Learning Versatile Humanoid Manipulation with Touch Dreaming
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Fig. 1: Our system enables versatile, contact-rich, and dexterous humanoid manipulation. A: long-horizon, multi-stage manipulation of
deformable objects (towel folding). B: mixed prehensile and non-prehensile manipulation for thin-profile rigid objects with limited grasp
affordance (book organization). C: tight-tolerance insertion with a clearance of 3.5 mm, requiring high precision and reactive adaptation
(Insert-T). D: dexterous, tool-mediated contact under low-profile constraints (cat litter scooping). E: bimanual object fetch and loco-
manipulation, requiring stable whole-body transport while keeping objects balanced (tea serving); the embedded panel visualizes touch
dreaming by showing the dreamed tactile latent of the right middle finger as a normalized heatmap that changes with finger-object contact.

Abstract— Humanoid robots promise general-purpose as-
sistance, yet real-world humanoid loco-manipulation remains
challenging because it requires whole-body stability, end-effector
dexterity, and contact-aware interaction under frequent con-
tact changes. In this work, we study dexterous, contact-rich
humanoid loco-manipulation. We first develop an RL-based
lower-body controller that serves as the stability backbone for
whole-body execution during complex manipulation. Building
on this controller, we develop a VR-based whole-body humanoid

data collection system that integrates dexterous hands and
tactile sensing for contact-rich manipulation. We then pro-
pose Humanoid Transformer with Touch Dreaming (HTD), a
multimodal encoder-decoder Transformer that models touch
as a core modality alongside multi-view vision and propri-
oception. HTD is trained in a single stage with behavioral
cloning augmented by fouch dreaming: in addition to predicting
action chunks, the policy predicts future hand-joint forces and
future tactile latents, with tactile-latent targets provided by an
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exponential moving average target encoder without requiring
a separate tactile pretraining stage. This encourages the policy
to learn contact-aware representations for dexterous manipu-
lation. Across five real-world contact-rich tasks, HTD achieves
a 90.9% relative improvement in average success rate over the
stronger baseline for each task. Ablation results further show
that latent-space tactile prediction is more effective than raw
tactile prediction, yielding a 30% relative gain in success rate.
These results demonstrate that our touch-dreaming-enhanced
learning system enables versatile, high-dexterity humanoid ma-
nipulation in the real world. More information and open-source
materials are available at humanoid-touch-dream.github.io.

I. INTRODUCTION

Humanoid robots promise general-purpose physical as-
sistance, fueled by rapid progress in whole-body control,
teleoperation, and humanoid learning systems [1]-[6]. Yet
real-world humanoid loco-manipulation remains fundamen-
tally challenging because it requires tight coordination be-
tween whole-body stability and end-effector dexterity under
frequent contact changes. Unlike fixed-base manipulation,
humanoid manipulation is physically coupled with torso
posture, base motion, and foot-ground stability, so uncertain
hand-object contact can affect not only local manipulation
accuracy but also whole-body execution. Consequently, accu-
rate hand motion alone is insufficient; reliable humanoid ma-
nipulation requires stable whole-body coordination together
with contact-aware interaction.

Despite these requirements, few existing systems pro-
vide a practical real-world pipeline that jointly supports
stable whole-body execution, full dexterous-hand control,
and tactile sensing. Although recent humanoid systems have
improved motion tracking, teleoperation, and demonstra-
tion collection [7]-[9], Table E] highlights that few systems
combine whole-body control, full end-effector dexterity, and
touch sensing/modeling in a single platform for dexterous,
contact-rich manipulation. To address this, we build an
integrated whole-body humanoid manipulation system that
combines VR teleoperation with an RL-based lower-body
controller (LBC), upper-body IK, dexterous hand retargeting,
distributed tactile sensing, and touch modeling. This design
provides a stable execution backbone for collecting high-
quality real-world demonstrations while allowing the opera-
tor to focus on task intent and dexterous interaction.

With this tactile-enabled system in place, the next chal-
lenge is how to learn contact-aware policies from multimodal
humanoid demonstrations. Purely action-supervised behav-
ioral cloning from vision and proprioception can struggle
in contact-rich manipulation, where contact is partially ob-
served and changes abruptly over time [10]. Tactile sensing
provides a natural complementary signal for capturing these
contact dynamics, and prior work has demonstrated its value
in visuo-tactile manipulation and predictive tactile learn-
ing [11]-[14]. Yet most existing tactile learning methods are
developed for arm-hand manipulation and often rely on sepa-
rate tactile pretraining, explicit world-model modules, multi-
stage inference, or manually designed virtual targets tied to
specific sensing and control setups [13]-[17]. More broadly,

predictive latent learning in Joint-Embedding Predictive Ar-
chitectures such as I-JEPA [18] and V-JEPA 2 [19] suggests
that future prediction in latent space can induce semantically
meaningful representations without reconstructing raw obser-
vations or training a separate generative pipeline. However,
these ideas have rarely been brought into a single-stage
whole-body humanoid imitation policy that must jointly
handle dexterous manipulation, locomotion-related action
generation, and rapidly changing contact.

Motivated by this gap, we propose Humanoid Trans-
former with Touch Dreaming (HTD), a multimodal
encoder—decoder Transformer for dexterous humanoid loco-
manipulation. HTD models touch as a core modality along-
side multi-view vision and proprioception, and is trained
in a single stage with behavioral cloning augmented by
touch dreaming. In addition to predicting action chunks,
HTD predicts future hand-joint forces and future tactile
latents. The tactile targets are produced by an exponential
moving average (EMA) target encoder, yielding stable latent
supervision without requiring a separate tactile pretraining
stage. Rather than using future touch prediction as a separate
world model or inference-time module, HTD uses it as an
auxiliary objective that regularizes the shared Transformer
trunk to learn contact-aware latent dynamics while keeping
deployment simple.

We evaluate the full system on five real-world contact-
rich tasks: Insert-T, Book Organization, Towel Folding, Cat
Litter Scooping, and Tea Serving. These tasks span tight-
tolerance insertion, hard-to-grasp rigid-object manipulation,
long-horizon deformable-object handling, low-profile tool
use, and bimanual loco-manipulation, together stressing pre-
cise alignment, sustained contact, whole-body coordination,
and diverse interaction modes. Across these tasks, HTD
achieves a 90.9% relative improvement in average success
rate over the stronger ACT baseline for each task, while
ablations show that latent tactile dreaming is more effective
than raw tactile prediction. Together, these results suggest
that combining stable whole-body execution, tactile-enabled
dexterous manipulation, and predictive touch dreaming pro-
vides a practical path toward reliable humanoid manipulation
under frequent contact changes.

Our contributions are threefold:

We develop a tactile-enabled whole-body humanoid
manipulation system for stable, dexterous, contact-rich
real-world manipulation.

We introduce Humanoid Transformer with Touch
Dreaming (HTD), a multimodal encoder—decoder Trans-
former for humanoid loco-manipulation that treats touch
as a core modality and is trained in a single stage
with touch dreaming, including future hand-joint-force
prediction and EMA-supervised tactile-latent prediction
for contact-aware representation learning.

We evaluate the full framework on five real-world
contact-rich humanoid manipulation tasks and show that
HTD consistently improves over baselines, with latent
tactile prediction outperforming raw tactile prediction.
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II. RELATED WORK

TABLE I: Comparisons to previous humanoid manipulation learn-
ing systems

Method End-Effgctor Whole- Toulch Touch

Dexterity Body Sensing  Modeling
OmniH20 [1] Dex-Hand Full v X X
HumanPlus [5] Dex-Hand Full v X X
Mobile-TeleVision [20] Dex-Hand Full v X X
AMO [21] Dex-Hand Full v X X
ViTacFormer [12] Dex-Hand Full X v v
TWIST2 [7] Dex-Hand Open/Close v X X
ViTac Humanoid [22] Dex-Hand Full X v X
SONIC [6] Dex-Hand Open/Close v X X
Humanoid UMI [23] Gripper v X X
HumDex [24] Dex-Hand Full v X X
Ours Dex-Hand Full v v v

A. Humanoid Whole-Body Control and Teleoperation for
Manipulation

Recent progress in humanoid manipulation has been en-
abled by advances in whole-body control, motion tracking,
and teleoperation infrastructure. A central question in hu-
manoid whole-body control is how to represent and execute
task commands across diverse behaviors, including loco-
motion, loco-manipulation, and upper-body manipulation.
Prior works instantiate different control interfaces, such as
root tracking, joint-space tracking, and body-keypoint or
pose tracking, depending on the task and operator inter-
face [1], [5], [25], [26]. One line of work improves robust-
ness through decomposition, separating functions such as
lower-body stabilization, upper-body tracking, force adap-
tation, or compliance modulation, as in dual-agent force-
adaptive control [27], heterogeneous meta-control over mul-
tiple control modes [28], adaptive compliance control [29],
and hybrid optimization-and-learning frameworks for dex-
terous whole-body behaviors [20], [21]. Related systems
also combine learned whole-body control with specialized
teleoperation hardware or tracking modules for more precise
loco-manipulation [30], [31]. Another line instead seeks
unified controllers that directly coordinate locomotion and
manipulation within a single whole-body tracking frame-
work [32], [33]. Complementary teleoperation and motion-
tracking systems further improve the practicality and scal-
ability of commanding humanoids through RGB- or pose-
based shadowing, immersive VR interfaces, portable mocap-
free setups, and closed-loop long-horizon tracking [1], [S5]-
[91, [23], [25], [26], [34]. Building on this line of work,
our system combines an RL-based lower-body controller
with a VR-based teleoperation stack using a unified refer-
ence frame, upper-body IK, and hand retargeting, enabling
efficient collection of whole-body humanoid manipulation
demonstrations for downstream policy learning.

B. Imitation Learning for Humanoid Manipulation

Building on these advances, humanoid manipulation sys-
tems have used real-world whole-body teleoperation to col-
lect trajectories for imitation learning [1], [5]. Recent work
further improves data scalability through portable robot-in-
the-loop or robot-free collection interfaces [7], [23], models
multiple action modes or improves generalization across

objects, viewpoints, and scenes [35], [36], and leverages
human demonstrations through single-video imitation via
retargeting, joint human—humanoid training, or human-data
pretraining followed by robot-data fine-tuning [24], [37],
[38]. Together, these advances broaden the data sources
and learning paradigms available for humanoid manipu-
lation, spanning upper-body tasks and whole-body loco-
manipulation.

Table [I| highlights a remaining gap. Existing humanoid
manipulation systems support whole-body control with vary-
ing levels of end-effector dexterity and data-collection
paradigms, but most do not incorporate tactile sensing or ex-
plicitly model tactile signals in the learned policy [1], [S]-[7],
[20], [21], [23], [24]. Conversely, tactile-centric methods and
datasets demonstrate the value of tactile information [12],
[22], but do not provide a learned humanoid manipulation
system that combines whole-body control, full end-effector
dexterity, tactile sensing, and touch modeling. Our method
targets this missing intersection through a single-stage touch-
aware humanoid manipulation policy with implicit touch
modeling via future-touch prediction.

C. Representation Learning for Contact-Rich Manipulation
with Tactile Sensing

Tactile sensing has increasingly been studied as a
representation-learning problem rather than only a task-
specific perception module. Early visuo-tactile manipulation
works showed that touch complements vision for resolving
contact state under partial observability [10], [11]. More
recent work learns transferable tactile representations across
sensors, tasks, and embodiments, improving data efficiency
and reuse in downstream manipulation [15], [39]. In parallel,
a growing line of visuo-tactile action models incorporates
touch or force directly into policies for contact-rich ma-
nipulation, including diffusion-based, transformer-based, and
VLA-style approaches [12], [14], [16], [17], [40]-[49]. These
works consistently suggest that touch provides critical infor-
mation about force, slip, compliance, and contact transitions
that is difficult to infer from vision alone.

A closely related direction uses predictive tactile learning
to improve contact-aware representations. Prior work has
explored self-supervised multimodal prediction for contact-
rich tasks [10], while more recent methods explicitly predict
future tactile observations, tactile latents, or related con-
tact quantities [12]-[14], [16], [17], [46], [50], [51]. These
methods show that anticipating future touch can improve
representation quality, planning, or reactive control. Some
also rely on manually designed virtual targets tied to specific
tactile sensor layouts [16], [17]. Our method instead learns
directly from future hand forces and EMA-supervised tactile
latents, avoiding such sensor-specific target engineering. At
the same time, much of this literature focuses on arm-hand
manipulation and often relies on separate tactile pretraining,
explicit world-model modules, or multi-stage inference in
which predicted tactile signals are fed into a downstream
policy or planner [13]-[15].



Fig. 2: System Overview. Left (LBC Training): A teacher-student framework trains the lower-body controller (LBC) to track base velocity,
torso orientation, and height, while robustly handling retargeted arm motions from the AMASS dataset. Middle-Left (Teleoperation):
Human VR motions are mapped into uni ed torso commands (for LBC), end-effector poses (for IK), and hand targets (for retargeting),
with a joystick dictating base velocity. Middle-Right (Touch Dreaming): A multimodal transformer policy processes vision, touch, and
proprioception to predict action chunks alongside future hand joint forces and tactile latents. Future tactile latents are supervised by an
EMA target encoder (teacher encoder in Sec. IlI-E) with stop-gradient, providing stable latent targets. Right (Deployment): The policy
streams action chunks at 30 Hz to the LBC, IK solver, and hand retargeter, all of which operate at 50 Hz.

In contrast, we use future-touch prediction not as &he resulting dataset contains synchronized camera views,
separate world model or inference-time module, but as groprioception, hand-force signals, and tactile observations
auxiliary objective inside a single-stage whole-body hupaired with whole-body action targets.
manoid imitation policy. Our framework augments behav- Using these demonstrations, we train HTD, a multimodal
ioral cloning with touch dreaming: prediction of future handtouch-aware loco-manipulation policy. HTD uses a modular
forces together with future tactile latents supervised by a@ncoder—decoder Transformer to tokenize multi-view images,
EMA teacher. This regularizes the shared Transformer trurdebot and hand proprioception, hand-force signals, and tactile
to learn contact-aware latent dynamics while keeping bothputs into a shared latent representation, and to decode
training and deployment simple. Unlike prior work centeredtructured action outputs for the body and hands. In addition
on arm-hand systems or multi-stage visuo-tactile pipelineg action chunk prediction, HTD introduces touch-dreaming
our method integrates future-touch prediction directly intheads that predict future hand joint forces and future tactile
a single-stage policy for dexterous, contact-rich whole-bodgtents. HTD is trained in a single stage with behavioral
humanoid manipulation. cloning augmented by these auxiliary touch-dreaming objec-
tives. Future tactile latents are supervised by an EMA target
encoder, which provides stable latent targets without requir-
A. A System for Versatile Humanoid Dexterous Manipulatiofhg a separate tactile pretraining stage; gradients are stopped

Fig. 2 presents our system for learning real-world, dextethrough the EMA encoder so it serves only as a slowly
ous, contact-rich humanoid manipulation. The system cogvolving target network. These auxiliary objectives regularize
sists of four stages: lower-body controller (LBC) trainingthe shared Transformer trunk to learn contact-aware latent
VR-based teleoperation and data collection, policy learningynamics. During deployment, the policy streams action
with Humanoid Transformer with Touch Dreaming (HTD),chunks to the LBC, IK solver, and hand retargeter, while
and deployment. At its foundation is an RL-based LBGhe dream heads are used only during training and are not
that provides stable lower-body and torso execution duringxecuted at inference time.
manipulation. We train this controller in simulation with a
teacher—student framework: a teacher policy learns robugt Lower-body Controller
lower-body behaviors under retargeted arm motions, and awe train the humanoid lower-body policy in massively
deployable student policy imitates it using only proprioparajiel simulation with Isaac Lab [52]. The lower-body pol-
ception and a short history. The resulting LBC tracks basgy js command-conditioned and aims to track base motion

velocity, torso orientation, and height commands, and serves 1orso pose targets. At each control step t, the deployable
as the execution backbone during both teleoperation a’b‘i‘oprioceptive observation}m%prio is de ned as

HTD policy deployment.
Buil_ding on this pontroller, we collect Whole_-body hu- s:)roprio = 1Y% 9% abwer: Qower; alto}Ner : 1)
manoid demonstrations through VR teleoperation. Human
head, wrist, and hand motions are transformed into a uni ed Here, !t is the base angular velocity and denotes the
robot reference frame and decomposed into torso commanui®jected gravity vector, both expressed in the body frame;
for the LBC, end-effector pose targets for an IK solver, and},,., and ai,., are the lower-body joint positions and
hand targets for dexterous retargeting; the operator additiorelocities, and &, is the previous lower-body action. The
ally provides base velocity commands through a joystickaction output guwer 2 R'® is a 15-dimensional vector of

I1l. METHODOLOGY
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