etc. This
tg is crucial for synthesizing scenes for each given reference
trajectory, as we discuss later in Section III-B.

Each reference trajectory is represented as a sequence
of target frames, ωi = [ωi,0, ωi,!t, ..., ωi,(L→1)!t], where
!t = 0.05s is the time step and L = 196 is trajectory
length (hence each trajectory spans 9.8s). Each frame is
represented as ωt = {pref,root

t , εref,root
t , qref

t , sref,left
t , sref,right

t }
where qref

t → R27 are the reference joint angles, pref,root
t → R3

is the position of the root, εref,root
t → R4 is the orientation

of the root in quaternions, and sref,left
t , sref,right

t → {0, 1} are
the left and right hand states with 0 denoting open and 1
denoting closed. These are manually labeled for each task;
for example, for the pick-with-right-hand task, we ensure that
the right hand closes immediately after time tg and that the
left hand stays closed through the duration of the task. Refer
to the Appendix for more details.
Out-of-distribution tasks: We use OmniControl in this
paper in a “zero-shot” fashion in the sense that we use
the weights and hyperparameters as originally released by
authors, and retarget them to G1 after trajectory generation.
Since OmniControl is trained on HumanML3d [68], we find
that it is capable of handling a wide variety of tasks “out-
of-the-box”.

However, we also explore a method handling certain
novel tasks that are not well represented by Omnicontrol
training distribution (e.g., pulling drawers) by using IK-based
optimization on a base trajectory of a person standing idle
(or bending down to pull a drawer below waist-level). More
details are described in the Appendix.

B. Stage 2: RL with Reference Trajectory
Once we have the reference trajectories from Stage 1, we

formulate the interactive task as an RL problem. In this
section, we describe a “privileged” variant with access to
internal simulator states and defer our discussion of how to
adapt this approach for real deployments to Section IV.
Scene synthesis: First we need to synthesize a scene that
makes sense for each of the Stage 1 kinematic trajectories
to execute the interactive task — for example if we had
used guidance in Stage 1 to ask that the wrist be at point
p at time t, then during RL we instantiate the object-to-be-
manipulated near point p. More formally, given the time tg
at which the interaction happens in the generated trajectory
(e.g., the time at which the object is picked, button is pressed
etc.), we place the object of interest (pick object, button etc.)
at the following location:

to,world = tb,world
tg +Rb,world

tg to,b, (1)

Ro,world = Rb,world
tg Ro,b

tg , (2)

where (tb,world
tg , Rb,world

tg ) is the pose of the robot body part
link in question in world frame (e.g., the right wrist link for
the pick-with-right-hand task) and (to,b, Ro,b) is the offset
of the object w.r.t the robot body part link where the object
should be placed. All specific offsets and body part links used
in each task are listed in the Appendix. We randomize the
timestamp tg , target positions used to generate trajectories,
and thus ptg , and other characteristics of the object such as
mass and friction. We choose randomization hyperparameters
to demonstrate a wide range of settings for which we can
generate and use reference trajectories to solve tasks that can
be scaled with careful engineering. The exact randomization
hyperparameters of the environment are reported in the
Appendix.
Action space: Next we define our action and observa-
tion spaces. Our simulated robot is a 27-DoF Unitree G1
equipped with two 7-DoF DEX 3-1 hands, one mounted on
each wrist (in real world experiments we use Inspire hands).
In this work we restrict hand control to discrete open/closed
configurations that are fixed per-task (see Appendix for task-
specific settings, e.g., extending the right index finger for
the open configuration during the button-press task). The
action space is therefore defined as at → R29, where at =
{abody

t , aleft
t , aright

t }, with abody
t → R27 denoting the target joint

angles for the G1 body, and aleft
t , aright

t → R controlling the
left and right hands, respectively. For the hand controls,
negative values correspond to an open hand and positive
values to a closed hand.
Observations: For each task, we include proprioception
information (joint angles qrobot

t → R27, joint velocities q̇robot
t →

R27), root linear velocity vroot
t → R3, root angular velocity

ϑroot
t → R3, projected gravity in root frame gt → R3, previous

action at→1 → R29, and a target trajectory reference as input
observation, along with privileged task-specific observations
like relative pose of the object, mass, friction of the object
wherever relevant. At time t, the target trajectory refer-
ence observation consists of [ϖt, ϖt+!tobs , ..., ϖt+(K→1)!tobs ]
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TABLE I: Reward terms for reference tracking and smooth policy enforcement.

Reward Term Interpretation

→qrobot
t ↑ qref

t →2 Penalizes deviation from reference joint angles
→pref,key

t ↑ pkey
t,robot→2 Penalizes deviation from reference keypoints (3D positions in world frame)

→probot,root
t ↑ pref,root

t → Penalizes deviation of robot root from reference root position
|ωrel

t | Penalizes deviation in orientation between robot and reference
|ε(aleft

t )↑ sref, left|+ |ε(aright
t )↑ sref, right

t | Penalizes deviation of hand states from reference (ε(x) = 1
1+e→x )

→ϑt→2 + →q̈robot
t →2 Penalizes high torques and accelerations

→at→at→1
!t →2 Penalizes high action rate changes∑

k={left foot,right foot}→cf(posrobot, f
t ↑ posrobot, f

t→1 )→ Penalizes foot sliding while in ground contact
nfeet Penalizes excessive foot-ground contacts (to discourage baby steps)
ωleft foot,z
z + ωright foot,z

z Encourages feet to remain parallel to the ground (discourages heel sliding)

where K is the number of time steps into the future,
and !tobs = 0.1s is a hyperparameter. ϖt consists of
(qref

t , q̇ref
t , prel, root

t , prel, key
t , sref, left

t , sref, right
t ) where qref

t → R27

are the target joint angles, q̇ref
t → R27 are the target joint

velocities, prel,root
t is the relative pose of the root reference

with respect to the robot’s base, prel, key
t → R3↑41 corresponds

to the relative position of the 41 keypoints on the robot with
respect to it’s root and sref,left

t , sref,right
t are the target reference

binary hand states. Note that ϖt essentially contains the same
information as ωt but is transformed into the robot’s frame
and some redundant information is added for ease of policy
learning inspired from [36], [40], [43]. Unlike these other
works, we include relative pose prel, root

t as input instead
of root reference velocities, and target reference keypoints
of reference with respect to robot’s root instead of target
trajectory’s root. This is because works like [40] do not aim
to precisely track the trajectory but instead train a deployable
policy that aims to follow velocity commands of root, and
thus tend to drift from global reference trajectory. In our
work, as we aim to precisely follow trajectories to accom-
plish interactive tasks, we exploit the privileged sim global
root position to obtain relative keypoints as observation.
However, it must be noted that it should be possible to
later train a non-privileged vision-based policy that exploits
scene information from vision to implicitly replace the global
position privileged information.
Rewards: In Table I, we summarize our reward terms (1) for
tracking the reference correctly, (2) to encourage maintaining
balance and enable smooth control.

We also add some (3) task-specific rewards to encourage
accomplishing the task with high success rates, such as the
reward for raising an object above a height for the pick task.
These are described for each task in the Appendix. The total
reward rt is obtained by:

rt = ”10
i=1wrirt,i + wrtask,sparsertask,sparse,

where wri for i → {1, 2, ..., 10} (indexing over our 10 reward
terms) and wrtask,sparse are task-specific weights whose exact
values are given in the Appendix.
Training: We setup our environment and training in Isaa-
cLab [69] that uses IsaacSim simulation. All policies are
trained on an NVIDIA RTX A6000 with 48 GB vRAM using
PPO [70]. For each task, we train for 2000 iterations with
8192 parallel environments. See Appendix for more details.

TABLE II: Success rates (%) in simulation over 1000 random
environments. (a) TaskOnly; (b) TaskOnly+; (c) TrackingOnly.
Bold denotes the best results.

Task / Method (a) (b) (c) Ours

Pick 0 15.1 87.5 95.4
Bimanual Pick 0 31.0 100 100
Pick from Ground (Side Grasp) 0 0 99.4 100
Pick from Ground (Top Grasp) 0 0 100 100
Press Button 0 99.8 99.1 99.3
Open Drawer 0 24.5 100 100
Open Door 0 15.4 100 100
Precise Punch 0 100 99.4 99.7
Precise Kick 0 97.6 96.1 98.6
Jump 0 0 100 100
Sit 0 100 100 100

IV. EVALUATION

A. Tasks and Baselines
We evaluate on a library of 11 tasks: Pick, Bimanual

Pick, Pick from Ground (Side Grasp), Pick

from Ground (Top Grasp), Press Button, Open
Drawer, Open Door, Precise Punch, Precise

Kick, Jump, and Sit. For comparison, we report results
for our method (DreamControl), which combines tracking
with task-specific sparse rewards, and three baselines:
(a) TaskOnly: only task-specific (sparse) rewards,
(b) TaskOnly+: only task-specific rewards, both sparse and

engineered dense rewards inspired by [8], and
(c) TrackingOnly: only tracking rewards.

B. Simulation Results
Table II reports success rates over 1000 random envi-

ronments, with each task success criteria defined in the
Appendix. Our results show that TaskOnly (a) achieves
0% success across all tasks, since relying solely on sparse
rewards provides no dense guidance to discover meaningful
motions. TaskOnly+ (b) improves performance by adding
engineered dense terms, enabling success on simpler tasks
like Press Button and Precise Punch, but still fails
on tasks requiring coordinated whole-body motion. For ex-
ample, in Pick from Ground, the robot must crouch
in a balanced manner, and in Jump it must first lower its
body before springing upward; with only a pelvis-target
reward, the policy instead “settles for” merely stretching
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DreamControl

TaskOnly+

Fig. 3: Comparison of trajectories for the task of Jump. The top row
shows results from the TaskOnly+ baseline, while the bottom row
illustrates trajectories from the DreamControl. The yellow sphere
depicts the spatial control point used to guide the trajectories.

its knees but is unable to discover how to perform a real
jump (see Fig. 3). TrackingOnly (c) performs better overall,
but struggles with fine-grained interactive tasks such as
Pick. By combining both tracking and task-specific signals,
DreamControl achieves robust performance, outperforming
all baselines and achieving the best results on 9 of 11 tasks.

C. Human-ness Comparison
We also evaluate the human-ness (or naturalness) of tra-

jectories generated by our policies compared to TaskOnly+.
For tasks where TaskOnly+ achieves non-zero success, we
assess how natural the resulting motions appear. First, we
report Fréchet inception distance (FID; [71]) scores on the
HumanML3D dataset [68], using task-matched ground-truth
trajectories obtained via keyword filtering (see Appendix ).
As shown in Table III, DreamControl consistently achieves
lower FID values than TaskOnly+, indicating closer align-
ment with human motions. An exception occurs in the Pick
task, which we conjecture is due to a domain gap: human
demonstrations typically involve waist-level picking, whereas
the shorter G1 robot often performs shoulder-level picks,
making its trajectories less comparable to the human dataset.
However, other metrics suggest that our method DreamCon-
trolproduces more human-like motions consistently in all
tasks.

To further assess motion quality, we calculate average
absolute jerk (Table III, second-to-last column), defined as∑

i

∑
t

∑
k | ...

p key,global
t,k |

NTK , where ...
p key,global

t is the third derivative
of the global position of the kth keypoint, with N = 1000
trajectories, T = 500 time-steps, and K = 41 keypoints.
Lower jerk indicates smoother motions, and our method
significantly outperforms TaskOnly+, producing more fluid,
human-like movements.

We also conduct a user study with 40 participants, in
which they are shown side-by-side videos of trajectories
from both methods (order randomized) and asked to select

TABLE III: Human-ness comparison of DreamControl (Ours) and
TaskOnly+. We report FID and jerk (m/s3), where lower is better,
and the average human preference. Bold denotes the best results.

Task Method FID ↓ Jerk ↓ User Study ↔

Pick
TaskOnly+ 0.240 211.2 15.0%
Ours 0.320 147.5 85.0%

Press Button
TaskOnly+ 1.220 235.7 17.25%
Ours 0.375 161.9 82.75%

Precise Punch
TaskOnly+ 0.417 229.9 7.5%
Ours 0.084 199.8 92.5%

Precise Kick
TaskOnly+ 0.522 360.9 17.5%
Ours 0.161 252.5 82.5%

Jump
TaskOnly+ 1.216 236.4 5.0%
Ours 0.208 148.5 95.0%

which looked more human-like. As summarized in Table III
(last column), participants overwhelmingly preferred Dream-
Control’s trajectories across all tasks, further confirming the
naturalness of our approach.

Finally, as shown in Fig. 3, the trajectory generated by
our approach (bottom row) is noticeably more natural and
human-like compared to the TaskOnly+ baseline (top row).
Our method exhibits a smooth jumping motion, where the
robot first bends and then lifts off the ground, while the
TaskOnly+ baseline lifts off but without bending, resulting
in a less human-like motion that also does not accomplish
the task.

D. Sim2Real Deployment
To demonstrate real-world effectiveness, we deploy poli-

cies for selected tasks on hardware after retraining with
observations modified in the following ways to remove
dependence on simulator-privileged information:

• Remove the trajectory reference observation (ref ),
though references remain available via the rewards;

• Remove the linear velocity of the root;
• Remove privileged scene-physics information like ob-

ject mass, friction etc.;
• Add time encoding (t, sin(2ϱt/T )), where T is the total

length of the episode.
We use the same rewards as in Stage 2, including motion

tracking terms, but transform the reference trajectory for
(x, y, yaw) of the root to avoid privileged inputs that are
unavailable for the critic. The resulting policy depends only
on the relative position of the object / goal, making it
deployable on the real robot.
Hardware setup: We use a Unitree G1 humanoid (27-DoF,
waist lock mode allowing only yaw movement) equipped
with Inspire dexterous hands (6-DoF each, controlled in
binary open / close mode). An onboard IMU provides root
orientation, gravity direction, and angular velocity. A Re-
alSense D435i depth camera, mounted on the neck, estimates
the 3D position of the object / goal relative to the pelvis.
Deployment: To estimate object positions, we leverage
an off-the-shelf open-vocabulary object detection model,
OWLv2 [72] for 2D localization, then lift to 3D using depth
and object-specific offsets (Fig. 2(C)). Due to OWLv2’s
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inference latency, we detect the object only in the first frame
and hold the estimate fixed thereafter. To mitigate errors
from this static estimate, we freeze the lower body during
interactive tasks (except bimanual pick) and add a penalty
on root velocities to ensure the base remains static. Note
that this limitation stems from perception bottlenecks rather
than our method; in principle, vision-based policies could
be trained via student-teacher distillation (e.g., [4]), which
we leave for future work. We provide details for sim2real
transfer in the Appendix.

We successfully deployed policies for: Pick (standing),
Bimanual Pick (with boxes of varying weights), Press
Button (standing), Open Drawer (at different positions),
Precise Punch (standing) and Squat.

V. DISCUSSION AND FUTURE WORK

In this work, we presented DreamControl, a novel recipe
for training autonomous humanoid skills that leverages
guided diffusion for long-horizon planning and reinforce-
ment learning for robust control, without requiring expensive
demonstration data. We validated our approach on several
challenging tasks, successfully transferring policies from
simulation to a real G1 humanoid robot.

While our current implementation does not yet compose
skills, support dexterous manipulation or complex object
geometries, the data-efficient nature of our method provides a
strong foundation for extensions along these lines. Also, one
fundamental limitation of our work is that it does not handle
recovery behavior yet. We believe that scaling DreamCon-
trol to a broader repertoire of tasks and more diverse robot
morphologies is a promising and immediate next step toward
more capable and general-purpose humanoid robots.
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