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Abstract

Vision-Language-Action (VLA) models are promising as they allow to interact with a robot through natural
language and are very generalist policies. VLAs attach a randomly-initialized Diffusion Transformer (DiT)
to a pretrained Vision-Language Model (VLM) and train it via supervised fine-tuning (SFT) on real or
synthetic demonstration data. In parallel, the development of modern physics simulator (MuJoCo, Isaac
Lab) combined with reinforcement learning (RL) has produced highly capable control policies especially
for the locomotion of very complex robots like humanoids or dexterous manipulation. One of the main
bottleneck of physical AI is the lack of data. The main advantage of RL training is that it can be run inside
a simulator. I propose to use RL to pretrain a VLA in a simulator to let it build a physical knowledge a
priori. Unlike recent work that RL-pretrains the action expert on a single downstream manipulation task,
the physical prior I target is task-agnostic: it is trained once against a generic physics reward and transfers
across tasks and embodiments, including classical whole-body skills such as walking. To do so, it requires
to initialize the DiT. I show that this is feasible with two established architectures: a causal transformer
trained by standard PPO, or a diffusion policy trained by DPPO or DDiffPG.

1 Introduction

Vision-Language-Action (VLA) models are emerging as the most promising candidate for a generalist robotic policy.
By attaching an action decoder to a pretrained Vision-Language Model (VLM), they inherit the semantic generalization
of internet-scale pretraining and expose it to a robot through a natural-language interface. The Physical Intelligence
π family [1–4], NVIDIA GR00T [5], SmolVLA [6] and X-VLA [7] all share this template and are pushing the next
frontier of physical AI.

In parallel, model-free reinforcement learning in modern physics simulators (MuJoCo [8], Isaac Lab [9]) has produced a
second generation of controllers with capabilities that no purely supervised pipeline has matched. Humanoids walk
over miles of trails [10, 11], and the viral videos of humanoids dancing or performing martial-arts choreography are,
almost without exception, the product of large-scale simulator RL. The training signal of an unmodified per-step reward,
replayed across billions of randomized simulator steps, is the substrate on which these exotic physical skills are built.

The two fields are largely separated. VLAs are trained by supervised fine-tuning (SFT) on demonstration data; their
action decoders are randomly initialized at the start of training. RL controllers are trained from environment reward
in simulation; they have no language or vision interface. A recent NVIDIA effort, SONIC [12], partially bridges the
two by training a separate whole-body RL motion-tracking policy on 700 hours of motion-capture data and routing
commands from a fine-tuned GR00T N1.5 VLA through it via a shared token interface - a System-1 / System-2 split that
requires two trained models, virtual reality (VR) teleoperation hardware, and a large mocap corpus. This work proposes
a different bridge: rather than maintaining the split, instill a physical sense directly into the VLA’s own action-expert
weights via simulator RL, so a single model is trained end-to-end and downstream task-specific demonstrations are the
only data required. The two approaches are complementary on the data axis - VR-teleoperated trajectories collected
through a SONIC-style pipeline can in turn be reused as SFT data for an RL-pretrained VLA - but architecturally



distinct.

Contribution. I propose RL pretraining of the VLA action expert: a transfer-learning recipe that uses a simulator-
trained RL control policy as the initialization of the action expert, before SFT on demonstration data. Recent work,
ActionX [13], has shown the empirical value of this ordering - RL-pretraining a flow-matching action expert with a
frozen VLM beats both supervised pretraining and no pretraining - but confines it to a single downstream manipulation
task, pretraining the action expert in that task’s own simulator under its task-success reward, on a single embodiment.
The contribution here is orthogonal and more general: the RL stage instills a task-agnostic physical prior - trained once
against a generic physics reward, covering classical whole-body skills such as locomotion, and transferred across many
downstream tasks and different embodiments rather than re-paid per task. I identify two pretraining paradigms grounded
in established work: a Paradigm 1 causal-transformer route via standard Proximal Policy Optimization (PPO) [14], and
a Paradigm 2 diffusion-policy route via Diffusion Policy Policy Optimization (DPPO) [15] or Deep Diffusion Policy
Gradient (DDiffPG) [16]. I then describe how the result transfers into a DiT-style [17] VLA action expert.

The walking gap illustrates the opportunity. Current VLAs walk poorly, if at all, while a 1.4M-parameter RL-trained
transformer walks zero-shot over rough terrain [11]. The VLA action expert and the RL transformer are close architectural
cousins. The community has built every piece of the bridge - the simulators, the architectures, the algorithms - and has
not yet crossed it in the direction proposed here.

2 Background

2.1 Vision-Language-Action model architectures

A modern VLA decomposes into three modules:

1. A pretrained VLM backbone that consumes the images (or videos) and the language instruction and emits a
sequence of token embeddings.

2. An action expert, architecturally a Diffusion Transformer (DiT) [17], that consumes (noised) action tokens together
with the proprioceptive state. The VLM token embeddings are routed into the DiT through its cross-attention
layers.

3. An embodiment-specific projection MLPs that map the robot’s heterogeneous state and action vectors to and from
a shared latent dimension.

Notably, the Physical Intelligence π family [1], [2], [3], [4], the NVIDIA GR00T model family [5] and SmolVLA [6]
fused the VLM to the DiT, through the cross-attention mechanisms. X-VLA [7] uses another paradigm where the output
of the VLM is directly fed into the input of its DiT.

VLAs are typically trained through behavior cloning. Reusing the framing of [7], they are fine-tuned on expert trajectories
D = {τj}Mj=1, τj = {(on, an)}

Nj

n=1, where on denotes the multimodal observation at step n (e.g., visual input, language
instruction, proprioceptive state) and an is the corresponding expert action. The policy πθ(on) parameterized by θ is
optimized to predict the demonstrated action chunk An = [an, an+1, . . . , an+T−1]

⊤, where T denotes the chunk size,
by minimizing a suitable supervised loss ℓ(·):

LBC(θ) = E(on,An)∼D [ℓ (πθ(on), An)] . (1)

2.2 Reinforcement Learning control policy

Modern physics simulators (MuJoCo [8], Isaac Lab [9]) allow a robot designed in CAD to be brought into a parallelized
GPU simulation where a neural-network control policy is trained to maximize a hand-designed reward function. Reward
shaping remains a craft, but the resulting policies can transfer zero-shot to real hardware on quadrupeds, bipeds, and
dexterous hands.

RL algorithms split into two families. On-policy methods estimate the gradient of expected return from rollouts collected
by the current policy and discard them after one update; Proximal Policy Optimization (PPO) [14] is the dominant
choice for simulator-scale training because it is stable and parallelizes well. Off-policy methods learn a value function
(Q-learning) from a replay buffer of past transitions, which is more sample-efficient but harder to stabilize at scale;
DDiffPG [16] relies on off-policy actor-critic learning to drive a diffusion policy.
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Recent works from Berkeley [10, 11] use a small causal transformer trained by PPO to build a locomotion policy for
Agility’s Digit humanoid robot, exhibiting zero-shot walking over complex outdoor environments.

2.3 Diffusion policies and their RL training

A Diffusion Policy [18] parameterizes the action distribution as the reverse of a forward noising process: starting from
Gaussian noise, the policy iteratively denoises an action chunk conditioned on the current observation. Flow matching
[19] is the continuous-time, deterministic-ODE special case of this framework, and it is the variant used by the modern
VLA action experts; any training recipe that applies to a diffusion policy therefore applies to a flow-matching action
expert.

Two recent works lift the training of diffusion policies to RL. DPPO [15] treats the chain of denoising steps as an
additional inner MDP nested inside the environment MDP, yielding a tractable Gaussian likelihood at each denoising
step that PPO can optimize. DDiffPG [16] trains a diffusion policy from scratch with off-policy actor-critic updates and
exploration bonuses. The takeaway is that a diffusion policy with the same architecture as a VLA action expert can be
trained from environment reward alone.

3 Problem Formulation

3.1 POMDP formulation

We treat VLA control as a Partially Observed Markov Decision Process M = (S,A,O, P,R, γ) with hidden state
s ∈ S , action a ∈ A, observation o ∈ O, transition P (s′ | s, a) given by the simulator or real robot, and reward R(s, a).
The policy πθ(at:t+H−1 | ot−T+1:t, ℓ) outputs an action chunk of horizon H given an observation history of length T
and a language instruction ℓ, and is parameterized as a transformer-based flow-matching or diffusion model.

3.2 The initialization problem

Let θ = (θVLM, θAE, θembod) partition the VLA parameters into the VLM backbone, the action-expert trunk, and
the embodiment-specific projection MLPs. Standard practice initializes θ

(0)
VLM = θweb

VLM from a web-scale pretrained
checkpoint, and draws θ(0)AE , θ

(0)
embod from a random initializer. SFT then minimizes a flow-matching loss Lfm(θ;Ddemo)

on a demonstration dataset.

The bottleneck is that θ(0)AE encodes no inductive bias about actuation. The flow-matching loss must therefore use
demonstrations to teach the action expert, simultaneously, two things:

1. how to denoise toward a clean action distribution;

2. the basic dynamics of the embodiment.

Demonstrations are scarce, expensive, and biased toward expert behavior; recovery from external disturbances and the
resulting policy robustness are weakly represented in them. RL in simulation has, for nearly a decade, been the substrate
that solves the second point. This paper proposes to leverage that substrate during the pretraining of the VLA.

Why this is the bottleneck. The VLM brings semantic generalization; demonstrations bring task-specific knowledge;
nothing upstream brings general physics understanding. The walking gap illustrates this: the VLAs surveyed in this
paper either cannot walk, walk only slowly in controlled environments, or walk via a separately-trained low-level
controller, while a 1.4M-parameter RL-trained transformer walks Digit zero-shot over rough terrain. The disparity is not
in the architecture - the architectures are in the same family - but in the training signal seen by the action-expert weights.

4 Proposed Framework

4.1 Paradigm 1 - Causal transformer via standard PPO

Architecture. A small causal transformer in the same family as the target VLA’s action-expert trunk. Following the
Berkeley humanoid controllers HT and HT-2 [10, 11], the policy πθ(at | ot−T+1:t, at−T+1:t−1) takes a context window
of the past T proprioceptive observations and actions. Each observation and each past action is embedded by a MLP
into the transformer’s hidden dimension; the resulting token sequence is processed by a stack of causal self-attention
blocks; an output MLP head decodes the final token into an action token. HT-2 is a concrete instance - 4 transformer
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blocks, hidden dim 192, 4 heads, MLP ratio 2, context window 16, 1.4M parameters total - but the recipe is agnostic to
the exact depth, width, and head count: the practitioner should match these to the shape of the downstream action expert.

Training signal. PPO [14] optimizes the clipped surrogate objective

LPPO(θ) = Et

[
min

(
rt(θ) Ât, clip(rt(θ), 1−ϵ, 1+ϵ) Ât

)]
, rt(θ) =

πθ(at | ot−T+1:t)

πθold(at | ot−T+1:t)
, (2)

where Ât is an advantage estimate computed from the unmodified per-step environment reward (typically via GAE)
and the clip range ϵ bounds the per-update policy change. This is the regime in which simulator-scale RL has been
extensively explored on quadrupeds, bipeds, and humanoids, and in which HT-2 walked Digit zero-shot over rough
terrain. The clean reward signal and the small parameter count combine to produce a stable, sample-efficient training
loop.

Conversion to a VLA action expert. The Paradigm-1 model is a causal transformer; the VLA action expert is a Diffusion
Transformer [17]. The conversion has three steps:

1. Insert adaLN. Each transformer block is wrapped with adaptive layer norm whose scale and shift are regressed
from the flow-matching timestep embedding, following the DiT recipe [17]. The residual scale is initialized to zero
(adaLN-Zero) so that, at the start of SFT, each block acts as the identity over the timestep input and preserves the
RL-pretrained forward function.

2. Replace input/output projections. The Paradigm-1 input embedder is replaced by the VLA’s embodiment-specific
state-and-action embedder MLP, and the output head by the embodiment-specific action decoder MLP, sized to the
new state and action dimensions. This is the cross-embodiment pattern established by GR00T N1 [5]: “embodiment-
aware state and action encoder to embed the robot’s state and action inputs.”

3. Convert some self-attentions to cross-attentions. A subset of the trunk’s self-attention sublayers is repurposed
as cross-attention to the frozen VLM’s token embeddings, mirroring the encoder-to-decoder cross-attention of the
original Transformer [20] and the alternation of cross- and self-attention blocks used in GR00T N1 [5]. The VLM
itself is untouched: only its output tokens are forwarded into the action expert.

4.2 Paradigm 2 - Diffusion policy via DPPO or DDiffPG

Architecture. A diffusion or flow-matching policy whose backbone is the same transformer-based stack used for
the target VLA’s action-expert trunk. The output is an action chunk At = [at, . . . , at+H−1]. By construction, the
architecture is the same as the VLA action expert minus the cross-attention to the VLM tokens, so weight transfer at the
end of pretraining is direct.

4.2.1 DPPO - on-policy fine-tuning of a diffusion policy

DPPO [15] unrolls the denoising process into an inner MDP nested inside the environment MDP. The composite
“Diffusion Policy MDP” MDP has states s̄t̄(t,k) = (st, a

k+1
t ), actions āt̄(t,k) = akt , and reward

R̄t̄(t,k)(s̄, ā) =

{
0 k > 0,

R(st, a
0
t ) k = 0,

(3)

i.e. reward flows only at the fully-denoised step k=0. The Gaussian likelihood of each denoising step, πθ(a
k
t |

ak+1
t , st) = N (akt ;µ(a

k+1
t , εθ(a

k+1
t , k+1, st)), σ

2
kI), admits exact policy-gradient updates. The original paper reports

the following best practices when warm-starting from a demonstration-pretrained Diffusion Policy:

• fine-tune only the last K ′ denoising steps;

• run inference with Denoising Diffusion Implicit Models (DDIM);

• clamp the minimum exploration noise σexp
k to preserve exploration.

DPPO can also be trained from scratch, at the cost of roughly 6× the wall-clock of a standard MLP policy trained by
PPO. The architecture transfers directly to the VLA action expert.
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4.2.2 DDiffPG - off-policy from-scratch training

DDiffPG [16] trains a diffusion policy from scratch, without demonstrations, using off-policy actor-critic learning. Its
main contribution is to decouple exploration from policy learning: a Random Network Distillation bonus drives the
agent toward novel states, the discovered trajectories are clustered into behavioral modes, and a separate Q-function is
fit per mode. The diffusion policy is then updated against a per-mode target action obtained by gradient ascent on the
corresponding Q-function. The recipe is the natural choice when demonstrations are unavailable for the pretraining task.

4.3 Transfer to the VLA action expert

Both paradigms produce a pretrained trunk θAE that initializes the action expert of a target VLA. The full assembly loads
the VLM backbone θVLM from its public pretrained checkpoint, initializes θAE from the simulator-trained checkpoint
- with the architectural conversion of §4.1 for Paradigm 1, or direct weight transfer for Paradigm 2 - and randomly
initializes the embodiment MLPs θembod to fit the target embodiment’s state and action dimensions. The VLM is typically
left frozen during SFT, as in π0 [1] and GR00T N1 [5].

For the action-expert SFT itself, two regimes are worth comparing empirically. Adapter-first freezes θAE and trains only
θembod and the newly inserted layers (adaLN, cross-attentions) for a short warm-up before unfreezing the trunk; the goal
is to protect the RL-pretrained trunk weights while the new layers settle. Joint unfreezes θAE together with the new
layers from the first SFT step, which may converge faster on large demonstration sets at the risk of erasing some of the
pretrained physics prior. Neither regime is a priori preferable - the choice is left to ablation.

5 Discussion

5.1 The walking gap

The clearest empirical case for the framework is the gap in physical capability between VLAs and dedicated RL
controllers. The most explicit instance is the Unitree G1 demonstration of Luo et al. [12], in which a fine-tuned GR00T
N1.5 emits upper-body teleoperation commands while a separate PPO-trained motion tracker handles the legs. More
recent VLAs do exhibit some walking in their public demonstrations, but the wider gap between what these systems can
do in controlled scenes and what RL-trained controllers do in the wild remains, and the capabilities of the action expert
itself are bounded by what is present in the demonstration set, which heavily over-represents quasi-static manipulation.
Simulator RL, in contrast, routinely produces behaviors that no demonstration set contains: Berkeley HT-2 walks Digit
over 4 miles of trails and 31% city grades with a 1.4M-parameter RL-trained transformer that has no vision and no
language input [11], and the viral footage of humanoids dancing or performing martial-arts choreography is the product
of similar pipelines. The architectures are in the same family as the VLA action expert. The training signals differ.
Pretraining the action expert via RL is a route to importing the more exotic physical capabilities of simulator RL into a
VLA.

5.2 Distinction from RL fine-tuning of VLAs

A growing body of work applies RL to a VLA after SFT, in order to refine task success, suppress error accumulation
under distribution shift, or improve reasoning. iRe-VLA [21] alternates online RL stages (with the VLM frozen and
only lightweight action heads trained) with supervised stages on successful trajectories. ConRFT [22] fine-tunes
a consistency-policy VLA via combined offline behavior cloning + Q-learning followed by online RL with human
interventions. SimpleVLA-RL [23] scales VLA-tailored RL on top of OpenVLA-OFT and reports the emergence of
unseen “pushcut” behaviors. πRL [24] addresses the intractable action log-likelihood of flow-matching VLAs to enable
online RL fine-tuning. VLA-RFT [25] replaces real environment rollouts with a learned world simulator. The shared
template across all of these is SFT first, RL second.

The framework proposed here is the opposite ordering: RL before SFT, on a different domain (simulated physical
control), so that SFT need only specialize a competent controller to the target task and embodiment rather than have
to learn the underlying physics from scratch. The two approaches are complementary; an RL-pretrained VLA can in
principle be post-trained with iRe-VLA-style or ConRFT-style RL after the SFT phase.

5.3 Distinction from task-specific RL pretraining

The most similar prior work is ActionX [13], which - like the present proposal - RL-pretrains a flow-matching action
expert with a frozen VLM before SFT, and reports that this ordering beats both supervised pretraining and no pretraining;
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on the LIBERO-Spatial subset, for instance, task success rises from 0% when a frozen-VLM backbone is adapted by
SFT alone to 95% with RL pretraining. ActionX is thus the first empirical validation of the core ordering advocated here,
and its wrist-orientation analysis - the RL-pretrained expert explores a markedly wider distribution of poses than the
teleoperation demonstrations contain - directly supports the claim that RL instills physical behaviour the demonstration
set never held.

Three properties nonetheless separate ActionX from the framework proposed here, and together they delimit its scope.
First, the prior is task-specific: ActionX pretrains the action expert “with task-specific action distributions” inside the
downstream task’s own RL environment and under its sparse task-success reward, so the pretraining - and a bespoke
task simulator and reward - must be re-paid for every new task. The present proposal instead pretrains against a
generic physical reward once and amortizes that single task-agnostic physical prior across many downstream tasks.
Second, the domain is manipulation only: every ActionX task is tabletop manipulation on LIBERO, Meta-World, or
single/dual-arm robots, so no locomotion, balance, or whole-body skill is pretrained and the walking gap of §5.1 is
left untouched. Third, the prior is single-embodiment: each ActionX action expert is pretrained for one embodiment,
whereas the embodiment-specific projection MLPs of §4.3 are exactly what let one pretrained trunk transfer across
different embodiments. ActionX names this generalization as open, calling for action-expert pretraining “similar to how
infants learn to control their limbs before performing meaningful tasks, to develop general purpose action expert models
for single or multiple embodied agents.” The present framework is a concrete route to that goal.

5.4 Distinction from offline RL pretraining

Another closely related line is π∗
0.6 / RECAP [3]. RECAP uses offline RL to train a value-function VLM that emits

a binary advantage label, which is then fed to the policy as an extra text input. The RL signal in RECAP therefore
trains the value function; the action-expert weights themselves are still updated by a flow-matching (behavior cloning)
loss on advantage-conditioned data, and at the start of training those weights are random. There are two distinctions
with the proposed framework. First, the present proposal directs the RL signal at the action-expert weights themselves,
before any demonstration data is presented. Second, RECAP relies on autonomous real-robot rollouts and human
interventions, while the present proposal trains its RL signal inexpensively inside a physics simulator. The two methods
are complementary: one could RL-pretrain the action expert via Paradigm 1 or 2 in simulation, then apply RECAP-style
advantage conditioning on real-robot data during downstream SFT.

5.5 Limitations

The main practical limitation is action-space mismatch: the upstream RL controller may produce joint setpoints with
PD gains at a fixed control frequency, while a downstream VLA may produce end-effector deltas, base velocities, or
a heterogeneous mix at chunk frequencies. The embodiment-specific projection MLPs absorb this in principle, but
the upstream RL run should be designed with the downstream action representation in mind. The choice of upstream
pretraining task and reward function - locomotion, dexterous manipulation, contact-rich assembly - is itself an open
design space that this paper deliberately leaves to follow-up empirical work.

A second open question is scale. Modern VLA action experts are close to a billion parameters (300M in π0, 860M
in π0.6 and π0.7), while the established RL-trained upstream policies discussed here are several orders of magnitude
smaller (HT-2 at 1.4M, SONIC at up to 42M). Either the transferred weights occupy a small fraction of the action expert,
or the upstream RL run has to be scaled up to match. Large-scale online PPO has been reported unstable on networks of
that size [21], though recent simulator-RL results suggest the boundary is moving.

5.6 Future work

The natural validation is empirical. The framework spans a two-dimensional design space: (simulator, RL algorithm)
on the upstream side and (VLM, embodiment, demonstration set) on the downstream side. Locomotion, dexterous
manipulation, contact-rich assembly, and bimanual manipulation are all valid upstream pretraining tasks within either
paradigm, and either MuJoCo or Isaac Lab can host them. The downstream side admits any combination of public VLM
checkpoint and robot-data set.

6 Conclusion

VLA action experts are randomly initialized and trained by SFT on demonstration data. Reinforcement learning, in
parallel, has produced controllers - some of which are causal transformers or diffusion policies in the same architectural
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family as the VLA action expert itself - trained in simulators that the RL community already uses.

This paper proposed a transfer-learning framework that uses RL pretraining as the upstream initialization of the VLA
action expert, instantiated by a causal-transformer route via standard PPO or a diffusion-policy route via DPPO or
DDiffPG.

For the causal-transformer route, conversion into a DiT-style action expert reduces to three operations - inserting adaLN,
repurposing some self-attentions as cross-attentions to a frozen VLM, and fitting embodiment-specific I/O projections.
For the diffusion-policy route, the architecture already matches the VLA action expert and the pretrained trunk transfers
directly; only the cross-attention to the VLM and the embodiment-specific I/O projections need to be added. Standard
SFT on demonstration data then takes over.

The framework is orthogonal to the existing line of RL post-training of VLAs and to advantage-conditioned offline RL.
Every architectural and algorithmic component already exists. What remains is the empirical study of the ordering - RL
before SFT - and of how broadly the resulting physics priors transfer across embodiments and tasks.
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