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Figure 1. Center: Unitree G1 humanoid performing loco-manipulation, walking between tables to place and pick objects for 54 loops with
our RGB-based sim-to-real policy. Surrounding: diverse simulated scenes used for training. Website: https://viral-humanoid.github.io

Abstract

A key barrier to the real-world deployment of humanoid
robots is the lack of autonomous loco-manipulation skills.
We introduce VIRAL, a visual sim-to-real framework that
learns humanoid loco-manipulation entirely in simulation
and deploys it zero-shot to real hardware. VIRAL follows
a teacher-student design: a privileged RL teacher, operat-
ing on full state, learns long-horizon loco-manipulation us-
ing a delta action space and reference state initialization. A
vision-based student policy is then distilled from the teacher
via large-scale simulation with tiled rendering, trained with
a mixture of online DAgger and behavior cloning. We find
that compute scale is critical: scaling simulation to tens of
GPUs (up to 64) makes both teacher and student training
reliable, while low-compute regimes often fail. To bridge
the sim-to-real gap, VIRAL combines large-scale visual do-
main randomization over lighting, materials, camera pa-
rameters, image quality, and sensor delays—with real-to-

sim alignment of the dexterous hands and cameras. De-
ployed on a Unitree G1 humanoid, the resulting RGB-based
policy performs continuous loco-manipulation for up to 54
cycles, generalizing to diverse spatial and appearance vari-
ations without any real-world fine-tuning, and approach-
ing expert-level teleoperation performance. Extensive abla-
tions dissect the key design choices required to make RGB-
based humanoid loco-manipulation work in practice.

1. Introduction
Humanoid robots are often framed as the natural embod-
iment of general-purpose physical intelligence: machines
that could ultimately take on a large fraction of physi-
cal work for society. Yet, despite rapid progress in hard-
ware and control, current humanoids have delivered limited
real, sustained productivity outside of carefully engineered
demos [21]. A core missing piece is autonomous loco-
manipulation—tight coordination of locomotion and ma-
nipulation under onboard perception—over long horizons
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Figure 2. VIRAL teacher-student pipeline. Phase 1: In simulation, a privileged RL teacher policy �teacherreceives full-state proprioception
and exteroception of the task information and outputs WBC commands. Phase 2: A vision-based student policy �studentobserves only RGB
images and sim-to-real proprioception and is trained to imitate the teacher policy via DAgger and behavior cloning.

and across diverse environments to accomplish useful tasks.
Most existing humanoid systems either focus on blind loco-
motion [28, 39, 43, 84], static tabletop manipulation without
mobility [41, 45, 77], or rely heavily on human teleopera-
tion [6, 26, 44, 78, 79, 82] or non-onboard sensors [72, 80],
and they rarely demonstrate autonomous loco-manipulation
with onboard sensors in the real world [15, 65, 74].

Recently, there has been an exciting push to replicate the
large language model recipe [1] in robotics, by collecting
large-scale real-world datasets and training “robotic foun-
dation models” from real-world teleoperation data [5, 7, 29,
32, 50, 64, 81]. While it remains unclear whether this path
alone will suf�ce for general manipulation, it is clear that
mobile manipulation will encounter substantially more vari-
ation than �xed tabletop setups and will therefore demand
far more data [19, 34, 73]. When the mobile platform is a
humanoid, the cost per data point increases even further due
to hardware complexity, higher degrees of freedom, safety
constraints, and the engineering overhead of the teleopera-
tion stack [16]. In other words, if we treat humanoid mobile
manipulation as “just another data problem,” the required
scale may be prohibitively expensive in practice.

Simulation offers an alternative path. Modern GPU-
accelerated, photorealistic simulators can generate orders of
magnitude more data at low marginal cost compared with
human teleoperation [4, 46, 48]. Sim-to-real has become
the de facto approach for legged locomotion [57, 63], where
policies trained in simulation routinely transfer to hard-
ware [13, 27, 38]. In contrast, manipulation is still largely
dominated by imitation learning from real-world data, with
sim-to-real successes typically restricted to tabletop settings
and narrow tasks [2, 10, 24, 41, 62]. Moreover, sim-to-real
locomotion and manipulation are usually studied in isola-
tion: locomotion work often ignores manipulation, and ma-
nipulation work typically assumes a �xed base. In this pa-
per, we aim to answer: Can visual sim-to-real enable useful
humanoid loco-manipulation with onboard perception?

Visual sim-to-real for robotics is not a new idea [2, 3,
17, 25, 30, 33, 42, 62, 65, 75, 76, 83], but we revisit it in the
context of humanoid loco-manipulation and push the sys-
tem to modern scales in simulation �delity, GPU compute,
and humanoid hardware. Our goal is not to propose yet an-
other novel RL or sim-to-real algorithm, but to provide a
technical recipe on the full stack required to make RGB-
based humanoid loco-manipulation work in practice: what
designs matter, where they fail, and how they interact.

To enable ef�cient sim-to-real training, we adopt a
teacher-student framework as shown in Figure 2. We �rst
train an RL teacher policy in simulation with full access
to privileged state, operating on top of a pretrained whole-
body control (WBC) policy [6]. We then distill this teacher
into a vision-based student policy that observes only RGB
images and proprioception accessible on the real robot. The
student is trained with large-scale visual distillation using a
mixture of online DAgger [56] and behavior cloning. We
�nd that scaling up GPU compute for simulation training is
essential for reliable learning of loco-manipulation skills.

To facilitate visual sim-to-real transfer, on the simula-
tion side, we scale up visual randomization variations, in-
cluding scene assets, lighting, materials, and camera pa-
rameters, with high-�delity tiled rendering; on the hard-
ware side, we align the simulator and real hardware to best
match each other, including system identi�cation (SysID)
on high-gear-ratio dexterous hands and the alignment of
cameras. Together, these technical elements yield an
end-to-end RGB-based student policy that transfers zero-
shot to the real humanoid robot and executes continuous
loco-manipulation—walking, placing, grasping, and object
transport—over long horizons.

In real-world experiments, VIRAL shows not only the
robustness of the high success rate that is near the human
expert teleoperation performance, but also generalization to
various spatial and scene variations. In simulation experi-
ments, scaling studies, and ablations reveal which key com-
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