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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 and undisturbed (tea serving).

Abstract— Humanoid robots promise general-purpose as-
sistance, yet real-world humanoid loco-manipulation remains
challenging because it requires whole-body stability, dexterous
hands, and contact-aware perception under frequent contact
changes. In this work, we study dexterous, contact-rich hu-
manoid loco-manipulation. We first develop an RL-based whole-
body controller that provides stable lower-body and torso
execution during complex manipulation. Built on this controller,
we develop a whole-body humanoid data collection system that
combines VR-based teleoperation with human-to-humanoid

motion mapping, enabling efficient collection of real-world
demonstrations. We then propose Humanoid Transformer with
Touch Dreaming (HTD), a multimodal encoder–decoder Trans-
former that models touch as a core modality alongside multi-
view vision and proprioception. HTD is trained in a single
stage with behavioral cloning augmented by touch dreaming: in
addition to predicting action chunks, the policy predicts future
hand-joint forces and future tactile latents, encouraging the
shared Transformer trunk to learn contact-aware representa-
tions for dexterous interaction. Across five contact-rich tasks,
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Insert-T, Book Organization, Towel Folding, Cat Litter Scooping,
and Tea Serving, HTD achieves a 90.9% relative improvement
in average success rate over the stronger baseline. 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 combining
robust whole-body execution, scalable humanoid data collection,
and predictive touch-centered learning enables versatile, high-
dexterity humanoid manipulation in the real world. Project
webpage: 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 the tight coordination of
whole-body stability, full end-effector dexterity, and contact-
aware perception. In contact-rich tasks, small pose or force
errors can quickly cascade into slip, jamming, or loss of bal-
ance. These challenges are especially acute for humanoids,
where dexterous hand interaction is tightly coupled with
torso posture, locomotion, and foot–ground support [7], [8].
As a result, accurate hand motion alone is not enough; suc-
cessful humanoid manipulation also requires robust whole-
body execution and timely understanding of contact.

A first bottleneck is system capability. Contact-rich hu-
manoid manipulation requires 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, tele-
operation, and demonstration collection [9]–[11], Table I
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 an RL-based whole-
body controller (WBC) with VR teleoperation, upper-
body IK, dexterous hand retargeting, and distributed tactile
sensing. This design provides a stable platform for collecting
high-quality real-world demonstrations while allowing the
operator to focus on task intent and dexterous interaction.

A second bottleneck is representation learning. Purely
action-supervised behavioral cloning from vision and pro-
prioception often struggles in contact-rich manipulation be-
cause contact is only partially observed and can change
abruptly [12]. Tactile sensing is therefore a natural com-
plementary modality, and prior work has shown its value
in visuo-tactile manipulation and predictive tactile learn-
ing [13]–[16]. 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 tactile layouts [15]–[19]. More broadly, predictive
latent learning in Joint-Embedding Predictive Architectures
such as I-JEPA [20] and V-JEPA2 [21] suggests that future
prediction in latent space can induce semantically meaningful
representations without reconstructing raw observations 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 dexter-
ous 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, while ablations show
that latent tactile dreaming is more effective than raw tactile
prediction. Together, these results suggest that combining
robust whole-body execution, integrated dexterous manipu-
lation hardware, and predictive touch-centered learning is a
practical path toward more reliable humanoid manipulation
under frequent and complex contact changes.

Our contributions are threefold:

• We develop a whole-body humanoid manipulation
system that combines VR teleoperation with an RL-
based whole-body controller for stable and accurate
real-world humanoid manipulation.

• We introduce Humanoid Transformer with Touch
Dreaming (HTD), a multimodal encoder–decoder
Transformer for humanoid loco-manipulation that mod-
els 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 our full system on five real-world contact-
rich humanoid manipulation tasks spanning insertion,
rigid-object reorientation, deformable-object handling,
tool use, and bimanual loco-manipulation, and show that
HTD achieves strong gains over baselines, including a
90.9% relative improvement in average success rate.
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TABLE I: Comparisons to previous humanoid manipulation learn-
ing systems

Method End-Effector
Dexterity

Whole-
Body

Touch
Sensing

Touch
Modeling

OmniH2O [1] Dex-Hand Full ✓ ✗ ✗
HumanPlus [5] Dex-Hand Full ✓ ✗ ✗

Mobile-TeleVision [22] Dex-Hand Full ✓ ✗ ✗
AMO [7] Dex-Hand Full ✓ ✗ ✗

ViTacFormer [14] Dex-Hand Full ✗ ✓ ✓
TWIST2 [9] Dex-Hand Open/Close ✓ ✗ ✗

ViTac Humanoid [23] Dex-Hand Full ✗ ✓ ✗
SONIC [6] Dex-Hand Open/Close ✓ ✗ ✗

Humanoid UMI [24] Gripper ✓ ✗ ✗
HumDex [25] Dex-Hand Full ✓ ✗ ✗

Ours Dex-Hand Full ✓ ✓ ✓

II. RELATED WORK

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], [26], [27]. One line of work improves robustness
through decomposition, separating functions such as lower-
body stabilization, upper-body tracking, force adaptation,
or compliance modulation, as in dual-agent force-adaptive
control [28], heterogeneous meta-control over multiple con-
trol modes [29], adaptive compliance control [30], and
hybrid optimization-and-learning frameworks for dexterous
whole-body behaviors [7], [22]. Related systems also com-
bine learned whole-body control with specialized teleoper-
ation hardware or tracking modules for more precise loco-
manipulation [8], [31]. Another line instead seeks unified
controllers that directly coordinate locomotion and manipu-
lation within a single whole-body tracking framework [32],
[33]. Complementary teleoperation and motion-tracking sys-
tems further improve the practicality and scalability of com-
manding humanoids through RGB- or pose-based shadow-
ing, immersive VR interfaces, portable mocap-free setups,
and closed-loop long-horizon tracking [1], [5], [6], [9]–
[11], [24], [26], [27], [34]. Building on this line of work,
our system combines an RL-based whole-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

Built on these advances, recent work has made humanoid
manipulation increasingly learnable from demonstrations.
Systems such as HumanPlus [5] and OmniH2O [1] couple
real-world whole-body teleoperation with behavior cloning,
while newer approaches improve scalability and general-
ization through portable data collection, stronger policy
parameterizations, and human-data supervision, including

TWIST2 [9], Choice Policies [35], 3D diffusion policies [36],
robot-free demonstration interfaces [24], single-video imita-
tion [37], human-humanoid co-training [38], and pretrain-
then-finetune pipelines for dexterous humanoid manipula-
tion [25]. Together, these works substantially reduce the bar-
rier to learning whole-body humanoid skills beyond small-
scale robot-only behavior cloning.

Table I highlights a remaining gap. Prior humanoid
systems such as OmniH2O [1], HumanPlus [5], Mobile-
TeleVision [22], AMO [7], TWIST2 [9], SONIC [6], and
HumDex [25] support whole-body humanoid manipulation
with varying levels of end-effector dexterity, while Hu-
manoid UMI [24] focuses on gripper-based whole-body
manipulation learning from robot-free data. Yet most do not
incorporate tactile sensing, and fewer still explicitly model
tactile signals in the learned policy. Conversely, touch-centric
works such as ViTacFormer [14] and the humanoid visual-
tactile-action dataset of Kwon et al. [23] demonstrate the
value of tactile information, 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 by
learning a single-stage touch-aware humanoid manipulation
policy with full end-effector dexterity, tactile sensing, and
implicit touch modeling through 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 [12], [13]. More
recent work learns transferable tactile representations across
sensors, tasks, and embodiments, improving data efficiency
and reuse in downstream manipulation [17], [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 [14], [16], [18], [19], [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 [12], while more recent methods explicitly predict
future tactile observations, tactile latents, or related con-
tact quantities [14]–[16], [18], [19], [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 [18], [19]. 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,
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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 unified 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 multi-modal 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. III-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.

explicit world-model modules, or multi-stage inference in
which predicted tactile signals are fed into a downstream
policy or planner [15]–[17].

In contrast, we use future-touch prediction not as a
separate world model or inference-time module, but as an
auxiliary objective inside a single-stage whole-body hu-
manoid imitation policy. Our framework augments behav-
ioral cloning with touch dreaming: prediction of future hand
forces together with future tactile latents supervised by an
EMA teacher. This regularizes the shared Transformer trunk
to learn contact-aware latent dynamics while keeping both
training and deployment simple. Unlike prior work centered
on arm-hand systems or multi-stage visuo-tactile pipelines,
our method integrates future-touch prediction directly into
a single-stage policy for dexterous, contact-rich whole-body
humanoid manipulation.

III. METHODOLOGY

A. A System for Versatile Humanoid Dexterous Manipulation

Fig. 2 presents our system for learning real-world, dexter-
ous, contact-rich humanoid manipulation. The system con-
sists of four stages: lower-body controller (LBC) training,
VR-based teleoperation and data collection, policy learning
with Humanoid Transformer with Touch Dreaming (HTD),
and deployment. At its foundation is an RL-based LBC
that provides stable lower-body and torso execution during
manipulation. We train this controller in simulation with a
teacher–student framework: a teacher policy learns robust
lower-body behaviors under retargeted arm motions, and
a deployable student policy imitates it using only propri-
oception and short history. The resulting LBC tracks base
velocity, torso orientation, and height commands, and serves
as the execution backbone during both teleoperation and
deployment.

Built on this controller, we collect whole-body humanoid
demonstrations through VR teleoperation. Human head,
wrist, and hand motions are transformed into a unified robot
reference frame and decomposed into torso commands for

the LBC, end-effector pose targets for an IK solver, and
hand targets for dexterous retargeting; the operator addition-
ally provides base velocity commands through a joystick.
The resulting dataset contains synchronized camera views,
proprioception, hand-force signals, and tactile observations
paired with whole-body action targets.

Using these demonstrations, we train HTD, a multimodal
touch-aware loco-manipulation policy. HTD uses a modular
encoder–decoder Transformer to tokenize multi-view images,
robot and hand proprioception, hand-force signals, and tactile
inputs into a shared latent representation, and to decode
structured action outputs for the body and hands. In addition
to action chunk prediction, HTD introduces touch-dreaming
heads that predict future hand joint forces and future tactile
latents. HTD is trained in a single stage with behavioral
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-
ing a separate tactile pretraining stage; gradients are stopped
through the EMA encoder so it serves only as a slowly
evolving target network. These auxiliary objectives regularize
the shared Transformer trunk to learn contact-aware latent
dynamics. During deployment, the policy streams action
chunks to the LBC, IK solver, and hand retargeter, while
the dream heads are used only during training and are not
executed at inference time.

B. Lower-body Controller

We train the humanoid lower-body policy in massively
parallel simulation with IsaacLab [52]. The lower-body pol-
icy is command-conditioned and aims to track base motion
and torso pose targets. At each control step t, the deployable
proprioceptive observation stproprio is defined as

stproprio =
[
ωt, gt, qtlower, q̇

t
lower, a

t−1
lower

]
. (1)

Here, ωt is the base angular velocity and gt denotes the
projected gravity vector, both expressed in the body frame;
qtlower and q̇tlower are the lower-body joint positions and
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Fig. 3: System setup. Hardware used for whole-body humanoid
data collection and policy learning, including a dual-lens head
camera, wrist cameras, dexterous hands equipped with distributed
tactile sensors, and per-joint force feedback from the hand joints.
The tactile layout covers the fingers and palm on both hands, and
the inset visualizes the corresponding sensor maps together with
representative contact activations.

velocities, and at−1
lower is the previous lower-body action. The

action output qlower ∈ R15 is a 15-dimensional vector of
target joint positions: 2 × 6 for the two legs and 3 for the
waist motors.

We adopt a teacher–student framework to train the lower-
body policy. The teacher policy is first trained in simulation
using PPO [53] with access to privileged information, and is
subsequently distilled into a student policy via DAgger [54].
The student policy observes only information available in
the real world and can therefore be deployed for both
teleoperation and autonomous execution. During training,
the upper-body joints are not controlled by this policy;
instead, we replay retargeted arm joint references sampled
from AMASS [55] to simulate the torques and disturbances
induced by upper-body manipulation.
Teacher policy. The teacher policy is formulated as

πT (sproprio, spriv, v, rpy, h) = qTlower, (2)

where qlower ∈ R15 represents the 15-DoF lower-body target
joint positions. The privileged observation spriv = cfeet is
a binary foot-contact indicator cfeet ∈ {0, 1}2 available in
simulation. The command inputs include the base velocity
v, the torso orientation rpy, and the base height h. The
teacher policy maximizes a weighted sum of tracking rewards
for commanded base motion and torso pose, together with
regularization, contact, gait, stability, and termination terms.
Student policy. We distill the teacher into a deployable
student policy via DAgger. The student policy consumes only
real-world-available observations:

πS(sproprio, shistory, v, rpy, h) = qSlower, (3)

To compensate for partial observability, the student con-
catenates a 2-timestep history of proprioceptive observations
shistory. During training, the student rolls out its own ac-
tions in simulation while being supervised by the teacher’s
reference actions at each timestep, minimizing the L2 loss
L = ∥qSlower−qTlower∥22 between student and teacher outputs.

Training details. During training, command signals are
uniformly sampled within predefined ranges to cover diverse
locomotion behaviors. We also apply domain randomization
to improve sim-to-real transferability.

C. Teleoperation and Data Collection

As summarized in Fig. 2, our demonstration pipeline cou-
ples VR-based motion mapping with whole-body command
execution to collect synchronized humanoid trajectories in
real-world settings. At runtime, the operator’s head, wrist,
and hand motions are transformed from the VR frame into
a unified robot reference frame. From these signals, we
derive torso pose commands (rpy,h), 6D wrist pose targets
xwrist for upper-body execution, and hand targets xhand

for dexterous retargeting. The base velocity command v is
provided separately through a joystick. This design lets the
operator focus on task intent and dexterous interaction, while
the robot-side control stack handles stabilization and low-
level execution.

These targets are executed through a three-stage stack.
First, the LBC takes (v, rpy,h) and produces lower-body
joint targets qlower to maintain stable locomotion, posture,
and torso tracking. Second, an IK solver maps the de-
sired wrist/end-effector poses xwrist to upper-body joint
targets qupper. Third, a hand retargeting module based on
DexPilot [56] converts the human hand targets xhand into
dexterous hand joint targets by optimizing fingertip-distance
consistency for reliable grasping and in-hand interaction.
Together, this stack enables coordinated whole-body teleop-
eration while preserving full end-effector dexterity.

During teleoperation, we record synchronized multimodal
observations from the humanoid, including RGB images
from the dual-lens head camera and wrist cameras, robot
and hand proprioception, per-joint force feedback from the
dexterous hands, and tactile readings from both hands.
Each hand provides a 1062-dimensional tactile observation
distributed over 17 spatial sensing regions spanning the
finger segments and palm surfaces. This distributed tactile
layout captures localized contact patterns across the hand
surface and is visualized in Fig. 3. The resulting dataset
therefore pairs whole-body action targets with multi-view
vision, robot and hand proprioception, per-joint hand-force
feedback, and distributed tactile observations for downstream
policy learning.

D. Learning Dexterous Manipulation with Touch Dreaming

We aim to learn a versatile humanoid manipulation policy
that robustly handles contact-rich interactions by modeling
touch as a core modality. We introduce Humanoid Trans-
former with Touch Dreaming (HTD), shown in Fig. 4.
HTD follows a modular design with three groups of compo-
nents: (i) modality tokenizers that encode each observation
stream into tokens, (ii) an encoder–decoder transformer trunk
that fuses multimodal information and model complex dy-
namics, and (iii) modular experts that decode the trunk out-
puts into both control actions and auxiliary touch-dreaming
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Fig. 4: HTD model architecture. HTD is a modular encoder–decoder Transformer. Left: modality tokenizers encode multi-view images,
proprioception, hand joint forces, and tactile signals into a fixed number of tokens via cross-attention aggregation. Middle: a Transformer
encoder fuses multimodal observation tokens, and a Transformer decoder produces a fixed set of output tokens. Right: modular action
experts decode pose/velocity/hand-action targets, while modular dream experts predict future forces and tactile latents for touch dreaming.
We use learnable query embeddings to flexibly determine how many tokens to use for each input/output modalities.

predictions. Concretely, given observations including multi-
view vision, robot and hand proprioception, hand joint force
signals, and tactile readings, the tokenizers jointly produce a
sequence of tokens that is fused by the transformer encoder.
The transformer decoder then emits a fixed set of output
tokens, with each action modality assigned a fixed number of
tokens. These tokens are consumed by two families of heads:
action experts that predict structured action targets for whole-
body control, and dream experts that predict future touch
signals (forces and tactile latents) for touch dreaming. The
dream experts attend to the full set of output tokens across all
action modalities. This design incentives the latent dynamics
of the shared transformer trunk to be contact-aware.

Modality Tokenizers. Each tokenizer Tm maps a raw modal-
ity into a fixed number of tokens, which are concatenated in
a fixed order to form the transformer encoder input, similar
to [57], [58]. As illustrated in Fig. 4 (left), we first extract
modality-specific features, then compress them into tokens
using a cross-attention aggregation layer, where a small set
of learnable query (“slot”) tokens attends to the feature
sequence. For image modalities, we extract features with a
pretrained ResNet [59] backbone (finetuned during training)
and use separate tokenizers for the head camera and each
wrist camera. For state-like modalities (e.g., robot/hand pose
and proprioception, as well as force-related proprioceptive
signals), we use lightweight MLP feature extractors. For
tactile inputs, we use a dedicated tactile encoder to embed the
raw tactile readings into a compact feature sequence, which
is then tokenized via the same cross-attention aggregation.

Per-Finger/Region Tactile Encoder. For tactile inputs, we
encode each finger or hand region independently rather than
forming a single full-hand tactile embedding upfront. Con-
cretely, the tactile observations are decomposed into anatomi-
cally defined inputs corresponding to the thumb, index finger,
middle finger, ring finger, pinky, and palm. For a regular
finger, the 185-dimensional tactile input is further segmented
into three local patches (tip, top, and palm-facing region);
for the thumb, the 210-dimensional input is segmented into

four patches (tip, top, mid, and palm-facing region); and for
the palm, the 112-dimensional input is treated as a single
large patch. Each local patch is reshaped into a 2D map and
processed by a dedicated CNN branch selected according
to patch size, with lightweight single-layer convolutions for
small patches and deeper two-layer CNN blocks for larger
patches. The resulting patch features are adaptively pooled to
a fixed spatial resolution, flattened, concatenated, and fused
by an MLP into a compact embedding for that finger or
region. These per-region embeddings are then projected to
the Transformer hidden dimension and converted into tactile
tokens through the same cross-attention aggregation used by
the other modality tokenizers. The same per-region tactile
encoder architecture is also used to instantiate the EMA
target encoder for stable latent supervision during touch
dreaming.

Transformer Trunk. HTD uses an encoder–decoder trans-
former trunk with fixed input and output sequence lengths
determined by the number of tokens allocated to each modal-
ity and each output group. The encoder contextualizes the
concatenated observation tokens into a unified representation.
The decoder produces a fixed set of output tokens at pre-
specified positions. The learnable query embeddings serve
as a structured interface that supports multiple downstream
experts. This separation enables the encoder to focus on
multimodal state understanding while the decoder provides
disentangled readouts for control and prediction.

Modular Action Experts. We decode control outputs with a
set of modular action experts (Fig. 4, top-right). Each expert
uses a cross-attention layer to read from the decoder output
tokens and predicts a particular action modality, including
end-effector pose targets, torso pose targets, velocity com-
mands (when applicable), and hand actions. This modular de-
sign allows action modalities with different dimensionalities
and control roles to be read out independently and adaptively.
In particular, each action modality is assigned its own fixed
number of decoder output tokens, so low-dimensional but be-
haviorally important outputs such as velocity commands can



Algorithm 1 Imitation learning with touch dreaming

Input: Dataset D with tuples (ot, At, Ft:t+τ , St:t+τ )
Input: Action chunk horizon h, touch dreaming horizon τ
Input: EMA decay α, loss weights λF , λZ , magnitude

weight β, learning rate η
Output: HTD Policy πΘ

1: Initialize policy πΘ (Θ has parameters from tokenizers,
encoder–decoder trunk, and detokenizers; θ ∈ Θ)

2: Initialize teacher tactile tokenizer, θT = θ
3: for step = 1, 2, . . . do
4: Sample a batch B = {(oj , Aj , Fj , Sj)}nj=1 from D
5: Teacher latents: compute z⋆j,k with Eq. (8)
6: Policy rollout: Âj , {f̂j,k}τk=1, {ẑj,k}τk=1 ∼ πΘ(oj)
7: Compute total loss L(B; Θ) with Eq. (5)
8: Update student: ΘS ← ΘS − η∇ΘSL(B; Θ)
9: Update EMA teacher: θT ← αθT + (1− α)θS

10: end for
11: return πΘ

still receive sufficient representational capacity, while higher-
dimensional outputs such as pose or hand-action targets can
be decoded by separate experts matched to their complexity.
We adopt action chunking [60], where each expert predicts
a short horizon of targets at each inference step.
Modular Dream Experts and Touch Dreaming. In addition
to action experts, HTD includes modular dream experts
that provide auxiliary prediction objectives during training
(Fig. 4, far-right). These experts predict future touch out-
comes, including (i) future hand joint force vectors and (ii)
future finger/region tactile latents. We refer to these auxiliary
predictions as touch dreaming: conditioned on the current
multimodal observations, the model “imagines” near-future
touch feedback, which regularizes the shared transformer
trunk to learn contact-aware representations. Crucially, for
tactile we perform prediction in a learned latent space rather
than raw sensor space. Direct regression in raw tactile space
is often dominated by sparsity and noise, whereas latent
supervision provides a compact target that captures contact
structure. We obtain stable latent labels using an EMA tactile
tokenizer as teacher (Sec. III-E), and supervise the student
to match these teacher latents. During deployment, only the
action experts are used for control; dream experts’ outputs
are not used.
Modality Decomposition. We preserve semantically distinct
inputs as separate modalities and tokenize them indepen-
dently. On the output side, we similarly decode different
action modalities with separate action experts, and decode
touch-dreaming targets with dedicated dream experts. Given
the distinct statistics of different input/output modalities,
this network design allows for modality-based specialization,
while the shared transformer trunk learns unified representa-
tion and models complex dynamics.

E. Training Paradigm

We train the policy with a single-stage behavioral cloning
(BC) paradigm on humanoid demonstrations. The key com-
ponent of our architecture is touch dreaming: in addition

to predicting action chunks, the model is trained to predict
future touch signals. Specifically, we (i) predict future hand
joint force vectors using a smooth L1 loss, and (ii) predict
future tactile latents in a stable latent space generated by an
EMA teacher encoder. We find that supervising tactile predic-
tions in latent space instead of regressing raw tactile arrays
yields substantially better manipulation performance on real
robots, because it provides a compact and semantically rich
learning signal while avoiding the difficulty of reconstructing
sparse, high-dimensional sensor readings. This auxiliary pre-
dictive objective encourages the Transformer trunk to learn
contact-aware world representations that transfer to improved
downstream contact-rich manipulation. The overall training
procedure is summarized in Algorithm 1.
EMA Teacher for Tactile Latents. Let Ttact(θ) denote the
student tactile tokenizer parameterized by θ and TTtact(θ

T )
its EMA counterpart. After each optimization step, teacher
parameters are updated as an EMA of the student parameters:

θT ← αθT + (1− α)θ, α ∈ (0, 1), (4)

and no gradient is backpropagated through the teacher. The
teacher network provides slowly evolving, temporally con-
sistent latent targets. Without such as self-distillation mecha-
nism, the student tactile tokenizer and the touch detokenizer
will mode collapse where all tactile inputs map to near-
identical latents regardless of actual contact state.
Objective. Let dataset D = {(ot, At, Ft:t+τ , St:t+τ )}, where
ot is the multimodal observation at time t, At = {at+ℓ}hℓ=1

is the action chunk of horizon h, Ft:t+τ = {ft+ℓ}τℓ=1 is the
future hand joint force sequence and St:t+τ = {st+ℓ}τℓ=1 is
the future tactile signal sequence over a prediction horizon τ .
Given action modalities o1, . . . ,mK and touch signals (force
and tactile), the overall loss is:

L(Θ) =

K∑
i=1

Lact,mi
(Θ)︸ ︷︷ ︸

behavior cloning

+λF Lforce(Θ)︸ ︷︷ ︸
force prediction

+λZ Ltact(Θ)︸ ︷︷ ︸
tactile latent prediction

,

(5)

where λF and λZ weight the touch-related objectives. For
a batch B = {(oj , Aj , Fj , Sj)}nj=1, the BC loss with action
chunking is:

Lact,mi
(B) =

1

n

n∑
j=1

[
1

h

h∑
ℓ=1

ℓ1(aj,ℓ[mi], âj,ℓ[mi])

]
, (6)

where âj,ℓ = [πθ(oj)]ℓ denotes the ℓ-th action in the chunk.
Future Hand Joint Force Prediction Loss. For force
dreaming, the model predicts future force vectors f̂j,k for
k ∈ {1, . . . , τ}, supervised with the same smooth L1 loss
used for action prediction:

Lforce(B) =
1

n

n∑
j=1

[
1

τ

τ∑
k=1

ℓ1

(
f̂j,k, fj,k

)]
. (7)

Tactile Dreaming Loss (Latent Supervision). For tactile
dreaming, we supervise the model to predict future tactile
latents rather than raw tactile heatmaps. For each future step



k ∈ {1, . . . , τ}, we compute target latent labels by encoding
future tactile measurements with the EMA teacher encoder:

z⋆j,k = stopgrad
(
TTtact(sj,k)

)
, (8)

and the touch detokenizer predicts ẑj,k. We combine a cosine
direction loss with a magnitude alignment loss:

Ltact(B) =
1

n

n∑
j=1

[
1

τ

τ∑
k=1

(
1− cos(ẑj,k, z

⋆
j,k)︸ ︷︷ ︸

direction

+ β ℓδ
(
∥ẑj,k∥ − ∥z⋆j,k∥

)︸ ︷︷ ︸
magnitude

)]
, (9)

where cos(·, ·) denotes cosine similarity, ℓδ is the smooth
L1 loss, and β controls the relative weight of magnitude
alignment. The direction term encourages the predicted latent
to align with the teacher target in orientation, while the
magnitude term ensures the predicted norm matches, pre-
venting the model from collapsing to unit-norm predictions
that satisfy cosine similarity alone.

IV. EXPERIMENTS

We conduct experiments to answer the following research
questions: 1) How does our WBC strategy compare to other
methods with regards to tracking accuracy and robustness?
2) How is the overall performance of HTD on real-world ver-
satile humanoid manipulation? 3) How do touch and touch
dreaming contribute to dexterous, contact-rich manipulation?

A) How does our WBC strategy compare to other meth-
ods with regards to tracking accuracy and robustness? To
evaluate tracking performance, we benchmark our WBC
against two leading humanoid locomotion controllers: FAL-
CON [28]: employs a dual-policy architecture with separate
control for upper and lower body, featuring adaptive force
curriculum learning. AMO [7]: utilizes a hierarchical frame-
work integrating trajectory optimization with RL-based mo-
tion adaptation, where legs and waist are regulated through a
tracking controller while arms use PD control. We quantify
performance with tracking error metrics:

• Linear Velocity Tracking Error Ev: measures the L2
error between commanded and actual forward/lateral
velocities in the robot’s yaw-aligned horizontal frame.

• Height Tracking Error Eh: quantifies the deviation of
torso height from the commanded value.

• Yaw Orientation Tracking Error Ey: evaluates the error
in relative yaw angle between torso and pelvis.

• Pitch Orientation Tracking Error Ep: measures the
absolute pitch angle deviation of the torso from the
commanded upright orientation.

• Roll Orientation Tracking Error Er: assesses the error
in relative roll angle between torso and pelvis.

All orientations are computed using intrinsic XYZ Euler
decomposition. For evaluation, we run each baseline using
their publicly available implementations across 4096 parallel
simulation environments for 500 timesteps. We calculate
metrics by averaging tracking errors over all timesteps and

Height Up/Down Roll Left/Right Pitch Up/Down Yaw Left/Right

Fig. 5: Visualization of postures near the boundary of the stable
controllable workspace of our WBC policy in simulation.

environments, providing statistically robust assessment of
sustained tracking performance across varied conditions.

Our WBC achieves the best overall tracking on most
metrics in Table II, notably linear velocity and torso height
and orientation (Eh, Ey , Ep, Er), indicating tighter pos-
ture regulation that is crucial for contact rich whole body
manipulation. While AMO attains a slightly lower yaw rate
error Eω , our controller provides a stronger balance between
locomotion tracking and whole body configuration control.
We note that the standard deviations of Eh and especially Ep
exceed their means, largely due to a small number of difficult
command combinations that create conflicting objectives,
e.g., simultaneously requesting large forward torso pitch and
a low base height; in these cases the policy may temporarily
trade off tracking for stability, increasing variance despite
low average errors across the command space.

TABLE II: Tracking Error Comparison
Metric Ours AMO [7] FALCON [28]
Ev (m/s) 0.1420 ± 0.0568 0.1779 ± 0.0642 0.1641 ± 0.0309
Eω (rad/s) 0.1806 ± 0.0534 0.1540 ± 0.0316 0.1874 ± 0.0263
Eh (m) 0.0280 ± 0.0438 0.0568 ± 0.0814 0.1299 ± 0.0082
Ey (rad) 0.0126 ± 0.0051 0.1540 ± 0.0534 0.1215 ± 0.0111
Ep (rad) 0.0487 ± 0.1796 0.1519 ± 0.1254 (not tracked)
Er (rad) 0.0157 ± 0.0065 0.0735 ± 0.0447 (not tracked)

Average tracking error alone does not fully characterize
the usable operating envelope of a whole body controller,
since manipulation oriented control also requires stability
under large torso reorientation and height variation that
expand the reachable workspace. We therefore measure the
per dimension stable controllable range of our WBC policy
in simulation by sweeping one command dimension at a
time, base height h, torso roll ϕtorso, torso pitch θtorso,
and torso yaw ψtorso, while keeping the others nominal,
and running the policy until instability, a fall, or persistent
tracking failure occurs; we report the largest interval that
remains stable over the rollout. Our policy achieves stable
ranges of h ∈ [0.33, 0.80]m, θtorso ∈ [−0.92, 1.41] rad,
ϕtorso ∈ [−0.38, 0.35] rad, and ψtorso ∈ [−1.50, 1.34] rad,
covering the trained height range and most of the yaw range,
with a broad but asymmetric pitch range and a comparatively
narrower roll range that remains the most restrictive direc-
tion. Fig. 5 visualizes postures near the boundary, showing
that our controller supports a wide stable region for crouch-
ing, bending, and large torso reorientation beyond nominal
upright motions.
B) How does our data collection and learning system for
humanoid manipulation work in real-world settings? To
answer this question, we evaluate our learning system on
five contact-rich humanoid manipulation tasks:



• Insert-T: The robot grasps a T-shaped block randomly
initialized within a region on the table and inserts it into
a fixed T-shaped base with a tight clearance of 3.5mm.
This task tests contact-sensitive correction and high
spatial accuracy under small insertion tolerances.

• Book Organization: The robot gently pushes a hard-
cover book, chosen from two variants and randomly
initialized within a region on the table, to create a
graspable overhang, since the book is difficult to pick
up directly from a flat surface. It then securely grasps
the book and places it onto a bookshelf. This task tests
hybrid pushing-and-grasping and controlled reorien-
tation and placement for thin rigid objects with limited
grasp affordance.

• Towel Folding: The robot folds a towel on the table.
The towel is randomly initialized within a region on
the table, with three different initial folding configura-
tions. This task tests deformable object handling over
multiple manipulation stages.

• Cat Litter Scooping: The robot squats to reach a litter
scoop on the ground, uses it to scoop 3D-printed litter
from a box, and dumps the litter into a trash bin. The
litter is randomly distributed within the box, the trash
bin is randomly placed on the right side of the box,
and the scoop is randomly placed near the left edge of
the box with two pose variations. This task tests tool-
mediated interaction and whole-body reachability.

• Tea Serving: The robot walks to a bar, picks up two
cups of tea randomly positioned within a region on the
bar table, carries them to a nearby table, comes to a
stop, and places both cups on the tabletop. This task
tests dual-arm loco-manipulation to maintain object
stability throughout the motion.

Baselines. We compare our approach against two decoder-
only variants of ACT [60], which we found empirically
perform better than the version augmented with a CVAE
encoder. ACT (Visual + Proprio) uses only multi-view vi-
sion and proprioception. ACT (Visual + Proprio + Touch)
additionally takes force and tactile observations as input.
We report results for our method, HTD, which augments
imitation learning with touch dreaming.
Metrics and protocol. For each task and method, we run 20
real-world trials and report the score rate (mean ± SEM) and
success rate. Score rate reflects task completion quality under
partial progress; success rate measures strict task completion.
Results and analysis. Fig. 6 summarizes the main re-
sults. Across all five tasks, HTD consistently outperforms
both decoder-only ACT baselines in both success rate and
task score. Averaged across tasks, HTD improves over the
stronger ACT variant by 30.0 percentage points in success
rate and 17.9 percentage points in task score, corresponding
to relative gains of about 90.9% and 31.1%, respectively.
Importantly, simply adding force and tactile observations
to ACT does not consistently improve performance: ACT
(Visual + Proprio + Touch) outperforms ACT (Visual +
Proprio) on only a subset of tasks and is not uniformly
better in either metric. The largest gains of HTD appear on
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Fig. 6: Real-world results on five contact-rich tasks. We compare
ACT (Visual + Proprio), ACT (Visual + Proprio + Touch), and
HTD. Left: score rate (mean ± SEM, 20 trials). Right: success
rate. HTD outperforms both baselines, showing touch dreaming is
more effective than using touch as input alone.
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Fig. 7: Ablations of HTD. Variants: w/o Touch and TD, w/o TD,
Dream Raw Tactile, and Dream Latent Tactile (full). Left: score
rate (mean ± SEM, 20 trials). Right: success rate.

tasks that place stronger demands on contact-aware control
or whole-body coordination. Insert-T benefits from more
accurate handling of tight-tolerance alignment and correc-
tive contact. Towel Folding highlights HTD’s advantage on
long-horizon deformable manipulation. Cat Litter Scooping
shows particularly large gains, reflecting the difficulty of
combining tool use with squatting and constrained whole-
body motion. In Tea Serving, ACT often fails to rotate and
move the body appropriately after successfully grasping both
tea cups, whereas HTD is much more reliable. This likely
reflects the importance of decoding low-dimensional but
behavior-critical velocity commands with dedicated output
tokens and independent action experts, rather than treating
them as a small subset of a monolithic action vector. Book
Organization shows a smaller but still consistent gain, likely
because it is more visually structured and has lower object-
location variance. Overall, these results indicate that the full
HTD framework is better suited than ACT baselines for
versatile humanoid loco-manipulation.

C) How do touch and touch dreaming contribute to dexter-
ous, contact-rich manipulation?

We further isolate the contribution of touch observations
and touch dreaming via ablations of HTD. Specifically,
we evaluate four variants: w/o Touch and TD removes
both touch observations and the touch dreaming objective.
w/o TD keeps touch observations as input but removes the
dreaming loss. Dream Raw Tactile predicts future tactile
signals in the raw sensor space. Dream Latent Tactile
(our full method) predicts future tactile signals in a learned
latent space supervised by an EMA teacher. All variants are
trained with the same behavioral cloning objective for action
chunk prediction, differing only in touch-related inputs and
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Fig. 8: Touch dreaming visualization. We compare predicted (Pred) versus ground-truth (GT) future contact signals on representative
rollouts for two tasks. For each task, the top left shows per-finger hand force trajectories and the mean absolute error (MAE) for the
left and right hands, and the bottom left shows the corresponding tactile latent similarity over time (computed with L2 similarity). The
vertical dashed lines in the left plots indicate the specific timestamps for the synchronized camera views and heatmaps of the dreamed
versus ground-truth tactile latents shown on the right.

auxiliary objectives.
Results and Analysis. Fig. 7 reveals three main obser-
vations. First, touch as an input alone is not consistently
beneficial. Comparing w/o Touch and TD with w/o TD,
adding touch observations without touch dreaming improves
performance on Towel Folding, but does not help on Insert-
T, and is slightly worse on average in success rate. The task-
score differences between the two variants are also small.
This indicates that simply appending touch observations does
not reliably translate into better control performance.

Second, adding a predictive touch objective improves per-
formance beyond passive touch conditioning. Both Dream
Raw Tactile and Dream Latent Tactile outperform w/o TD
on Insert-T, Towel Folding, and on the average metrics,
showing that explicitly learning to anticipate future contact
provides a more useful training signal than using current
touch observations alone.

Third, Dream Latent Tactile achieves the best overall per-
formance and consistently outperforms Dream Raw Tactile,
especially in success rate, where it yields a relative gain of
30%. This suggests that supervising future touch in a learned
latent space is more effective and stable than directly predict-
ing raw tactile signals. Overall, these ablations support two
conclusions: simply adding touch inputs is insufficient, and
the choice of supervision for future touch has a substantial
impact on downstream contact-rich humanoid manipulation.
Qualitative touch dreaming. Fig. 8 illustrates the represen-
tations learned via the dreaming objective. Across representa-
tive rollouts, HTD predicts future hand force trajectories that
effectively track both the timing and magnitude of contact
events. Furthermore, tactile latent similarity (L2 similarity)

remains high during periods of sustained contact. While we
observe temporary drops in similarity during abrupt contact
transitions, which coincide with sudden force spikes, the met-
ric maintains a relatively high level overall. These localized
deviations are expected: because we roll out the dreamed
latent chunks in an open-loop manner, predictions naturally
diverge slightly from the ground truth when unpredictable,
discontinuous contact changes occur mid-chunk.

Comparing the two tasks further highlights the contact-
awareness of the learned representations. In general, Tea
Serving involves rigid objects and requires larger applied
forces than the deformable manipulation in Towel Folding.
During phases with light or sparse contact (e.g., Tea Serving
at 6.7s, or the preliminary contacts in Towel Folding at
19.7s and 32.7s), the baseline latent patterns remain highly
consistent across different fingers and tasks. Conversely,
when rich contact occurs, the latents activate into distinct,
high-intensity patterns (e.g., Tea Serving at 13.3s, 20.0s,
and 26.7s; Towel Folding at 6.7s and 45.7s). Notably, when
fingers experience comparable contact states, such as similar
force magnitudes and localized contact regions, the resulting
tactile latents exhibit visually analogous structural patterns.
This consistency across varying levels of contact intensity
suggests that our learned tactile latent space effectively filters
out the high-frequency noise and spatial sparsity typical
of raw sensor signals. Ultimately, these qualitative results
reinforce our quantitative ablations: they demonstrate that
the model has learned a robust, noise-filtered representation
that accurately captures physical interaction, ensuring that
the transformer trunk remains highly contact-aware during
downstream manipulation.



V. CONCLUSIONS

In this work, we study dexterous, contact-rich humanoid
manipulation and present an integrated system that com-
bines a robust whole-body controller for stable execution, a
real-world VR-based data collection pipeline for humanoid
demonstrations, and a touch-aware policy learning frame-
work. We propose Humanoid Transformer with Touch
Dreaming (HTD), a multimodal encoder–decoder Trans-
former that models touch as a core modality and augments
single-stage behavioral cloning with future hand-joint-force
prediction and future tactile-latent prediction. By supervising
future tactile prediction with an EMA target encoder, HTD
learns stable and contact-aware latent representations without
requiring a separate tactile pretraining stage.

Across five real-world tasks, Insert-T, Book Organiza-
tion, Towel Folding, Cat Litter Scooping, and Tea Serving,
HTD consistently outperforms decoder-only ACT baselines,
achieving about 90.9% relative improvement in average
success rate over the stronger ACT variant. Our ablations
further show that latent tactile dreaming is more effective
than raw tactile prediction, with Dream Latent Tactile
yielding a 30% relative gain in success rate over Dream
Raw Tactile. Together, these results suggest that combin-
ing robust whole-body execution, scalable humanoid data
collection, and predictive touch-centered learning provides a
practical path toward more reliable humanoid manipulation
under frequent and complex contact changes.
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[33] Y. Ze, Z. Chen, J. P. Araújo, Z.-a. Cao, X. B. Peng, J. Wu, and
C. K. Liu, “Twist: Teleoperated whole-body imitation system,” arXiv
preprint arXiv:2505.02833, 2025.

[34] Y. Li, Y. Lin, J. Cui, T. Liu, W. Liang, Y. Zhu, and S. Huang,
“Clone: Closed-loop whole-body humanoid teleoperation for long-
horizon tasks,” in 9th Annual Conference on Robot Learning, 2025.

[35] H. Qi, Y.-J. Wang, T. Lin, B. Yi, Y. Ma, K. Sreenath, and J. Malik,
“Coordinated humanoid manipulation with choice policies,” arXiv
preprint arXiv:2512.25072, 2025.

[36] Y. Ze, Z. Chen, W. Wang, T. Chen, X. He, Y. Yuan, X. B. Peng,
and J. Wu, “Generalizable humanoid manipulation with 3d diffusion
policies,” in 2025 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS). IEEE, 2025, pp. 2873–2880.

[37] J. Li, Y. Zhu, Y. Xie, Z. Jiang, M. Seo, G. Pavlakos, and Y. Zhu,
“Okami: Teaching humanoid robots manipulation skills through single
video imitation,” arXiv preprint arXiv:2410.11792, 2024.

[38] R.-Z. Qiu, S. Yang, X. Cheng, C. Chawla, J. Li, T. He, G. Yan, D. J.
Yoon, R. Hoque, L. Paulsen et al., “Humanoid policy˜ human policy,”
arXiv preprint arXiv:2503.13441, 2025.

[39] C. Higuera, A. Sharma, C. K. Bodduluri, T. Fan, P. Lancaster,
M. Kalakrishnan, M. Kaess, B. Boots, M. Lambeta, T. Wu,
and M. Mukadam, “Sparsh: Self-supervised touch representations
for vision-based tactile sensing,” 2024. [Online]. Available: https:
//openreview.net/forum?id=xYJn2e1uu8

[40] E. Helmut, N. Funk, T. Schneider, C. de Farias, and J. Peters, “Tactile-
conditioned diffusion policy for force-aware robotic manipulation,”
arXiv preprint arXiv:2510.13324, 2025.

[41] H. Xue, J. Ren, W. Chen, G. Zhang, Y. Fang, G. Gu, H. Xu, and C. Lu,
“Reactive diffusion policy: Slow-fast visual-tactile policy learning for
contact-rich manipulation,” in Proceedings of Robotics: Science and
Systems (RSS), 2025.

[42] B. Huang, Y. Wang, X. Yang, Y. Luo, and Y. Li, “3d-vitac: Learning
fine-grained manipulation with visuo-tactile sensing,” arXiv preprint
arXiv:2410.24091, 2024.

[43] X. Zhu, B. Huang, and Y. Li, “Touch in the wild: Learning fine-grained
manipulation with a portable visuo-tactile gripper,” arXiv preprint
arXiv:2507.15062, 2025.

[44] H. Chen, J. Xu, H. Chen, K. Hong, B. Huang, C. Liu, J. Mao, Y. Li,
Y. Du, and K. Driggs-Campbell, “Multi-modal manipulation via multi-
modal policy consensus,” arXiv preprint arXiv:2509.23468, 2025.

[45] T. Lin, Y. Zhang, Q. Li, H. Qi, B. Yi, S. Levine, and J. Malik,
“Learning visuotactile skills with two multifingered hands,” in 2025
IEEE International Conference on Robotics and Automation (ICRA).
IEEE, 2025, pp. 5637–5643.

[46] X. Zhang, C. Zhang, B. Zhang, Z. Peng, S. Cui, and S. Wang,
“Dextac: Learning contact-aware visuotactile policies via hand-by-
hand teaching,” arXiv preprint arXiv:2601.21474, 2026.

[47] J. Huang, S. Wang, F. Lin, Y. Hu, C. Wen, and Y. Gao, “Tactile-
vla: unlocking vision-language-action model’s physical knowledge for
tactile generalization,” arXiv preprint arXiv:2507.09160, 2025.

[48] J. Bi, K. Y. Ma, C. Hao, M. Z. Shou, and H. Soh, “Vla-touch: Enhanc-
ing vision-language-action models with dual-level tactile feedback,”
arXiv preprint arXiv:2507.17294, 2025.

[49] C. Zhang, P. Hao, X. Cao, X. Hao, S. Cui, and S. Wang, “Vtla: Vision-
tactile-language-action model with preference learning for insertion
manipulation,” arXiv preprint arXiv:2505.09577, 2025.

[50] C. Higuera, S. Arnaud, B. Boots, M. Mukadam, F. R. Hogan,
and F. Meier, “Visuo-tactile world models,” arXiv preprint
arXiv:2602.06001, 2026.

[51] U. Yoo, Y. Mao, J. Oh, and J. Ichnowski, “A-slip: Acoustic sensing
for continuous in-hand slip estimation,” 2026. [Online]. Available:
https://arxiv.org/abs/2604.08528

[52] M. Mittal, P. Roth, J. Tigue, A. Richard, O. Zhang, P. Du, A. Serrano-
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APPENDIX
A. Lower-Body Controller Details

We provide additional details on the command ranges and
domain randomization parameters used in training the lower-
body policy.

a) Command ranges and domain randomization.:
Command signals are uniformly sampled within predefined
ranges (Table III), where v = [vx, vy]

T denotes the base
velocity commands, rpy = [ϕtorso, θtorso, ψtorso] denotes
the torso orientation commands, and h is the base height
command. To improve sim-to-real transferability, we apply
domain randomization across physics parameters (Table IV).

TABLE III: Command ranges

Command Range Command Range

vx [−0.5, 0.5] m/s ϕtorso (roll) [−0.7, 0.7] rad
vy [−0.5, 0.5] m/s θtorso (pitch) [−0.52, 1.57] rad
ωz [−1.57, 1.57] rad/s ψtorso (yaw) [−1.57, 1.57] rad
h [0.35, 0.8] m

TABLE IV: Domain randomizations

Parameter Range Parameter Range

Angular velocity ±0.2 rad/s Static friction [0.6, 1.0]
Projected gravity ±0.05 Dynamic friction [0.4, 0.8]
Joint position ±0.01 rad Restitution [0.0, 0.005]
Joint velocity ±1.5 rad/s Base mass [−5.0, 5.0] kg

b) Achievable control ranges.: Our learned pol-
icy achieves the maximum stable controllable ranges
summarized in Table V, where the base height is
[0.33, 0.80]m, torso roll is [−0.38, 0.35] rad, torso pitch
is [−0.92, 1.41] rad, and torso yaw is [−1.50, 1.34] rad.
Compared with the command ranges used during training,
the controller fully covers the trained height range and even
slightly exceeds the lower bound, while covering most of
the trained yaw range. For pitch, the stable range is broad
but asymmetric: it extends beyond the trained range on the
negative side, while being slightly smaller near the positive
extreme. In contrast, the roll range is noticeably narrower
than the training range, suggesting that lateral whole-body
balance remains the most restrictive direction.
TABLE V: Maximum stable controllable ranges of our WBC policy
in simulation.

Command Stable range

Base height h [0.33, 0.80] m
Torso roll ϕtorso [−0.38, 0.35] rad
Torso pitch θtorso [−0.92, 1.41] rad
Torso yaw ψtorso [−1.50, 1.34] rad

B. Reward Details
Table VI summarizes all reward terms used in training.

The overall reward is composed of tracking rewards, regular-
ization terms, contact- and gait-related terms, stability terms,
and several auxiliary penalties. Below we briefly describe the
role of each term.

a) Tracking rewards:
• Linear velocity reward. Encourages the robot to track

the commanded planar base velocity in the yaw-aligned

horizontal frame, which is essential for stable omnidi-
rectional locomotion.

• Angular velocity reward. Encourages accurate track-
ing of the commanded yaw angular velocity, allowing
the robot to regulate turning behavior during locomo-
tion.

• Torso height reward. Encourages the robot to maintain
the desired torso height, which is important for both bal-
ance and workspace modulation during manipulation.

• Torso roll reward. Encourages tracking of the com-
manded torso roll relative to the pelvis, enabling lateral
torso leaning and posture adjustment.

• Torso pitch reward. Encourages tracking of the com-
manded torso pitch, which is particularly useful for
bending motions and forward-reaching manipulation
behaviors.

• Torso yaw reward. Encourages tracking of the com-
manded torso yaw relative to the pelvis, allowing the
upper body to reorient independently for manipulation
and coordination.
b) Regularization terms:

• Energy penalty. Penalizes large instantaneous actuation
effort to encourage energy-efficient motions and reduce
unnecessary torque output.

• Action rate penalty. Penalizes rapid changes in consec-
utive actions, promoting smoother control signals and
improving motion consistency.

• Joint acceleration penalty. Penalizes large joint ac-
celerations to reduce abrupt motions and encourage
physically plausible transitions.

• Vertical velocity penalty. Penalizes undesired vertical
base motion, helping the robot maintain stable height
regulation rather than bouncing during locomotion.

• Roll/pitch rate penalty. Penalizes excessive angular
velocity around the roll and pitch axes, reducing ag-
gressive body oscillations and improving upper-body
stability.
c) Contact and gait terms:

• Undesired contacts penalty. Penalizes collisions in-
volving non-foot body parts, encouraging the robot to
avoid falling, dragging limbs, or contacting the environ-
ment with inappropriate links.

• Feet slide penalty. Penalizes foot motion while in
contact with the ground, encouraging stable footholds
and reducing slip.

• Flying penalty. Penalizes states in which no foot is in
contact with the ground, discouraging unstable airborne
phases during normal locomotion.

• Feet force penalty. Penalizes excessively large vertical
ground reaction forces, which helps avoid overly harsh
stepping and improves motion smoothness.

• Feet air-time reward. Encourages appropriate stepping
behavior by rewarding meaningful swing phases when
non-trivial motion commands are issued.

• Feet stumble penalty. Penalizes abnormal contact pat-
terns in which tangential foot force becomes excessively



TABLE VI: Reward terms

Term Weight Term Weight

Tracking Rewards

Linear velocity
rvel := exp

(
−

∥vxy−v∗
xy∥22

σ2
v

) 1.0 Torso roll
rroll := exp

(
−

(∆ϕ− ϕ∗)2

σ2
r

)
,

∆ϕ := ϕtorso − ϕpelvis

1.0

Angular velocity
rang := exp

(
− (ωz−ω∗

z )2

σ2
ω

) 1.0 Torso pitch
rpitch := exp

(
− (θ−θ∗)2

σ2
p

) 1.0

Torso height
rh := exp

(
− (h−h∗)2

σ2
h

) 1.0 Torso yaw

ryaw := exp

(
−

(∆ψ − ψ∗)2

σ2
y

)
,

∆ψ := ψtorso − ψpelvis

1.0

Regularization

Energy
rE := ∥ |τ ⊙ q̇| ∥2

−0.001Action rate
r∆a := ∥at − at−1∥2

2

−0.01

Joint acceleration
rq̈ :=

∑
j∈Jlower

q̈2j

−2.5×
10−7

Vertical velocity
rvz := v2z

−1.0

Roll/pitch rate
rωxy := ω2

x + ω2
y

−0.15

Contact & Gait

Undesired contacts
ruc :=

∑
b∈Bnonfoot

I
(
maxτ∈[t−∆,t] ∥Fb(τ)∥2 > Fthr

) −1.0 Feet slide
rslide :=

∑
f∈{L,R} ∥vxy

f ∥2 · I(f in contact)

−0.25

Flying
rfly := I(no foot contact)

−1.0 Feet force
rF :=

∑
f∈{L,R}

clip
(
max(|Fz,f | − 500, 0), 0, 400

) −0.003

Feet air-time
rair := min(tair, 0.4) · I(single-stance)

· I
(
∥v∗

xy∥2 + |ω∗
z | > 0.1

) 0.15 Feet stumble
rstumble := I

(
∃f ∈ {L,R} : ∥Fxy

f ∥2 > 5 |Fz,f |
) −2.0

Stability

Torso orientation
rori := ∥gtorso,xy∥2

2

−2.0 Joint limits
rlim :=

∑
j

(
max(qj − q

max
j , 0) + max(q

min
j − qj , 0)

) −2.0

Flat orientation
rflat := ∥gxy∥2

2

−1.0 Feet distance
rnear := max(dthr − ∥pL − pR∥2, 0)

−2.0

Other

Joint deviation
rdev(J ) :=

∑
j∈J |qj − qdefault

j |
−0.02

to
−0.2

Termination
rterm := I(terminated)

−200

large relative to vertical support force, which often
indicates stumbling or unstable foot-ground interaction.
d) Stability terms.:

• Torso orientation penalty. Penalizes deviation of the
torso from an upright orientation, helping maintain
whole-body balance.

• Joint limits penalty. Penalizes violations of soft joint
position limits, preventing the policy from relying on
unrealistic or unsafe joint configurations.

• Flat orientation penalty. Penalizes non-flat base orien-
tation, further encouraging upright and balanced loco-
motion behavior.

• Feet distance penalty. Penalizes configurations in
which the two feet become too close to each other,
which helps maintain a reasonable support polygon and
improves balance robustness.

e) Other terms.:

• Joint deviation penalty. Penalizes deviation from de-
fault joint configurations for selected joint groups, en-
couraging natural posture priors and preventing exces-
sive joint drift.

• Termination penalty. Applies a large penalty when the
episode terminates, strongly discouraging catastrophic
failure such as falling or unrecoverable instability.


	Introduction
	Related Work
	Humanoid Whole-Body Control and Teleoperation for Manipulation
	Imitation Learning for Humanoid Manipulation
	Representation Learning for Contact-Rich Manipulation with Tactile Sensing

	Methodology
	A System for Versatile Humanoid Dexterous Manipulation
	Lower-body Controller
	Teleoperation and Data Collection
	Learning Dexterous Manipulation with Touch Dreaming
	Training Paradigm

	Experiments
	Conclusions
	References
	Lower-Body Controller Details
	Reward Details


