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ABSTRACT

Vision-language-action (VLA) models have emerged as a paradigm for general-
purpose robotic control by translating visual observations and natural language
instructions into executable actions. Recent reinforcement learning (RL) post-
training further improves their task performance through online environment inter-
action and task-completion rewards. However, VLA policies remain sensitive to
prompt variation, exhibiting substantially different success rates even across se-
mantically equivalent instructions. For the same task, high-performing prompts
can reliably elicit successful behavior, whereas low-performing prompts often
provide few successful trajectories for direct RL. To exploit this performance
asymmetry, we propose Multi-student On-policy Self-distillation with Alternating
Reinforcement learning (MOSAR). MOSAR uses a high-performing prompt as a
teacher for multiple semantically equivalent student prompts and distills teacher
actions at student-visited observations, enabling cross-prompt behavior transfer
within a shared VLA policy. Since distillation alone cannot exceed its teacher,
MOSAR alternates RL and distillation with separate optimizer states and adap-
tively weights distillation according to task-specific teacher–student performance
gaps, allowing policy improvement and cross-prompt knowledge transfer to re-
inforce each other. From extensive evaluations on RoboLab, REALM, and a real
Franka robot, MOSAR consistently improves success on unseen prompts over RL-
and OPSD-based baselines while maintaining strong performance on targeted and
unseen tasks. Additional evaluations under visual distractors further demonstrate
robustness beyond the prompt variations explicitly addressed during training.

1 INTRODUCTION

Vision-language-action (VLA) models (Zitkovich et al., 2023; Kim et al., 2025; Black et al.,
2025b;a; NVIDIA et al., 2026) have emerged as a paradigm for general-purpose robotic control,
enabling robots to translate visual observations and natural language instructions into executable ac-
tions. Recent advances in reinforcement learning (RL) (Hu et al., 2025; Li et al., 2026a; Chen et al.,
2025; Wang et al., 2026b) have further improved VLA performance by optimizing pretrained poli-
cies through online environment interaction and task-completion rewards, allowing them to acquire
capabilities beyond those provided by supervised fine-tuning (SFT).

Despite these advances, VLA models remain sensitive to prompt variation: semantically equivalent
instructions can induce substantially different success rates (Kim et al., 2026a; Dong et al., 2026;
Liu et al., 2025b). For the same task, some prompts reliably elicit successful behavior while others
yield few successful trajectories, making direct RL under low-performing prompts less informative.
(Fig. 1(a),(b)) At the same time, this discrepancy is itself a resource: every phrasing conditions the
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Figure 1: Motivation and performance gains of combining PPO and OPSD. (a) Performance
variation across meaning-preserving prompts for the same task. Despite sharing the same goal, dif-
ferent prompt lead to substantial performance differences. (b) Robot trajectories also vary across
prompts. (c) PPO primarily benefits high-success-rate prompts, while OPSD improves prompts
across the success-rate spectrum. Combining PPO and OPSD shifts both low- and high-success-
rate prompts toward higher success rates.

same parameters, so the behavior elicited by a strong phrasing can be transferred to weaker ones
without demonstrations or an external teacher. A post-training method should therefore (i) close the
success gap among the phrasings of a task, (ii) raise all of them beyond the ceiling of the strongest
phrasing, and (iii) preserve performance on tasks it never trained on. Existing approaches address
at most one of these: RL fine-tuning raises the ceiling but mostly for prompts that already succeed
(Fig. 1(c)), while on-policy self-distillation closes the gap but can never exceed its teacher.

To this end, we propose Multi-student On-policy Self-distillation with Alternating Reinforcement
learning (MOSAR). MOSAR adaptively performs multi-prompt on-policy self-distillation by treat-
ing high-performing prompts as teachers and alternative prompts as students based on their task-
specific performance gaps, transferring teacher actions at student-visited observations through on-
policy self-distillation (i). We then alternate RL and distillation with separate optimizer states, al-
lowing RL to improve the shared policy (ii) while subsequent distillation propagates the updated
teacher behavior across student prompts. By separating and alternating the RL and distillation up-
dates, MOSAR both improves the teacher policy through reward optimization and propagates these
improvements across prompt variations (iii) (Fig. 1(c)).

We evaluate MOSAR on RoboLab (Yang et al., 2026), REALM (Sedlacek et al., 2026), and a real
Franka robot. MOSAR achieves 53.2% success on unseen prompts in RoboLab, compared with
33.7% for PPO and 41.2% for OPSD-S, and reaches 75.9% on unseen tasks. On REALM, it achieves
61.0% on unseen prompts, compared with 56.8% for both OPSD baselines. Real-robot experiments
further confirm improvements across prompt variations, while RoboLab experiments also show im-
proved robustness to visual distractors.

Our contributions are summarized as follows:

• We propose MOSAR, a multi-student on-policy self-distillation framework for VLAs,
where a high-performing prompt supervises semantically equivalent student prompts at
their visited observations. The privileged context is another phrasing, not extra information,
enabling cross-prompt transfer within a shared policy without demonstrations or external
teachers (i); adding students provably tightens coverage bounds on unseen paraphrases.

• Since distillation alone cannot exceed its teacher, we alternate RL and distillation with
separate optimizer states, regenerating teacher targets after each RL step, and adaptively
weight distillation according to task-specific teacher–student performance gaps, allowing
policy improvement and prompt-level knowledge transfer to complement each other (ii).

• We evaluate MOSAR on RoboLab, REALM, and a real Franka robot, verifying improved
robustness to unseen prompt variations, while preserving strong performance on targeted
and unseen tasks (iii), with robustness gains under goal swapping and visual distractors.
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2 RELATED WORK

Robustness in vision-language-action (VLA) models. Vision-language-action (VLA) models
have advanced from RT-1 (Brohan et al., 2023), RT-2 (Zitkovich et al., 2023), and OpenVLA (Kim
et al., 2025) to diffusion- and flow-based policies such as π0 (Black et al., 2025b), π0.5 (Black et al.,
2025a), Cosmos Policy (Kim et al., 2026b), and Cosmos 3 (NVIDIA et al., 2026). Despite their
strong performance, VLA models remain sensitive to task-preserving input variations. LIBERO-
Para (Kim et al., 2026a) reports substantial degradation under semantically equivalent prompts,
and multilingual instructions expose similar sensitivity (Dong et al., 2026). Task-irrelevant visual
changes also affect VLA policies, while RL and supervised fine-tuning do not necessarily provide
robustness beyond the training conditions (Liu et al., 2025b). Recent work improves instruction
robustness through grounded semantic re-binding (Yin & Zhang, 2026).

On-policy self-distillation. On-policy distillation (OPD) mitigates exposure bias by supervising
student-generated trajectories, building on interactive imitation learning (Ross et al., 2011) and ex-
tending to language models (Agarwal et al., 2024). On-policy self-distillation (OPSD) uses a sin-
gle model as teacher and student under different contexts, often providing privileged information
to the teacher (Zhao et al., 2026; Shenfeld et al., 2026; Hübotter et al., 2026; Li et al., 2026c).
Several methods combine dense distillation supervision with RL through adaptive weighting or
joint optimization (Tan et al., 2026; Lu et al., 2026; Liu et al., 2026; Pan et al., 2026). For VLAs,
VLA-OPD (Zhong et al., 2026) distills an RL-trained expert along student rollouts, while ROAD-
VLA (Wang et al., 2026a) addresses the gap between textual guidance and actions by construct-
ing an advantage-guided teacher. Our approach instead dynamically assigns multiple student which
share parameters while conditioned on distinct prompts and distills guidance from a strong-prompt
teacher. We further integrate RL to improve performance beyond strong-prompt supervision alone.

3 PRELIMINARIES

Flow-based VLA policies and RL fine-tuning. A flow-based VLA policy πθ generates an action
chunk a ∈ RH×D (H control steps, D action dimensions) by integrating a flow-matching veloc-
ity field from Gaussian noise to actions (Black et al., 2025b;a). To enable likelihood-based RL,
Flow-GRPO (Liu et al., 2025a) converts the deterministic flow into SDE with Gaussian transitions,
allowing the denoising process to be treated as an MDP and optimized with PPO (Schulman et al.,
2017). From πRL (Chen et al., 2025), we denote the PPO transition loss by ℓR(z) and defer the
sampler, MDP, and objective details to Apps. B.1 and B.3.

From on-policy distillation to self-distillation. On-policy distillation trains a student on its own
rollouts with a teacher evaluated at the same states, which avoids the exposure bias of learning from
teacher data (Ross et al., 2011; Agarwal et al., 2024). On-policy self-distillation (OPSD) goes one
step further. Its teacher is the same model conditioned on privileged context c, such as a reference
solution (Zhao et al., 2026; Shenfeld et al., 2026; Hübotter et al., 2026). For a query q and a student
response y ∼ πθ(· | q) with prefixes y<i,

LOPSD(θ) = Ey∼πθ(·|q)

[︂∑︂
i

KL
(︁
sg[πθ(· | q, c, y<i)]

⃦⃦
πθ(· | q, y<i)

)︁]︂
, (1)

where sg denotes the stop-gradient. Supervision is dense at exactly the states the student visits, and
since both roles share θ, the student improves by learning the trajectories of the privileged context.

Self-distillation for flow policies. For a flow policy the objective lifts to the denoising chain. With
the Gaussian transitions of the stochastic sampler (App. B.1), the per-step KL between teacher and
student kernels reduces to a squared error between their means (Li et al., 2026b). Motivated by
this, we use the following tractable surrogate. Then, at an observation o from the student’s rollout,
the teacher is the same model with a prompt pT, and its action aT = sg[πθ(o, p

T;x1)] with x1 ∼
N (0, I) is taken as a constant. The student policy under its prompt pS is then trained with the flow-
matching loss toward aT,

ℓD(o, p
S, pT) = Et,ϵ

[︂ 1

HD

⃦⃦
vθ
(︁
tϵ+ (1− t)aT, t | o, pS

)︁
− (ϵ− aT)

⃦⃦2
2

]︂
, (2)
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Figure 2: Overview of MOSAR. For each sampled task, we select multiple student prompts from
a pool of semantically equivalent instructions and use the selected high-performing instruction as
the teacher. We then perform multi-student OPSD, weighting the distillation objective based on
the teacher–student performance gap across tasks. Finally, the distillation and RL objectives are
optimized alternately to improve both prompt robustness and task performance.

with ϵ ∼ N (0, I) and t ∼ Beta(1.5, 1). This is the loss of the base model with teacher-relabelled ac-
tions (Black et al., 2025b;a). We note that it is a guidance of the teacher on the student’s observation
and no teacher rollout is required in the distillation.

4 METHOD

Let each of theK training tasks k come with a prompt setPk of semantically equivalent instructions,
and each prompt p ∈ Pk induces a prompt-conditioned policy πθ(· | o, p) of tasks. The policies share
every parameter, yet their success rates can differ widely (Kim et al., 2026a). Recall the three goals of
Sec. 1: (i) close the gap among phrasings, (ii) raise the ceiling of the strongest phrasing, and (iii) keep
performance on unseen tasks. Sec. 4.1 proposes multi-student OPSD, in which multiple phrasings
of the same task act as students of a stronger teacher prompt (i), and theoretically characterizes its
prompt robustness and parameter displacement against SFT. Sec. 4.2 proposes discrepancy-weighted
multi-task OPSD, which decides how much distillation each task needs when the tasks lag behind
unequally, limiting displacement of the shared parameters (iii). Sec. 4.3 proposes alternating RL,
which lifts the ceiling of the strongest phrasing (ii). Fig. 2 gives an overview.

4.1 MULTI-STUDENT OPSD FOR ROBUST VLA MODEL

Multi-student distillation. For each task, we fix the prompt with a high initial success rate as the
teacher prompt pTk and use the remaining prompts as student prompts. At each iteration, we sample
M student prompts from Pk \ {pTk } and collect rollouts under the teacher and student prompts.
These samples form Bk = BT

k ∪ BSk , collected under the teacher prompt and the sampled student
prompts, respectively, with B =

⋃︁
k Bk and BS =

⋃︁
k BSk . Each student sample z ∈ BSk carries its

observation oz , its rollout prompt pSz ∈ Sk, and its task index k(z) = k, and is paired with the teacher
prompt pTk(z). The teacher prompt plays the role of the privileged context c in Eq. 1, replacing rather
than augmenting the student prompt. Specifically, let Sk = Pk \ {pTk }, dp denote the observation
distribution of rollouts under a student prompt p. Then the task objective is represented as:

Lk(θ) = Ep∼Unif(Sk) Eo∼dp

[︂
ℓD

(︁
o, p, pTk

)︁]︂
. (3)

Each iteration estimates this objective using the sampled student prompts and their student-visited
observations. The sample loss is ℓD(z) = ℓD(oz, p

S
z , p

T
k ). Thus, supervision on multiple student
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rollouts trains the shared parameters across the task’s prompt set, providing dense action targets at
observations where successful student trajectories may be scarce.

Analysis of multi-student prompt robustness. Multi-student OPSD is designed to improve ro-
bustness by exposing the shared policy to the state distributions induced by multiple semantically
equivalent student prompts. Intuitively, increasing the number and diversity of student prompts
broadens the coverage of the task’s prompt space, reducing the distance between an unseen para-
phrase and its nearest covered training prompt. To formalize this intuition, let S(M)

k = {p1, . . . , pM}
denote the set of student prompts covered for task k, and define its coverage radius over the set of
semantically equivalent prompts Qk as

ρ(S(M)
k ) = sup

q∈Qk

min
p∈S(M)

k ∪{pT
k }
d(q, p), (4)

where d(·, ·) measures prompt distance. Adding a student prompt cannot increase this radius:

S(M)
k ⊆ S(M+1)

k =⇒ ρ(S(M+1)
k ) ≤ ρ(S(M)

k ). (5)

Thus, covering multiple student prompts can tighten worst-case prompt coverage, while robust fine-
tuning also requires controlling parameter changes that may affect capabilities inherited from the
pretrained policy. Our analysis shows that broader prompt coverage tightens the robustness bound
on unseen prompts, while limiting parameter displacement |θ − θ0| constrains changes on unseen
tasks. Under additional assumptions, OPSD can induce a smaller minimum-norm update than SFT;
formal statements and proofs are deferred to App. E.

Remark. Importantly, this analysis does not explicitly model the shared parameterization of
the teacher and student. Because it just bounds their expected performance gap rather than
guaranteeing monotonic improvement of each policy, reducing the gap may improve the student
while degrading an initially stronger teacher. We examine this empirically in Tab. 1.

4.2 DISCREPANCY-WEIGHTED MULTI-TASK OPSD

In multi-task training, student policies may approach teacher performance on some tasks while re-
maining weaker on others, making uniform distillation potentially inefficient or disruptive to shared
parameters. We therefore extend single-task multi-student OPSD with discrepancy-dependent task
weights, emphasizing larger teacher–student gaps and reducing distillation when the gap is small or
teacher performance declines.

Specifically, after each rollout phase, we smooth teacher and student success rates over iterations
into rTk and rSk and define ∆k = rTk − rSk . We first assign a weight according to this gap:

g(∆) =

⎧⎨⎩0, ∆ < τlo,

gmin + (gmax − gmin)min
{︂
1,

∆− τlo
τhi − τlo

}︂
, ∆ ≥ τlo.

(6)

The threshold τlo, set to one standard error of the estimated gap under the rollout budget, suppresses
distillation when the measured difference may reflect sampling noise. For larger gaps, the weight
increases from gmin at τlo to gmax at τhi and then saturates. This assigns more supervision to tasks
whose students remain further behind their teacher.

Since a positive gap can persist even when teacher performance declines, we additionally scale the
weight by the teacher’s performance relative to its best smoothed success rate rmax

k (bk = 1 while
rmax
k = 0):

λ⋆k = g(∆k) bk, bk = clip
(︂rTk /rmax

k − ζ
1− ζ

, 0, 1
)︂
. (7)

The factor bk equals one at the teacher’s best performance and decreases to zero when rTk ≤ ζrmax
k .

It reduces reliance on a deteriorating teacher and limits further distillation updates to the shared pa-
rameters. Once per iteration, the weight is updated with gradual increases and immediate decreases,

λk ← min
{︁
λ⋆k, α↑λk + (1− α↑)λ

⋆
k

}︁
, (8)

5



Published as a conference paper at ICLR 2027

with rise rate α↑ ∈ [0, 1), initialized at gmid. We then normalize the weights as wk = λk/gmid,
where gmid = (gmin + gmax)/2, so that a task at the midpoint of the gap interval has unit weight
when bk = 1. The multi-task objective is

LD(θ) =
1

|BS|

K∑︂
k=1

wk

∑︂
z∈BS

k

ℓD(z), (9)

which approximately estimates 1
K

∑︁
k wkLk(θ) and controls the relative contribution of each task.

4.3 DECOUPLED ALTERNATING REINFORCEMENT LEARNING FOR POLICY IMPROVEMENT

Distillation moves the student policies toward the teacher policy but never raises the teacher policy
itself. The teacher’s success rate therefore caps what a task can reach, and environment reward is
the only signal that lifts it. We cast training as improving return (ii) while keeping the cross-prompt
discrepancy small, and realize this objective through alternating updates so that reward-driven im-
provement and cross-prompt transfer can be optimized with independently controlled dynamics.

min
θ
LR(θ) subject to LD(θ) ≤ ϵD, LR(θ) =

1

|B|
∑︂
z∈B

ℓR(z), (10)

where LR is the PPO loss over the rollouts of both prompt conditions, where the actor term of ℓR(z)
uses αSÂz for z ∈ BS (αS < 1; App. B.3). The two terms play different roles: RL improves the task
policy from reward, and distillation transfers that improvement across the prompts for a task.

The usual route to Eq. 10 is a Lagrangian LR + ωLD minimized with one optimizer. However, for
two signals as different as reward and imitation, this ties both to one step size and one set of optimizer
statistics. The larger gradient then dominates, and the balance drifts with the state of training. Thus,
we instead treat the constraint by alternation at the optimization level: an RL step moves toward
higher return, and a distillation step restores the constraint from the point the RL step reached as

θi+ 1
2
= UR

(︁
θi; ˜︁Bi)︁, θi+1 = UD

(︁
θi+ 1

2
; ˜︁BSi )︁, (11)

where ˜︁Bi ⊂ B is the i-th mini-batch, ˜︁BSi = ˜︁Bi ∩ BS, and UR, UD are AdamW steps on LR and LD

with separate step sizes and optimizer states ψR, ψD. Teacher targets are regenerated at θi+1/2, so
each distillation step transfers the improvement of the preceding RL step, and the separate optimizer
states let each signal keep its scale and momentum. Alg. 1 (App. B.2) shows one training iteration.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Evaluation Benchmarks. We conducted training and evaluation in RoboLab (Yang et al., 2026)
and REALM (Sedlacek et al., 2026), followed by real-robot experiments using RoboLab-trained
checkpoints. In RoboLab, we trained on four tasks with 10 linguistic variations per task, while in
REALM, we trained on two tasks using 10 prompts sampled across perturbation types. We evaluate
robustness on both trained and unseen prompts (Sec. 5.2), unseen tasks (Sec. 5.3), language binding
and visual distractors (Sec. 5.4), and different perturbation types in REALM (Sec. 5.6). Finally, we
evaluate sim-to-real transfer under both in-distribution and visually perturbed real-robot settings.

Models and Baselines. We use π0.5 as the target model for RL fine-tuning and compare against
Cosmos3 nano and Cosmos3 edge as additional baselines. All fine-tuned models are initialized from
π0.5, with the SigLIP vision encoder frozen, the action expert fully fine-tuned, and the PaliGemma
VLM fine-tuned with LoRA. We consider four training methods (PPO, GRPO, OPSD-S, and OPSD-
M). PPO and GRPO follow their respective RL objectives, with prompts randomly sampled from
the predefined multi-prompt pool during training. OPSD-S uses fixed teacher and student prompts,
where the teacher corresponds to the frozen base model conditioned on a different prompt. OPSD-M
extends this to multiple teacher/student prompts by randomly sampling prompts from the pool and
assigning the prompt with higher rollout performance as the teacher and the other as the student.

6



Published as a conference paper at ICLR 2027

Table 1: Performance on trained and unseen perturbed prompts. Success rate (%) evaluated on
the 10 prompts seen during training (Trained) and 25 held-out perturbed prompts (Unseen) per task.
Bold indicates the best success rate in each column.

Model Sauce Mustard RaisinBox BowlStacking Average
Train Unseen Train Unseen Train Unseen Train Unseen Train Unseen

π0.5 55.1 42.9 49.4 41.0 34.6 34.0 12.5 11.0 37.9 32.2
CosmosEdge 67.1 78.0 64.1 62.0 3.8 1.0 12.5 8.0 36.9 37.3
CosmosNano 71.2 73.5 33.8 33.0 12.7 16.5 23.8 27.0 35.4 37.5

PPO 63.8 49.5 48.1 40.4 41.2 40.8 18.8 4.0 43.0 33.7
GRPO 50.8 49.0 38.5 47.5 32.9 29.6 3.8 6.0 31.5 33.0
OPSD-S 59.5 58.0 56.4 50.0 41.8 43.9 16.2 13.0 43.5 41.2
OPSD-M 53.2 38.8 48.7 47.0 38.0 36.0 13.8 16.0 38.4 34.4
MOSAR (Ours) 75.0 78.0 54.4 62.0 46.2 54.1 36.2 33.0 53.0 56.8

Table 2: OOD instruction generalization across instruction specificity. Success rate (%) on three
OOD tasks, separately evaluated with vague, default, and specific instructions. Each instruction
condition contains 12 trials. Overall Avg. aggregates all 108 trials. Bold indicates the best result.

Model RubiksCube
OrBanana

RubiksCube
BehindBowl

BowlStacking
RightOnLeft

Overall
Avg.

Vague Default Specific Vague Default Specific Vague Default Specific Avg.

π0.5 100.0 100.0 91.7 41.7 41.7 16.7 16.7 8.3 25.0 49.1
CosmosEdge 66.7 83.3 83.3 25.0 16.7 16.7 0.0 16.7 8.3 35.2
CosmosNano 83.3 83.3 75.0 16.7 0.0 16.7 16.7 33.3 8.3 37.0

PPO 75.0 91.7 75.0 58.3 58.3 8.3 8.3 8.3 0.0 42.6
GRPO 75.0 100.0 100.0 66.7 33.3 50.0 0.0 8.3 0.0 48.1
OPSD-S 75.0 100.0 83.3 66.7 66.7 16.7 16.7 16.7 33.3 52.8
OPSD-M 83.3 91.7 75.0 41.7 50.0 25.0 33.3 8.3 8.3 46.3
MOSAR (Ours) 100.0 100.0 100.0 83.3 75.0 66.7 41.7 66.7 50.0 75.9

5.2 ROBOLAB WITH TRAINED AND UNSEEN PROMPTS RESULTS

To evaluate robustness to language variations, we report performance on both trained and unseen
prompts for each task in the RoboLab benchmark. The Train setting evaluates the 10 prompts used
during training, while the Unseen setting evaluates 25 prompts that were not observed during train-
ing, with four trials per prompt. Tab. 1 compares the non-fine-tuned baselines (π0.5, CosmosEdge,
and CosmosNano) with the fine-tuned models (PPO, GRPO, OPSD-S, and OPSD-M). Overall, the
fine-tuned models show robust performance on both trained and unseen prompts across different
tasks, demonstrating generalization to linguistic variations beyond those observed during training.

5.3 ROBOLAB WITH OUT-OF-DISTRIBUTION TASK RESULTS

We further evaluate generalization to tasks not seen during training, as reported in Tab. 2. For each
task, we use the original vague, default, and specific prompt settings provided by RoboLab. Our
method maintains, and in many cases improves upon, the performance of the base model on unseen
tasks after fine-tuning. These results suggest that our training does not degrade the model’s existing
task distribution, but instead improves robustness while preserving its generalization capability.

5.4 ROBOLAB WITH LANGUAGE BINDING, VISUAL PERTURBATION RESULTS

To further evaluate robustness, we conduct two additional experiments. First, we evaluate whether
the model can follow different goals under the same task and scene configuration (Tab. 3). Our
method consistently follows the corresponding instructions when the goal is changed, suggesting
that the performance improvement does not result from overfitting specific scenes to particular ac-
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Table 3: Goal-swap evaluation with default instructions. Each column denotes an original goal→
swapped goal evaluated in the identical scene. We report the follow success rate (%) over 24 trials
per task. Bold indicates the best result in each column.

Model BBQ
→ salad

Right bin
→ left bin

Larger raisin
→ smaller butter

Left-on-right
→ right-on-left Average

π0.5 37.5 41.7 50.0 20.8 37.5
OPSD-S 16.7 45.8 66.7 33.3 40.6
OPSD-M 12.5 4.2 41.7 20.8 19.8
MOSAR (Ours) 37.5 50.0 66.7 62.5 54.2

Table 4: Robustness to visual distractors. Success rate (%)
after adding three visual distractors to each task. Each task is
evaluated over 24 trials. Bold indicates the best result in each
column.

Model Sauce Mustard RaisinBox BowlStacking Avg.

π0.5 58.3 37.5 4.2 0.0 25.0
OPSD-S 62.5 66.7 16.7 16.7 40.6
OPSD-M 62.5 33.3 12.5 8.3 29.2
MOSAR 75.0 66.7 20.8 41.7 51.1

Table 5: Real-robot evaluation.
Success rate over 20 trials for each
real-robot task. Bold indicates the
best result in each column.

Model RaisinBox Sauce

π0.5 45.0 30.0
OPSD-S 55.0 30.0
OPSD-M 50.0 30.0
MOSAR 70.0 50.0

tions, but from improved language-action binding. We further evaluate visual robustness by introduc-
ing three different distractor objects into the same scene (Tab. 4). Our method achieves consistently
higher performance across different distractor objects, indicating an improved ability to identify the
target object and execute the instructed task in visually cluttered scenes.

5.5 REAL ROBOT EXPERIMENTS

We further evaluate the RoboLab-trained models on a real Franka robot, with results reported in
Tab. 5. We consider two tasks: for the raisin-box task, we introduce a cube as an additional vi-
sual distractor, while the sauce-bottle task follows the original simulation setup. For each task, we
evaluate five different prompts across four object configurations and report the success rate. Qual-
itative examples are shown in Fig. 3. In the BBQ-sauce example, our method correctly identifies
and grasps the instructed bottle, whereas the baselines tend to grasp the bottles placed closest to the
robot. These results indicate that the improved language grounding transfers from simulation to the
real robot, including under visual variations.

5.6 REALM BENCHMARK

We further evaluate our method on REALM, a different simulation benchmark. REALM provides
five types of prompt perturbations for each task, with 10 prompts per type. During training, we

Instruction: “Put the bottle of sauce used to flavor barbecue inside the crate.”

Time Time

π0.5 picks up the ranch dressing instead of the BBQ sauce. OPSD-S picks up the ranch dressing instead of the BBQ sauce.

OPSD-M picks up the ranch dressing instead of the BBQ sauce. MOSAR (Ours) picks up the BBQ sauce and places it in the crate.

Figure 3: Real-robot evaluation. Given the same instruction and scene, π0.5, OPSD-S, and OPSD-
M incorrectly grasp the ranch dressing, whereas MOSAR (ours) correctly identifies the BBQ sauce
and places it in the crate.
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Table 6: REALM evaluation by instruction type. Success rate (%) on the REALM benchmark.
Each type-wise result aggregates five prompts per task across both tasks (40 trials). Bold indicates
the best result in each column.

Model S-PROP S-LANG S-MO S-AFF S-INT Average

Tr
ai

ne
d

π0.5 68.8 31.2 100.0 18.8 25.0 48.8
OPSD-M 56.2 37.5 81.2 50.0 43.8 53.8
OPSD-S 68.8 25.0 93.8 37.5 25.0 50.0
MOSAR 81.2 37.5 68.8 37.5 43.8 53.8

U
ns

ee
n

π0.5 35.0 82.5 72.5 30.0 32.5 50.5
OPSD-M 47.5 75.0 75.0 37.5 42.5 55.5
OPSD-S 37.5 80.0 77.5 37.5 45.0 55.5
MOSAR 50.0 87.5 72.5 47.5 47.5 61.0

Table 7: Ablation study of our method. Success rate (%) on unseen prompts and out-of-distribution
(OOD) instructions. w/o Sep. opt. uses a shared optimizer for all components, w/o w removes the
weighting term w applied to the OPSD ; and w/o PPO removes the PPO objective.

Unseen Prompts OOD Instructions

Method Sauce Mustard RaisinBox Bowl Avg. Vague Default Specific Avg.

MOSAR (full) 78.0 62.0 54.1 33.0 56.8 75.0 80.6 72.2 75.9
w/o Sep. opt. 55.6 42.9 56.1 22.0 44.2 66.6 75.0 63.9 68.5
w/o w 73.0 68.0 57.1 20.0 54.5 44.5 61.1 61.2 55.6
w/o PPO 73.7 50.5 30.6 6.0 40.2 50.0 38.9 41.7 43.5

π0.5 42.9 41.0 34.0 11.0 32.2 52.8 50.0 44.5 49.1

randomly select two prompts from each type, and evaluate on five unseen prompts per type. The
results are reported in Tab. 6. Overall, our method achieves strong performance across most prompt
perturbation types, demonstrating robustness to diverse forms of language variation.

5.7 ABLATIONS

We conduct ablation studies in Tab. 7 on unseen prompts and OOD instructions to evaluate robust-
ness. w/o Sep. opt. uses a shared optimizer for PPO and OPSD instead of separate optimization,
leading to competing gradient objectives and weaker performance on unseen prompts. w/o w re-
moves the discrepancy-dependent task weighting for OPSD and applies distillation uniformly across
tasks. While it maintains ID performance, the improvement on OOD tasks is limited, highlighting
the benefit of adjusting distillation according to teacher–student performance gaps. Finally, w/o PPO
performs OPSD alone and falls below OPSD-S on unseen prompts (40.2 vs. 41.2): its self-teacher,
unlike the frozen teacher of OPSD-S, drifts without RL, which is why lifting the ceiling (ii) is
a prerequisite for closing the gap (i). Overall, these results show that separate optimization, task-
dependent weighting, and PPO provide complementary benefits for robustness and generalization.

6 CONCLUSION

We introduced MOSAR, a framework for improving robustness in vision-language-action models
through multi-student on-policy self-distillation and alternating reinforcement learning. MOSAR
transfers behavior from a high-performing teacher prompt to multiple semantically equivalent stu-
dent prompts at student-visited observations (i), while discrepancy-aware task weighting focuses
distillation on prompts and tasks with the greatest performance gaps (iii). By repeatedly refreshing
teacher targets after RL updates, this alternating procedure enables performance improvement (ii)
and cross-prompt knowledge transfer to reinforce each other throughout training. Experiments on
RoboLab, REALM, and a real Franka robot demonstrate that MOSAR consistently improves ro-
bustness to unseen instructions while preserving strong generalization to unseen tasks. In RoboLab,
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MOSAR achieves 56.8% average success on unseen prompts and 75.9% on OOD tasks, outper-
forming RL and OPSD baselines; on REALM, it achieves 61.0% average success on unseen prompt
perturbations. The results under goal swapping, visual distractors, and direct sim-to-real deployment
further suggest that MOSAR improves language grounding rather than merely memorizing prompt–
action associations. Overall, MOSAR provides an effective post-training approach for building VLA
policies that are more reliable under the linguistic variability encountered in real robotic use.

AI USE STATEMENT

Generative AI tools were employed to assist with programming, mathematical verification, experi-
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A EXPERIMENTAL DETAILS

This section gives the training and evaluation settings that the main text leaves out: the common
training setup, the schedule of MOSAR, the baselines, the evaluation protocols with their trial
counts, the prompt sets and the real-robot setup.

A.1 COMMON TRAINING SETUP

All RoboLab runs start from the public π0.5 DROID joint-position checkpoint (Black et al., 2025a)
and use the RLinf framework (Yu et al., 2026). The simulator runs physics at 60 Hz and the policy
at 15 Hz, so one action chunk of H = 15 steps spans one second. The policy receives an external
and a wrist camera image rendered at 360× 640, the seven joint positions, the gripper position and
the instruction, and outputs D = 8 targets (seven joints and the gripper).

Each iteration runs 450 control steps (30 chunks) in each of 128 parallel environments, 32 per task;
an episode ends at success or at the task’s time limit, and the reward is +1 once, when the task
succeeds. Evaluation episodes use the same time limits, except that SauceBottlesCrate runs for 600
steps instead of 450. Every environment starts from its own layout, with each object displaced by up
to 7 cm from the task’s default. Each reset adds a further displacement of up to 7 cm and a yaw of
up to 0.5 rad. This rule and its training seed are shared by all methods, and evaluation uses the same
rule.

The rollout batch of 3,840 chunks is split into two mini-batches of 1,920 and reused for 16 epochs.
Every method thus takes 32 optimizer steps per iteration, independent of the number of GPUs. The
MOSAR run used four NVIDIA B300 GPUs and took 1,927 s per iteration on average, of which
344 s were rollout. The checkpoint used in Sec. 5 was reached after about 8.2 hours.

A.2 ROLLOUTS AND THE GATE

For each task, half of the environments run the teacher prompt and the other half the M student
prompts, each environment collecting one episode of fixed length per iteration. The teacher prompt
of a task is its built-in RoboLab specific instruction, which is not one of the generated prompts
(Tabs. A2 and A4); the three student prompts of an iteration are drawn from the ten training prompts
of the task and split over 6, 5 and 5 environments. All three were present in every iteration of the
main run.

An episode counts as a success when it receives the sparse task reward; chunks after the success
remain in the batch. Success rates are measured on these rollouts, which use the hybrid sampler,
while the teacher target and evaluation use the deterministic sampler. Both rates are smoothed by
an exponential moving average over iterations with weight αema on the previous value, initialized
with the first measurement. The anchor rmax

k is the running maximum of the smoothed teacher rate,
and bk = 1 while rmax

k = 0. Before the first measurement every λk equals λmid; an increase of λk
moves a fraction 1− α↑ of the way per iteration, a decrease is immediate, and the weights are held
fixed while the current batch is optimized. With 16 episodes per condition and task per iteration and
the smoothing, the standard error of ∆k at a success rate of one half is 0.10, which sets τlo; τhi is
three times that.

A.3 OPTIMIZERS AND UPDATE SCHEDULE

Both update operators of Eq. 11 are AdamW steps with separate moment estimates, decoupled
weight decay and gradient clipping to a maximum norm, applied by each step. One iteration reuses
its rollouts for E epochs of mini-batches drawn uniformly at random; each mini-batch step is one
RL step followed, when some wk > 0, by the regeneration of the teacher targets with fresh x1
and one distillation step. On a mini-batch, the gradient of Eq. 9 is over its student samples with
wk(z) > 0. Because the distillation state normalizes its own gradient, a factor common to all wk

leaves the distillation step unchanged. The weights set the ratio between the tasks distilled in the
same iteration and switch a task off at zero, while ηD sets the strength of distillation.

The RL step size is ηR = s η0 with a fixed base rate η0 and a scale s set by a controller. Let f be
the fraction of samples whose ratio ρθ fell outside the clipping range, averaged over the RL steps
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of the iteration and over both conditions. At the end of the iteration, s ← s
√︁
f⋆/f with target f⋆,

limited to a factor of 1.25 per iteration and to [0.15, 2.0], and applied from the next iteration. The
value head has its own rate, scaled by s as well, and receives gradient from the RL step only. The
distillation step size is ηD = 0.55 ci η0, where ci is a cosine factor over 200 scheduled iterations that
the controller does not touch; over the 20 iterations of the main run ci stays above 0.98.

A.4 TRAINED PARAMETERS, COST AND CONSTANTS

We fine-tune the action expert fully and the VLM language model with LoRA adapters; the vi-
sion encoder is frozen, both optimizer states cover the same parameters, and the value loss back-
propagates into the adapters. Each distillation step recomputes the teacher target for every sample,
one VLM forward under the teacher prompt and N evaluations of the action expert, with nothing
cached across steps. The prompt sets are hand-built, and the gate reads one pooled rate over the
student prompts, which change every iteration. Tab. A1 lists the constants.

Table A1: Constants of the method. Values used in our experiments; symbols as in Secs. 3–4 and
App. A.

Component Symbol Value Note

Denoising steps / stochastic step
/ noise level

N / J / ν 10 / 3 / 0.5 Eqs. A1, A2

Distillation time distribution t Beta(1.5, 1) Eq. 2
Tasks / environments per task K 4 / 32 teacher 16, students 6+5+5
Student prompt set size / student
prompts per iteration

|Sk| / M 10 / 3 drawn uniformly

Gap thresholds / brake τlo, τhi / ζ 0.10, 0.30 / 0.75 Eq. 7
Gap-term range gmin, gmax 1, 10 gmid = 5.5
Success-rate smoothing / weight
rise

αema / α↑ 0.5 / 0.5 per iteration; weight on the
previous value

Action chunk / episode length H , D / L 15 / 8; 30 chunks 7 joints + gripper
PPO clipping / dual clip / value
clip

ϵc / cd / – 0.2 / 3.0 / 0.2 Eq. A4

Discount / GAE γ / λGAE 0.99 / 0.95 advantages normalized over
B

Student-condition advantage
scale

αS 0.1 PPO weight

Epochs / mini-batch size E / | ˜︁B| 16 / 1,920 |B| = 3,840: 128 episodes
of 30 chunks

Base step size η0 2.5× 10−6 fixed for the RL state
RL step-size controller s s ← s

√︁
f⋆/f , f⋆ =

0.08
factor ≤ 1.25 per iteration;
s ∈ [0.15, 2.0]

Distillation step size ηD 0.55 ci η0 ci: cosine to 0.1 over 200
scheduled iterations

Value-head step size / value-loss
weight

– 10−4 / 1 RL step only; scaled by s

AdamW / gradient clipping (β1, β2), ε / – (0.9, 0.95), 10−8 / 1.0 decoupled weight decay
0.01; both states, each step;
maximum norm

Trained parameters – expert full; VLM LoRA
rank 32

scale 1, attention and MLP
projections; fp32; vision en-
coder frozen

A.5 BASELINES

All trained baselines start from the same π0.5 checkpoint and update the same parameters as
MOSAR. They collect 128 episodes per iteration and take 32 optimizer steps per iteration, with one
AdamW state and a cosine learning rate starting from 5 × 10−6. They are trained for 20 iterations
and evaluated at iteration 20.
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PPO. PPO (Schulman et al., 2017) uses the denoising MDP and the loss ℓR of App. B.3 with a
value head and GAE. In each iteration, every environment of a task receives the same prompt, drawn
at random from the task’s ten training prompts.

GRPO. GRPO (Shao et al., 2024) differs from PPO only in the advantage: the episode return is
standardized within groups of eight adjacent environments that share a layout, and no value head is
trained. The prompts, model, rollout budget and optimizer are those of PPO.

OPSD-S. OPSD-S trains with the distillation loss of Eq. 2 alone. Its teacher is the frozen initial
policy conditioned on the task’s specific instruction, and its student is the current policy conditioned
on the task’s vague instruction; the pair is fixed for the whole run.

OPSD-M. OPSD-M uses the loss and optimizer of OPSD-S, but its prompt pair changes every
iteration. In each iteration and task it draws one perturbation type, runs the two training prompts of
that type on half of the environments each, and makes the prompt with the higher rollout success the
teacher and the other the student.

CosmosEdge and CosmosNano. These are the public Cosmos 3 DROID policies (NVIDIA et al.,
2026), evaluated without training. They receive one composite image (the wrist view with the two
external views attached, 540× 640), the joint positions and the instruction, sample with four UniPC
steps, and execute their 32-step chunk open loop. Cells, seeds, layouts, prompts and success criteria
are those of the other policies.

A.6 EVALUATION PROTOCOLS

All RoboLab evaluations use the deterministic sampler, the observation and action settings of train-
ing and the layout-perturbation rule of App. A.1. Episodes whose policy server did not respond are
removed from the denominator, which is why a few cells have 98 or 99 trials instead of 100.

Training and unseen prompts (Tab. 1). The training-prompt protocol evaluates the ten training
prompts of each task, each twice per seed, with seeds 7 to 10: eight trials and eight layouts per
prompt and 320 trials per policy. The unseen-prompt protocol evaluates 25 held-out prompts per
task, five per perturbation type, once per seed with seeds 7 to 10: four trials per prompt and 400
trials per policy. For π0.5 and OPSD-M, the unseen numbers are the same 100 prompts taken from
a larger evaluation of 360 held-out prompts with the same seeds; that evaluation assigns prompts
to environments, and hence to layouts, differently. For the policies measured both ways, the two
estimates differed by up to 6.3 points.

Unseen tasks (Tab. 2). Each unseen task is evaluated with its vague, default and specific RoboLab
instruction, 12 trials per instruction with layout seed 7. We evaluated three unseen tasks; Tab. 2.

Goal swap (Tab. 3). For each training task we built a mirror task with the same scene and objects
and the scorer of the swapped goal (SauceBottlesCrate → SaladDressingCrate, MustardInRight-
Bin→MustardInLeftBin, LargerObjectRaisinBoxInBin→ SmallerObjectButterInBin, BowlStack-
ingLeftOnRight → BowlStackingRightOnLeft). The policy receives the mirror task’s default in-
struction and is scored on the swapped goal, 24 trials per task with layout seed 7. The two bowl-
stacking scorers are not mutually exclusive: in the vague-instruction arm, 8 of 24 MOSAR episodes
satisfied both, so a success on this pair does not show that the swapped instruction was followed.

Visual distractors (Tab. 4). The four training scenes receive the same three extra objects (a blue
block, a spoon and a can of mushrooms), placed in free space away from the target objects and paths;
instruction, goal and scorer are unchanged. Each cell has 24 trials with the default instruction and
layout seed 7.

REALM (Tab. 6). REALM (Sedlacek et al., 2026) provides, per task, ten prompts for each of five
perturbation types. On REALM, MOSAR uses the task’s default instruction as the teacher prompt
and two student prompts per iteration, with eight teacher and eight student environments per task;

15



Published as a conference paper at ICLR 2027

with eight episodes per condition, the gap thresholds are τlo = 0.15 and τhi = 0.45. MOSAR and
OPSD-M train on the same two prompts per type, ten per task, and OPSD-S on one fixed pair per
task. All use 32 environments and 32 optimizer steps per iteration and are evaluated at iteration 15.
Each prompt is evaluated for four episodes of at most 500 steps, with an open-loop horizon of 8
steps; an episode succeeds when the task progress reaches one. The training-prompt rows of Tab. 6
therefore rest on 16 episodes per type (two prompts, two tasks, four episodes), and the unseen rows
on 40 (five prompts, two tasks, four episodes).

Statistics. All policies share prompts, seeds and layouts, so we compare them at the prompt level.
For two policies, we take the per-prompt difference in success rate and report its mean, a paired
t statistic over prompts, and the number of prompts won and lost. Treating the 400 unseen trials
of a policy as independent would understate the uncertainty, because trials of one prompt share its
difficulty. Tables in the main text report single evaluation runs.

A.7 PROMPT SETS

For RoboLab, we generated 20 prompts for each perturbation type of each training task, 400 in
total. The five types follow REALM: physical properties (S-PROP), paraphrase (S-LANG), spatial
relations to other objects (S-MO), function or purpose (S-AFF) and category or content (S-INT).
Ten prompts per task, two per type, form the training pool of the methods that train on generated
prompts (Tabs. A2 and A3). The 25 unseen prompts per task, five per type, were drawn once at
random from the 90 remaining prompts before the MOSAR run (Tabs. A5–A8).

Tab. A4 lists the built-in RoboLab instructions, which serve as teacher prompts, as instructions of
the unseen tasks and in the goal swap. The REALM prompts are in Tabs. A9–A11.

A.8 REAL ROBOT EXPERIMENT.

We conduct real-robot experiments using a 7-DoF Franka Research 3 equipped with a Robotiq
parallel gripper. The setup includes two external Stereolabs ZED 2i cameras for global views and a
wrist-mounted ZED-M camera. The robot-side PC is equipped with an NVIDIA RTX 3090 Ti, while
policy inference is performed on an NVIDIA A6000 GPU. An on-site operator is present throughout
the experiments for emergency stops. For π0.5, we use one external camera and one wrist camera,
together with joint positions, gripper position, and the language instruction as policy inputs. Each
image is resized to 224 × 224 pixels. The policy outputs an 8-dimensional action consisting of a
7-dimensional joint action and a 1-dimensional gripper-position command.
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Table A2: RoboLab training prompts (SauceBottlesCrate, MustardInRightBin). OPSD-S is
trained on the Teacher/Student pair. OPSD-M, GRPO and PPO is trained on the remaining ten
prompts, randomly sampled two per perturbation type. MOSAR (Ours) uses both the Teacher
prompt and the same ten prompts.

Type Prompt

SauceBottlesCrate
Teacher Pick up the red BBQ sauce bottle and place it inside the wooden crate
Student Put the red bottle away

S-PROP Place the bottle with the red body inside the open purple crate.
S-PROP Select the red bottle with the rounded shoulders and place it inside the purple crate with

the white label.
S-LANG Move the red BBQ sauce bottle into the open-topped purple crate.
S-LANG Deposit the red BBQ sauce bottle inside the rectangular purple container.
S-MO Pick up the red bottle beside the left side of the crate in the image and place it inside the

crate to the right of the red bottle in the initial image.
S-MO Locate the red bottle behind the mug as viewed in the image and transfer it inside the

container with the purple walls.
S-AFF Put the red BBQ sauce bottle away inside the rectangular purple container.
S-AFF Select the red bottle of sauce for seasoning barbecued food and place it inside the crate

with the white label.
S-INT Place the red bottle containing the condiment known as BBQ sauce inside the container

with the purple walls.
S-INT Lift the red bottle containing a condiment of the barbecue-sauce variety, then set it down

inside the open purple crate.

MustardInRightBin
Teacher Pick up the mustard bottle and place it in the bin on the right side
Student Use the right bin for mustard

S-PROP Pick up the yellow bottle with the pointed nozzle and place it inside the right-side bin.
S-PROP Move the yellow bottle from its initial position and place it inside the bin on the right-hand

side.
S-LANG Place the mustard bottle inside the container on the right.
S-LANG Place the mustard bottle in the interior of the right-hand open container.
S-MO Find the bottle between the two bins and put it inside the open bin on the right.
S-MO Select the bottle in the gap between the bins and move it so that it rests inside the grey bin

on the right.
S-AFF Store the mustard bottle by placing it inside the bin on the right-hand side.
S-AFF Move the mustard bottle used for dressing hot dogs inside the bin on the right.
S-INT Place the bottle containing the seed-based condiment mustard inside the right-hand rect-

angular bin.
S-INT Select the bottle holding a condiment derived from mustard seeds and place it inside the

right-hand bin.
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Table A3: RoboLab training prompts (LargerObjectRaisinBoxInBin, BowlStackingLeftOn-
Right). OPSD-S is trained on the Teacher/Student pair. OPSD-M, GRPO and PPO is trained on the
remaining ten prompts, randomly sampled two per perturbation type. MOSAR (Ours) uses both the
Teacher prompt and the same ten prompts.

Type Prompt

LargerObjectRaisinBoxInBin
Teacher Compare the objects and put the larger raisin box in the grey bin
Student Put the larger object away

S-PROP Select the raisin box that is larger than the other package and place it inside the grey
receptacle.

S-PROP Take hold of the larger rectangular raisin box and set it down inside the grey bin on the
table.

S-LANG Move the raisin box into the grey storage bin.
S-LANG Set the raisin box inside the grey bin with the rounded rim and release it.
S-MO Find the larger raisin box to the right of the smaller package in the image and put it inside

the open-topped grey container.
S-MO Select the larger raisin box to the right of the smaller package in the image, then set it

down inside the bin with the grey sides.
S-AFF Move the raisin box inside the bin with the rounded corners to put it away.
S-AFF Pick up the raisin box holding fruit to eat as a snack and place it inside the grey container.
S-INT Pick up the larger box containing grapes preserved by drying and place it inside the grey

bin with the open top.
S-INT Please pick up the larger box containing raisins from the dried-fruit category and put it

inside the open-topped grey container.

BowlStackingLeftOnRight
Teacher Pick up the bowl to the left of the robot and place it on top of the bowl to the right of the

robot
Student Stack the left bowl on the right

S-PROP Put the red bowl on the left on top of the right bowl.
S-PROP Move the red bowl on the left from its initial position and place it on top of the red bowl

to the right of the robot.
S-LANG Put the left bowl atop the right-side bowl.
S-LANG Please stack the left bowl on top of the bowl on the right-hand side.
S-MO Lift the bowl on the robot’s left and lower it onto the bowl on the robot’s right.
S-MO Please pick up the bowl whose initial position is left of the other bowl and put it on top of

the right bowl.
S-AFF Make a stack for storage by putting the left bowl on top of the right bowl with the red

interior.
S-AFF Take the left bowl used for holding a portion of food and put it on top of the red bowl on

the right.
S-INT Take the left container classified as a bowl and put it on top of the bowl initially on the

robot’s right.
S-INT Take hold of the left item of dishware that is a bowl and set it down on top of the right-side

bowl.
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Table A4: RoboLab evaluation prompts for three levels of explicitness.

TRAINING TASKS

Level Instruction

SauceBottlesCrate
Vague Put the red bottle away
Default Put the red bbq sauce bottle in the crate
Specific Pick up the red BBQ sauce bottle and place it inside the wooden crate

MustardInRightBin
Vague Use the right bin for mustard
Default Put the mustard in the right bin
Specific Pick up the mustard bottle and place it in the bin on the right side

LargerObjectRaisinBoxInBin
Vague Put the larger object away
Default Place the larger object in the grey bin.
Specific Compare the objects and put the larger raisin box in the grey bin

BowlStackingLeftOnRight
Vague Stack the left bowl on the right
Default Stack the left bowl on the right bowl
Specific Pick up the bowl to the left of the robot and place it on top of the bowl to the right of the robot

OOD TASKS

Level Instruction

RubiksCubeOrBanana
Vague Choose an object and put it in the bowl
Default Put the cube or the banana in the bowl
Specific Choose either the rubiks cube or the yellow banana and place it inside the bowl

RubiksCubeBehindBowl
Vague Put the cube behind the bowl
Default Put the rubiks cube behind the bowl
Specific Pick up the rubiks cube and place it on the table directly behind the bowl, further from you

BowlStackingRightOnLeft
Vague Stack the right bowl on the left
Default Stack the right bowl on the left bowl
Specific Pick up the bowl to the right of the robot and place it on top of the bowl to the left of the robot

GOAL-SWAP MIRROR TASKS

Level Instruction

SaladDressingCrate
Vague Put the salad dressing away
Default Put the salad dressing bottle in the crate
Specific Pick up the salad dressing bottle and place it inside the wooden crate

MustardInLeftBin
Vague Use the left bin for mustard
Default Put the mustard in the left bin
Specific Pick up the mustard bottle and place it in the bin on the left side

SmallerObjectButterInBin
Vague Put the smaller object away
Default Place the smaller object in the grey bin.
Specific Compare the objects and put the smaller butter in the grey bin

BowlStackingRightOnLeft
Vague Stack the right bowl on the left
Default Stack the right bowl on the left bowl
Specific Pick up the bowl to the right of the robot and place it on top of the bowl to the left of the robot
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Table A5: RoboLab unseen evaluation prompts: SauceBottlesCrate.

Type Prompt

S-PROP Move the red sauce bottle inside the purple storage crate.
S-PROP Please place the red condiment bottle inside the purple rectangular crate.
S-PROP Lift the bottle with a red body and an orange cap, then set it down inside the crate to the

right of the red bottle in the initial image.
S-PROP Please pick up the bottle with the red exterior and put it inside the crate with the open top.
S-PROP Move the red condiment bottle so that it rests inside the purple crate beside the red bottle

in the initial image.
S-LANG Place the red BBQ sauce bottle inside the purple container.
S-LANG Transfer the red BBQ sauce bottle into the purple rectangular crate.
S-LANG Pick up the red BBQ sauce bottle and put it in the purple crate with the white label.
S-LANG Set the red BBQ sauce bottle inside the purple container with the white label and release

it.
S-LANG Please pick up the red BBQ sauce bottle and set it down in the purple crate.
S-MO Identify the red bottle behind the mug as viewed in the image and move it inside the purple

crate with the white label.
S-MO Take the red bottle between the green-capped bottle and the crate in the image and put it

inside the open purple container.
S-MO Identify the red bottle to the right of the green-capped bottle in the image, then put it inside

the purple container with the white label.
S-MO Please pick up the red bottle between the green-capped bottle and the crate in the image

and put it inside the purple crate.
S-MO Identify the red bottle beside the left side of the crate in the image; place it inside the

purple container and let go of it.
S-AFF Put the red bottle of sauce used to flavor barbecue inside the crate.
S-AFF Move the red bottle containing sauce for grilled food inside the open purple crate.
S-AFF Pick up the red bottle of sauce for seasoning barbecued food and place it inside the purple

storage crate.
S-AFF Take the red bottle of sauce used as a barbecue condiment and put it inside the crate with

the purple sides.
S-AFF Please place the red bottle used to dispense BBQ sauce inside the open-topped purple

crate.
S-INT Please place the red bottle containing the condiment known as BBQ sauce inside the open

crate on the right side of the image.
S-INT Locate the red bottle of sauce in the barbecue category, then put it inside the crate.
S-INT Take hold of the red bottle containing barbecue sauce and set it down inside the open-

topped purple crate.
S-INT Transfer the red bottle of sauce in the barbecue category inside the crate to the right of the

red bottle in the initial image.
S-INT Finish by placing the red bottle containing a condiment of the barbecue-sauce variety

inside the rectangular purple container.
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Table A6: RoboLab unseen evaluation prompts: MustardInRightBin.

Type Prompt

S-PROP Locate the bottle with a yellow body and a yellow nozzle, then put it inside the rectangular
bin on the right.

S-PROP Put the bottle with the yellow body inside the right-hand container, please.
S-PROP Take hold of the yellow bottle with the pointed nozzle and set it down inside the right-hand

rectangular bin.
S-PROP Please pick up the bottle with the yellow exterior and put it inside the grey bin at the right-

hand position.
S-PROP Place the yellow bottle with the rounded shoulders inside the right-hand storage bin and

let go of it.
S-LANG Take the mustard bottle and place it inside the right bin.
S-LANG Move the mustard bottle so that it rests inside the bin occupying the right-hand position.
S-LANG Set the mustard bottle inside the grey receptacle on the right and release it.
S-LANG Please pick up the mustard bottle and set it down in the right-hand bin.
S-LANG Transfer the mustard bottle from its starting position into the bin on the right.
S-MO Identify the bottle flanked by the two bins and move it inside the grey container on the

right.
S-MO Select the bottle between the two bins, then set it down inside the right-hand container.
S-MO Please find the bottle in the gap between the bins and place it inside the open grey bin on

the right.
S-MO Choose the bottle positioned between the left bin and the right bin and put it inside the

grey bin at the right-hand position.
S-MO Identify the bottle in the gap between the bins, then put it inside the grey receptacle on the

right.
S-AFF Use the open grey bin on the right to store the mustard bottle by placing it inside.
S-AFF Stow the mustard bottle inside the right-hand storage bin.
S-AFF Put the mustard bottle used to add flavor to sandwiches inside the open-topped bin on the

right.
S-AFF Place the bottle used to dispense mustard onto food inside the right-hand bin.
S-AFF Select the bottle of mustard used as a sandwich topping and place it inside the rectangular

bin on the right.
S-INT Pick up the bottle holding a condiment derived from mustard seeds and place it inside the

right-hand open container.
S-INT Please place the bottle containing the seed-based condiment mustard inside the right-hand

storage bin.
S-INT Locate the bottle of prepared mustard, then put it inside the open-topped bin on the right.
S-INT Take hold of the bottle holding a condiment derived from mustard seeds and set it down

inside the right-hand grey bin.
S-INT Move the bottle containing the seed-based condiment mustard so that it rests inside the

grey container on the right.
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Table A7: RoboLab unseen evaluation prompts: LargerObjectRaisinBoxInBin.

Type Prompt

S-PROP Pick up the larger rectangular raisin box and place it inside the open grey bin.
S-PROP Take the raisin box that is the larger of the two objects and put it inside the rectangular

grey bin.
S-PROP Move the larger raisin box from its initial position and place it inside the grey rectangular

container.
S-PROP Identify the raisin box with the larger overall size, then place it inside the open grey con-

tainer.
S-PROP Finish by placing the larger raisin box with the multicolored label inside the bin in front

of the two packages in the initial image.
S-LANG Put the raisin box in the open grey bin.
S-LANG Transfer the raisin box into the open-topped grey container.
S-LANG Move the raisin box so that it rests inside the grey container in the foreground of the image.
S-LANG Take hold of the raisin box and put it inside the grey storage container.
S-LANG Transfer the raisin box from its starting position into the gray bin.
S-MO Identify the larger raisin box beside the smaller package and move it inside the grey re-

ceptacle.
S-MO Take the larger raisin box on the far side of the grey bin as viewed in the image and put it

inside the grey rectangular container.
S-MO Choose the larger raisin box to the right of the other package in the image and put it inside

the bin with the rounded corners.
S-MO Take hold of the larger raisin box to the right of the other package in the image and set it

down inside the bin in front of the two packages in the initial image.
S-MO Select the larger raisin box behind the grey bin as viewed in the image and move it so that

it rests inside the grey container.
S-AFF Put the raisin box inside the grey bin in front of the packages in the initial image for

storage.
S-AFF Store the raisin box by placing it inside the grey rectangular container.
S-AFF Use the open grey container to store the larger raisin box by placing it inside.
S-AFF Place the raisin box inside the grey bin with the open top as a storage step.
S-AFF Put the raisin box into storage by setting it down inside the grey container in the foreground

of the image.
S-INT Put the larger box containing dried grapes inside the open grey container.
S-INT Locate the larger box containing fruit in the dried-grape category, then put it inside the bin

in front of the two packages in the initial image.
S-INT Identify the larger box containing fruit in the dried-grape category, then place it inside the

rectangular grey bin.
S-INT Take hold of the larger box containing grapes preserved by drying and set it down inside

the grey storage bin.
S-INT Transfer the larger box containing fruit in the dried-grape category inside the grey bin in

front of the packages in the initial image.
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Table A8: RoboLab unseen evaluation prompts: BowlStackingLeftOnRight.

Type Prompt

S-PROP Set down the left bowl with the circular rim on top of the right-side bowl.
S-PROP Please place the bowl on the left with the red surface on top of the bowl at the right-

hand position.
S-PROP Take hold of the left bowl with the red interior and set it down on top of the right

bowl with the red interior.
S-PROP Move the bowl on the left with the red surface so that it rests on top of the bowl

initially on the robot’s right.
S-PROP Transfer the left bowl with the curved sides on top of the right bowl with the curved

sides.
S-LANG Lift the left bowl and lower it onto the bowl initially to the right of the left bowl.
S-LANG Take the left bowl and place it atop the red bowl to the right of the robot.
S-LANG Move the left bowl so that it rests on top of the right bowl with the red interior.
S-LANG Please pick up the left bowl and set it on the right bowl that will form the base of the

stack.
S-LANG Place the left bowl on the bowl on the right so that the left bowl rests on it.
S-MO Please find the bowl that starts to the left of the right bowl and place it on top of the

bowl that starts on the right.
S-MO Choose the bowl positioned to the left of its counterpart and put it on top of the right

bowl with the circular rim.
S-MO Take hold of the bowl positioned to the left of its counterpart and set it down on top

of the right bowl that will form the base of the stack.
S-MO Find the bowl on the left side of the pair, then transfer it on top of the red bowl on

the right.
S-MO Identify the bowl positioned to the left of its counterpart; place it on top of the bowl

on the robot’s right and let go of it.
S-AFF Put the left bowl on top of the bowl on the right-hand side to form a single stack.
S-AFF Tidy the bowls by stacking the left bowl on top of the bowl occupying the right-hand

position.
S-AFF For a neat storage arrangement, stack the left bowl on the right bowl with the curved

sides.
S-AFF Place the left bowl used for serving food on top of the right bowl.
S-AFF Please place the left bowl used for serving food on top of the right-side bowl.
S-INT Put the left bowl-shaped item of tableware on top of the red bowl on the right, please.
S-INT Identify the left bowl-shaped vessel, then place it on top of the bowl on the robot’s

right.
S-INT Please pick up the left container classified as a bowl and put it on top of the bowl at

the right-hand position.
S-INT Position the left dish in the bowl category on top of the right-hand red bowl and

release it.
S-INT Move the left bowl-shaped item of tableware so that it rests on top of the round bowl

on the right.
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Table A9: REALM training prompts. OPSD-S is trained on the Teacher/Student pair. OPSD-M is
trained on the remaining ten prompts, randomly sampled two per perturbation type. MOSAR (Ours)
uses both the Teacher prompt and the same ten prompts.

Type Prompt

Rotate mug
Teacher rotate the mug
Student Adjust the mug closer to the robot than the large chocolate bar.

S-PROP Change the orientation of the ceramic coffee cup.
S-PROP Maneuver the uniform gray vessel.
S-LANG Cause the mug to undergo rotation.
S-LANG Do a rotation on the coffee cup.
S-MO Twist the mug that is next to the loose piece of chocolate.
S-MO Adjust the mug closer to the robot than the large chocolate bar.
S-AFF Spin the handle of the mug toward you.
S-AFF Spin the object used to hold a hot liquid.
S-INT Rotate the common kitchen item.
S-INT Adjust the position of the mug, which holds a unit of volume.

Put banana into box
Teacher put the banana in the box
Student put the snack in the container

S-PROP put the banana in the dark brown container
S-PROP transfer the non-spherical fruit into the rectangular box
S-LANG set the banana down within the box
S-LANG have the banana enter the box
S-MO deposit the banana into the object next to the orange
S-MO put the banana in the container furthest from the packaged item
S-AFF put the snack in the container
S-AFF place the item used for quick energy in the box
S-INT deposit the typically long yellow object in the rectangular prism
S-INT deposit the high-fiber item in the storage unit
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Table A10: REALM unseen evaluation prompts: Rotate mug.

Type Prompt

S-PROP Turn the tall, cylindrical drinking vessel.
S-PROP Pivot the object that is standing upright on the desk.
S-PROP Revolve the handle-less, tubular item.
S-PROP Twist the small, light-colored cup.
S-PROP Rotate the smooth-sided object used for holding liquids.
S-LANG Spin the mug.
S-LANG Pivot the mug.
S-LANG Change the orientation of the mug.
S-LANG Swivel the mug.
S-LANG Make the mug turn about its vertical axis.
S-MO Rotate the mug that is between the two chocolate items.
S-MO Turn the object to the left of the large yellow chocolate bar.
S-MO Revolve the mug farthest from the grey chair.
S-MO Swivel the object to the right of the small wrapper piece.
S-MO Maneuver the mug in the area with the two chocolate pieces.
S-AFF Orient the mug to drink from it.
S-AFF Twist the coffee cup for a better grip.
S-AFF Rotate the mug to face the label forward.
S-AFF Turn the mug as you would before pouring a drink.
S-AFF Pivot the cylindrical object you drink tea from.
S-INT Turn the object typically made of ceramic or porcelain.
S-INT Spin the vessel with a thick wall.
S-INT Turn the object whose internal structure is designed for liquid volume.
S-INT Pivot the common type of heavy cup.
S-INT Twist the item of pottery used for drinking.

Table A11: REALM unseen evaluation prompts: Put banana into box.

Type Prompt

S-PROP put the long yellow fruit in the wooden container
S-PROP place the long, curved item in the brown tray
S-PROP deposit the long yellow object in the box that contains the orange
S-PROP move the banana onto the surface of the wooden box
S-PROP transfer the fruit onto the tray with the largest item
S-LANG place the banana inside the box
S-LANG insert the banana into the container
S-LANG transfer the banana to the box
S-LANG convey the banana into the box
S-LANG place the fruit in the storage container
S-MO place the banana in the container closest to the camera
S-MO transfer the banana to the object that is on the bottom left
S-MO move the banana into the object that is near the table’s edge
S-MO place the banana in the container to the left of the packaged item
S-MO deposit the banana in the object that is not holding the lemon
S-AFF store the yellow fruit in the box
S-AFF place the fresh fruit in the container
S-AFF store the item often used for smoothies in the box
S-AFF place the item you peel before eating in the container
S-AFF put the convenient grab-and-go food in the box
S-INT put the curved fruit in the box
S-INT place the potassium source in the box
S-INT move the crescent-shaped food into the box
S-INT put the tropical crop in the box
S-INT transfer the food that grows in bunches into the container
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B DETAILS ON PRELIMINARIES AND METHODS

B.1 FLOW-MATCHING SAMPLER AND ODE-TO-SDE CONVERSION

Deterministic sampler. Flow matching trains vθ to regress ϵ− a at xt = tϵ+(1− t)a (cf. Eq. 2),
so t = 1 corresponds to noise and t = 0 to the action. Starting from x1 ∼ N (0, I), the sampler
integrates the field from t = 1 to t = 0 with N Euler steps of size δ = 1/N ,

xt−δ = xt − δ vθ(xt, t | o, p), a = x0, (A1)

which defines the action a = πθ(o, p) of Sec. 3. Given x1 the map is deterministic, so the likelihood
of an action is not available at a cost that policy-gradient training can afford.

Stochastic sampler. To recover a likelihood, Flow-GRPO (Liu et al., 2025a) converts the ODE
into an SDE whose marginals match those of the ODE at every t in continuous time; in the conven-
tion of Eq. A1, one Euler–Maruyama step reads

xt−δ = xt − δ
[︂
vθ +

σ2
t

2t

(︁
xt + (1− t) vθ

)︁]︂
+ σt
√
δ ξ, σt = ν

√︂
t

1−t , ξ ∼ N (0, I), (A2)

with vθ evaluated at (xt, t | o, p) and ν the noise level. Each step is therefore a Gaussian transition
with mean µθ(xt, t) = xt− δ

[︁
vθ +

σ2
t

2t

(︁
xt+(1− t)vθ

)︁]︁
and covariance δσ2

t I , whose log-likelihood
is available in closed form,

logN
(︁
xt−δ; µθ(xt, t), δσ

2
t I

)︁
= −∥xt−δ − µθ(xt, t)∥22

2δσ2
t

− HD

2
log

(︁
2πδσ2

t

)︁
. (A3)

Since σt does not depend on θ, the second term cancels in the likelihood ratio ρθ(z) of App. B.3. The
denoising chain can thus be treated as a Markov decision process and optimized with PPO (Schul-
man et al., 2017; Chen et al., 2025); the two-layer MDP, the hybrid ODE–SDE sampler used for
rollouts, and the loss ℓR are given in App. B.3.

B.2 ALGORITHM OF MOSAR

Algorithm 1 One training iteration of MOSAR

Require: policy parameters θ; optimizer states ψR, ψD; prompt sets {Pk}Kk=1 with teacher prompts
{pTk }Kk=1 and student prompt sets Sk = Pk \ {pTk }; running statistics {rTk , rSk , rmax

k , λk}Kk=1
1: for k = 1, . . . ,K do
2: sample M student prompts from Sk
3: collect rollouts under pTk and under the sampled student prompts, forming BTk and BSk
4: Bk ← BTk ∪ BSk
5: update rTk , rSk , ∆k, and rmax

k
6: λ⋆k ← g(∆k) bk ▷ Eqs. 6–7
7: update λk by Eq. 8; wk ← λk/gmid

8: end for
9: B ←

⋃︁
k Bk, BS ←

⋃︁
k BSk

10: for E epochs do
11: for each mini-batch ˜︁B ⊂ B do
12: θ ← UR(θ; ˜︁B) ▷ RL update on Eq. 10; updates ψR

13: ˜︁BS ← ˜︁B ∩ BS
14: if ∃ z ∈ ˜︁BS with wk(z) > 0 then
15: aTz ← sg

[︁
πθ(oz, p

T
k(z);x1)

]︁
with fresh x1 ∼ N (0, I), for all z ∈ ˜︁BS

16: θ ← UD(θ; ˜︁BS) ▷ OPSD update on Eq. 9; updates ψD

17: end if
18: end for
19: end for
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B.3 DENOISING MDP AND PPO

Following πRL (Chen et al., 2025), the denoising chain of one action chunk is the inner layer of a
two-layer MDP whose outer layer is the environment. The state is s̄ = (o, p, xt, t), the action is the
next denoising state xt−δ , and the environment reward is granted when the chunk is complete and
executed. To keep the horizon short, rollouts use hybrid ODE–SDE sampling: for each chunk, one
denoising step drawn uniformly among the first J of the N steps follows Eq. A2, and the remaining
steps follow Eq. A1. The ratio t/(1 − t) is undefined at the first grid time t = 1; at that step only,
the implementation evaluates it with the next grid time in the denominator, so that σ1 = ν

√
N .

Evaluation uses the deterministic sampler of Eq. A1.

A sample z is one chunk’s stochastic transition together with its observation and prompt. Let ρθ(z)
be the likelihood ratio of that transition between the current and the rollout policy, and Âz its GAE
advantage, normalized over the whole rollout batch. A value head on the VLM features gives the
clipped value loss ℓV (z). The per-sample RL loss is ℓR(z) = ℓA(z) + ℓV (z) with the dual-clipped
surrogate (Ye et al., 2020)

ℓA(z) =

{︄
−min

{︁
ρθ(z)Âz, clip(ρθ(z), 1− ϵc, 1 + ϵc) Âz

}︁
, Âz ≥ 0,

−max
{︁
min{ρθ(z)Âz, clip(ρθ(z), 1− ϵc, 1 + ϵc) Âz}, cdÂz

}︁
, Âz < 0,

(A4)

where ϵc is the clipping range and cd > 1 the dual-clip constant. In LR of Eq. 10, the advantage
entering the actor term is scaled by αT = 1 for teacher-prompt samples and by αS < 1 for student-
prompt samples after normalization; the value loss is not weighted. This down-weights the student
half of the batch, whose episodes rarely succeed early in training and whose advantages add mostly
noise to the actor step.
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Table A12: Relative prompt-level variability on trained and held-out unseen prompts. Mean success
and CV are computed over per-prompt success rates, where CV = SD/Mean. Lower CV indicates
more consistent performance across prompt formulations.

Trained prompts Unseen prompts

Method Mean success (%) ↑ CV (%) ↓ Mean success (%) ↑ CV (%) ↓
π0.5 37.8 65.3 32.4 79.8
COSMOSEdge 36.7 93.1 37.3 104.3
COSMOSNano 35.1 79.1 37.4 83.4

PPO 43.0 57.1 33.7 90.5
GRPO 33.3 74.4 33.0 87.7
OPSD-S 43.4 55.7 41.1 71.5
OPSD-M 38.3 63.8 34.6 77.4
Ours 51.6 51.0 53.2 55.0

C ADDITIONAL ANALYSES AND RESULTS

C.1 USING SEPARATE OPTIMIZER STATES.

A joint loss LR +ωLD with one adaptive optimizer normalizes the sum of the two gradients by one
second-moment estimate per parameter. Measured from the Adam moment estimates stored with the
checkpoints of the main run, the root-mean-square gradient of the RL step was four to ten times that
of the distillation step, depending on the module. With a shared estimate, the coordinates where one
gradient dominates are normalized by that gradient. The share of the other objective is then set per
coordinate by ω together with a magnitude ratio that is unobserved and can change over training.
A change of a task weight, including its zero, changes the normalization seen by the RL gradient
as well. Separate states give each objective its own normalization, momentum and step size, and
the resulting ratio ηD/ηR is one scalar, logged every iteration. The single-optimizer variant of the
ablation keeps the two alternating steps but feeds both through one AdamW state, the RL step at η0
and the distillation step at 0.55 η0, with the controller removed.

C.2 RELATIVE PROMPT-LEVEL VARIABILITY

We further quantify the consistency of each method across held-out prompt formulations using the
coefficient of variation (CV). Let ri = yi/ni denote the success rate for prompt i, where yi is the
number of successful rollouts and ni is the number of evaluation rollouts. For each method, we
compute

CV =
sr
r̄
, r̄ =

1

N

N∑︂
i=1

ri, sr =

⌜⃓⃓⎷ 1

N − 1

N∑︂
i=1

(ri − r̄)2, (A5)

Unlike the raw standard deviation, which is expressed in absolute percentage points, the CV mea-
sures dispersion relative to a method’s own mean performance. This normalization is important
when comparing methods with different average success rates: a low raw standard deviation can
arise mechanically when a method has a low mean success rate.

Table A12 reports the mean prompt-level success rate, the raw standard deviation, and the resulting
CV. Ours attains the highest mean success rate (53.2%) while also having the lowest relative prompt-
level variability (CV = 55.0%). Thus, Ours improves average held-out performance while reducing
relative variation across prompt formulations.

The CV should be interpreted as a relative-dispersion measure rather than an absolute measure of
uncertainty. In particular, it becomes unstable when the mean approaches zero. All methods in this
experiment have mean prompt-level success rates above 32%, so the CV remains well-defined and
provides a useful normalized comparison.
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D ADDITIONAL QUALITATIVE RESULTS

This section shows the RoboLab scenes used for training and evaluation, one selected rollout per
policy, one example of the prompt sensitivity of π0.5, and the real-robot runs. Selected examples are
chosen by the rules stated in each caption, together with the counts over the batch they come from.

D.1 QUALITATIVE VISUALIZATION ON SIMULATION

We summarize the simulation benchmark experiments in Fig. A1 and Fig. A2. Fig. A1 shows qual-
itative results under the same prompt and scene condition, where Ours successfully completes the
task while the other methods incorrectly grasp the ranch dressing instead of the target sauce. Fig. A2
presents the simulation setups used in our experiments, with the left column showing the original
settings and the right column showing the corresponding settings with additional visual distractors.

Instruction: “Lift the red bottle between the green-capped bottle and the crate in the image, then set it down inside the purple 
storage container.”

Time

π0.5 picks up the ranch dressing instead of the BBQ sauce.

OPSD-S picks up the mug instead of the BBQ sauce.

OPSD-M picks up the ranch dressing instead of the BBQ sauce.

MOSAR (Ours) picks up the BBQ sauce and places it in the container.

Figure A1: Simulation evaluation. We evaluate π0.5, OPSD-S, OPSD-M, and MOSAR (ours) under
the same instruction and scene.

D.2 QUALITATIVE RESULTS ON FRANKA REAL ROBOT

We conduct the real-robot evaluation using the same object configurations across all three base-
lines. The setups are designed to resemble the SauceBottlesCrate and LargerObjectRaisinBoxInBin
tasks, with an additional cube introduced as a visual distractor for LargerObjectRaisinBoxInBin.
The qualitative results are shown in Fig. A3–Fig. A6.
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Original scene With distractors
(blue block, spoon, canned mushrooms)

SauceBottlesCrate default instruction: “Put the red bbq sauce bottle in the crate”

MustardInRightBin default instruction: “Put the mustard in the right bin”

LargerObjectRaisinBoxInBin default instruction: “Place the larger object in the grey bin.”

BowlStackingLeftOnRight default instruction: “Stack the left bowl on the right bowl”

Figure A2: Visualization of RoboLab tasks. The left column shows the four original task setups,
while the right column shows the corresponding setups with visual perturbations.
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Instruction: “Take hold of the bottle containing barbecue sauce and set it down inside the open-topped black crate.”

Time

π0.5 picks up the ranch dressing instead of the BBQ sauce.

OPSD-S picks up the ranch dressing instead of the BBQ sauce.

OPSD-M picks up the ranch dressing instead of the BBQ sauce.

MOSAR (Ours) picks up the BBQ sauce and places it in the crate.

Figure A3: Real-robot evaluation. We evaluate π0.5, OPSD-S, OPSD-M, and MOSAR (ours) under
the same instruction and scene.
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Instruction: “Put the barbecue sauce bottle into storage by setting it down inside the black crate beside the red bottle in the 
initial image.”

Time

π0.5 picks up the ranch dressing instead of the BBQ sauce.

OPSD-S picks up the BBQ sauce and places it in the crate.

OPSD-M picks up the ranch dressing instead of the BBQ sauce.

MOSAR (Ours) picks up the BBQ sauce and places it in the crate.

Figure A4: Real-robot evaluation. We evaluate π0.5, OPSD-S, OPSD-M, and MOSAR (ours) under
the same instruction and scene.
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Instruction: “Move the larger raisin box from its initial position and place it inside the black rectangular container.”

Time

π0.5 picks up the butter box instead of the raisin box.

OPSD-S picks up the raisin box and places it in the crate.

OPSD-M picks up the Rubik's cube instead of the raisin box.

MOSAR (Ours) picks up the raisin box and places it in the crate.

Figure A5: Real-robot evaluation. We evaluate π0.5, OPSD-S, OPSD-M, and MOSAR (ours) under
the same instruction and scene.
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Instruction: “Move the larger raisin box from its initial position and place it inside the black rectangular container.”

Time

π0.5 picks up the raisin box and places it in the crate.

OPSD-S picks up the Rubik's cube instead of the raisin box.

OPSD-M picks up the butter box instead of the raisin box.

MOSAR (Ours) picks up the raisin box and places it in the crate.

Figure A6: Real-robot evaluation. We evaluate π0.5, OPSD-S, OPSD-M, and MOSAR (ours) under
the same instruction and scene.
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E THEORETICAL ANALYSIS OF MULTI-STUDENT PROMPT ROBUSTNESS

E.1 OVERVIEW

This appendix formalizes the coverage–displacement perspective underlying multi-student OPSD.
Our analysis addresses two questions.

First, why can training on multiple semantically equivalent student prompts improve robustness to
unseen paraphrases? We show that success on an unseen prompt can be related to success on the cov-
ered training prompts through its distance to the covered prompt set. Enlarging the student-prompt
set monotonically improves this coverage quantity, and, when student prompts are sampled from
a prompt distribution, the expected coverage error decreases with the number of sampled student
prompts.

Second, why is parameter displacement relevant when improving prompt robustness? The unseen-
prompt bound depends not only on prompt coverage but also on the parameter displacement ∥θ −
θ0∥ from the pretrained policy. The same displacement also controls changes in success on unseen
tasks. Together, these results characterize a coverage–displacement trade-off: multi-student training
improves coverage of the prompt space, while controlling movement from the pretrained policy
limits degradation of previously acquired behavior.

Finally, we analyze on-policy distillation under an explicit strategy-mixture model and a linearized
regression approximation. This analysis provides a sufficient condition under which OPSD requires
a smaller minimum-norm parameter update than teacher-trajectory SFT. We use this comparison
only to illustrate one mechanism by which student-state supervision can improve prompt coverage
while controlling parameter displacement; it does not imply unconditional superiority of OPSD over
SFT.

The analysis isolates the multi-student OPSD component of MOSAR and does not model
discrepancy-dependent task weighting, alternating RL updates, adaptive optimization, or the evolv-
ing teacher policy.

E.2 PRELIMINARIES

Rollouts and success rates. An episode contains L action chunks. At chunk ℓ ∈ {0, . . . , L− 1},
a policy observes oℓ, samples aℓ ∈ RH×D, and receives the next observation from P (· | oℓ, aℓ). For
the analysis, oℓ includes the time index and sufficient information for these transitions to be Markov.

All policies are evaluated from the same initial observation distribution d0. The episode terminates
with a binary success indicator R(oL) ∈ {0, 1}, and we define

J(π) = Pr
π
(R = 1), J(θ, p) = J(πθ(· | ·, p)) . (A6)

Define

Qπ
ℓ (o, a) = Pr

π
(R = 1 | oℓ = o, aℓ = a), (A7)

V π
ℓ (o) = Ea∼π(·|o)Q

π
ℓ (o, a), (A8)

with V π
L (o) = R(o). Both are in [0, 1]. Let dπℓ denote the observation distribution at chunk ℓ.

Prompt space and covered prompts. Fix a task k and let Qk denote the set of semantically
equivalent prompts describing its goal. We equip Qk with a distance d(·, ·).
Let pTk be the teacher prompt and

S(M)
k = {pS1 , . . . , pSM} (A9)

be a set of M student prompts used by multi-student training. We define the corresponding covered
prompt set as

C(M)
k = {pTk } ∪ S

(M)
k . (A10)
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For any prompt q ∈ Qk, define its distance to the covered prompt set by

d(q, C(M)
k ) = min

p∈C(M)
k

d(q, p). (A11)

We consider both the worst-case coverage radius

ρM = sup
q∈Qk

d(q, C(M)
k ) (A12)

and, for an unseen-prompt distribution Dk, the average coverage error

d̄M = Eq∼Dk
d(q, C(M)

k ). (A13)

E.3 ASSUMPTIONS

We first state the smoothness assumptions used to relate prompt distance and parameter displacement
to differences between prompt-conditioned policies.

Assumption A1 (Prompt and parameter smoothness). For prompts p, p′ describing the same task,
assume that the pretrained velocity field satisfies

∥vθ0(x, t | o, p)− vθ0(x, t | o, p′)∥ ≤ L0d(p, p
′) (A14)

uniformly over (o, x, t).

We further assume that the change induced by fine-tuning is Lipschitz with respect to the prompt:

∥[vθ − vθ0 ](x, t | o, p)− [vθ − vθ0 ](x, t | o, p′)∥
≤ LΦ∥θ − θ0∥d(p, p′). (A15)

Finally, for any fixed prompt p, assume

∥vθ(x, t | o, p)− vθ0(x, t | o, p)∥ ≤ Lθ∥θ − θ0∥. (A16)

These assumptions separately control the pretrained model’s sensitivity to prompt variation, the
additional prompt sensitivity introduced by fine-tuning, and the effect of parameter displacement at
a fixed prompt.

E.4 PROMPT COVERAGE OF MULTIPLE STUDENTS

We first isolate the effect of using multiple student prompts independently of the optimization pro-
cedure.

Proposition 1 (Monotonicity of multi-student coverage). Suppose

S(M)
k ⊆ S(M+1)

k . (A17)

Then
ρM+1 ≤ ρM , d̄M+1 ≤ d̄M . (A18)

Proof. Since C(M)
k ⊆ C(M+1)

k , for every q ∈ Qk,

d(q, C(M+1)
k ) = min

p∈C(M+1)
k

d(q, p) (A19)

≤ min
p∈C(M)

k

d(q, p) (A20)

= d(q, C(M)
k ). (A21)

Taking the supremum over q gives ρM+1 ≤ ρM , while taking expectation over q ∼ Dk gives
d̄M+1 ≤ d̄M .
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The preceding result is deterministic: adding a covered prompt cannot worsen the distance to the
covered set. We next quantify the expected coverage when the student prompts themselves are sam-
pled.
Proposition 2 (Expected coverage with M student prompts). Let pS1 , . . . , p

S
M be sampled indepen-

dently from Dk. Suppose supp(Dk) is bounded and admits a partition into Nh cells, each having
diameter at most 2h. Then

ES(M)
k

[d̄M ] ≤ 2h+Diam(suppDk)
Nh

M + 1
. (A22)

Proof. Let cell c have probability mass qc under Dk. Consider a test prompt q belonging to cell c. If
at least one of the M sampled student prompts also lies in c, then, because the cell has diameter at
most 2h,

d(q, C(M)
k ) ≤ 2h. (A23)

The probability that no sampled student prompt lies in the same cell is (1− qc)M . In this event, we
use the trivial bound

d(q, C(M)
k ) ≤ Diam(suppDk). (A24)

Averaging over cells therefore gives

E[d̄M ] ≤ 2h+Diam(suppDk)

Nh∑︂
c=1

qc(1− qc)M (A25)

≤ 2h+Diam(suppDk)
Nh

M + 1
, (A26)

where the last inequality follows from q(1− q)M ≤ 1/(M + 1).

Propositions 1 and 2 formalize the coverage benefit of multi-student training. Increasing the number
of covered student prompts cannot increase the distance to the covered prompt set, and under random
sampling the expected coverage error decreases with M .

E.5 PROMPT ROBUSTNESS AND PARAMETER DISPLACEMENT

We next connect prompt coverage to task success.

Theorem 1 (Prompt distance and parameter displacement). Under Assumption A1 and the
stochastic-sampler conditions stated above, for any two prompts p, p′ describing the same task,

|J(θ, p)− J(θ, p′)| ≤ LΛ (L0 + LΦ∥θ − θ0∥) d(p, p′). (A27)

Consequently, for any unseen prompt q ∈ Qk,

J(θ, q) ≥ min
p∈C(M)

k

J(θ, p)

− LΛ (L0 + LΦ∥θ − θ0∥) d(q, C(M)
k ). (A28)

Averaging over q ∼ Dk gives

Eq∼Dk
J(θ, q) ≥ min

p∈C(M)
k

J(θ, p)

− LΛ (L0 + LΦ∥θ − θ0∥) d̄M . (A29)

For any prompt p′′ belonging to an unseen task,

|J(θ, p′′)− J(θ0, p′′)| ≤ LΛLθ∥θ − θ0∥. (A30)

Proof. For two prompts p and p′ describing the same task, decompose the difference between their
velocity fields as

vθ(· | p′)− vθ(· | p) = [vθ0(· | p′)− vθ0(· | p)]
+ [(vθ − vθ0)(· | p′)− (vθ − vθ0)(· | p)] . (A31)
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Assumption A1 therefore gives

∥vθ(· | p′)− vθ(· | p)∥ ≤ (L0 + LΦ∥θ − θ0∥) d(p, p′) (A32)

uniformly over the observation, denoising state, and time.

Applying the stochastic-chain KL bound to the two model velocity fields, followed by data process-
ing and Pinsker’s inequality, gives

TV (πθ(· | o, p), πθ(· | o, p′))
≤ Λ (L0 + LΦ∥θ − θ0∥) d(p, p′). (A33)

Each term of the finite-horizon performance-difference identity is a difference of expectations of a
function taking values in [0, 1] and is therefore bounded by the corresponding total variation distance.
Summing over the L action chunks proves Eq. equation A27.

For an unseen prompt q, choose
p⋆ ∈ arg min

p∈C(M)
k

d(q, p). (A34)

Applying Eq. equation A27 to (q, p⋆) and using

J(θ, p⋆) ≥ min
p∈C(M)

k

J(θ, p) (A35)

gives Eq. equation A28. Taking expectation over q ∼ Dk gives Eq. equation A29.

Finally, at a fixed unseen-task prompt p′′, Assumption A1 gives

∥vθ(· | p′′)− vθ0(· | p′′)∥ ≤ Lθ∥θ − θ0∥. (A36)

Applying the same stochastic-chain KL, data-processing, Pinsker, and finite-horizon performance
arguments proves Eq. equation A30.

E.6 THE COVERAGE–DISPLACEMENT TRADE-OFF

Combining the preceding coverage and robustness results makes the role of multiple student prompts
explicit.

Corollary 1 (Coverage–displacement bound). Under the conditions of Theorem 1 and Proposi-
tion 2,

ES(M)
k

Eq∼Dk
J(θ, q)

≥ ES(M)
k

[︄
min

p∈C(M)
k

J(θ, p)

]︄

− LΛ (L0 + LΦ∥θ − θ0∥)
[︃
2h+Diam(suppDk)

Nh

M + 1

]︃
. (A37)

Proof. Apply Eq. equation A29 and take expectation over the sampled student-prompt set. Proposi-
tion 2 bounds the expected coverage term, which gives Eq. equation A37.

Interpretation. The bound separates three quantities: performance on the covered prompts, cover-
age of the unseen-prompt distribution, and parameter displacement. Increasing the number of student
prompts directly improves the coverage term in expectation. This does not imply that the complete
lower bound improves monotonically with M , since the minimum success rate over the covered
prompts and the learned parameter displacement may themselves change with M . Rather, the result
isolates the coverage benefit contributed by multi-student training.

At the same time, ∥θ − θ0∥ appears in both the unseen-prompt bound and the unseen-task bound.
Thus, broad prompt coverage is most useful when it can be obtained without unnecessarily large
movement from the pretrained policy. This motivates the second part of our analysis.
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E.7 WHY ON-POLICY DISTILLATION CAN CONTROL PARAMETER DISPLACEMENT

The preceding results do not depend on a particular training objective. We now analyze one sufficient
setting in which on-policy student-state supervision can require a smaller parameter change than
supervision on teacher trajectories. The purpose of this comparison is to characterize the parameter-
displacement side of the coverage–displacement trade-off, rather than to establish unconditional
superiority over SFT.

Teacher and initial student policies. Assume that the teacher contains G strategies with weights
ϖj ≥ 0 and

∑︁
j ϖj = 1:

πT(· | o) =

{︄∑︁G
j=1ϖjN (µj(o), ς

2I), before strategy selection,
N (µj(o), ς

2I), after selecting strategy j.
(A38)

For student m, let the initial policy be

πS
m,0(· | o) = N (µS

m(o), ς2I). (A39)

Assume
∥µj(o)− µS

m(o)∥ = dj,m (A40)
is independent of o, and define

d⋆,m = min
j
dj,m, d̄2m =

∑︂
j

ϖjd
2
j,m, (A41)

and

d2⋆ =
1

M

M∑︂
m=1

d2⋆,m, d̄2 =
1

M

M∑︂
m=1

d̄2m. (A42)

After strategy selection, assume that observations collected by student m follow a nearest teacher
strategy, whereas teacher-trajectory observations contain the teacher strategies with frequencies ϖj .
Let βb denote the fraction of observations occurring before strategy selection.

For the exact comparison with success-conditioned SFT targets, we additionally assume that con-
ditioning teacher trajectories on success does not change the teacher action distribution on the SFT
observations. This assumption is used only for the residual comparison below.

Linearized regression. We linearize the velocity field around θ0 with fixed training inputs and
target velocity fields. Let Φ be the Jacobian of the n scalar outputs across all training inputs and
student prompts, and define

K =
1

n
ΦΦ⊤. (A43)

Assume K ≻ 0. For a normalized target-minus-initial-output residual vector ϱ, the minimum-norm
parameter change matching the targets satisfies

∥θ − θ0∥2 = ϱ⊤K−1ϱ. (A44)

Let ΓOPSD and ΓSFT denote the mean normalized squared initial regression residuals for the two ob-
jectives, averaged over training observations, noisy actions, denoising time, and all student prompts.

Under the strategy-mixture assumptions above, student-state supervision requires corrections pri-
marily toward the strategy reached by each student, whereas teacher-trajectory supervision contains
corrections toward the full mixture of teacher strategies. This yields an upper bound on ΓOPSD and
a corresponding lower bound on ΓSFT.

In particular, the residual analysis gives

ΓOPSD(t) ≤
κ2t
HD

[︂
(1− β)(1− βb)d2⋆

+
(︁
1− (1− β)(1− βb)

)︁
d̄2
]︂
, (A45)
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whereas

ΓSFT(t) ≥
κ2t
HD

(1− βb)d̄2. (A46)

The Gaussian and Gaussian-mixture flow-matching calculations yielding these expressions are given
in the following lemmas.

Theorem 2 (Minimum-norm displacement under OPSD). Under the strategy-mixture and
linearized-regression assumptions above, if ΓSFT > 0, then

∥θOPSD − θ0∥2 ≤ CK
ΓOPSD

ΓSFT
∥θSFT − θ0∥2, (A47)

where

CK =
λmax(KSFT)

λmin(KOPSD)
. (A48)

The kernels and residuals include all student prompts. Consequently, whenever

CK
ΓOPSD

ΓSFT
< 1, (A49)

the minimum-norm OPSD solution has smaller parameter displacement than the corresponding
SFT solution.

Proof. For either objective, Eq. equation A44 gives

∥θ − θ0∥2 = ϱ⊤K−1ϱ. (A50)

Using the extremal eigenvalues of the corresponding kernels,

∥θOPSD − θ0∥2 ≤
∥ϱOPSD∥2

λmin(KOPSD)
, (A51)

∥θSFT − θ0∥2 ≥
∥ϱSFT∥2

λmax(KSFT)
. (A52)

Since the normalized squared residual norms correspond to ΓOPSD and ΓSFT, respectively, taking
their ratio gives Eq. equation A47.

E.8 DISCUSSION AND SCOPE OF THE ANALYSIS

The analysis identifies two complementary effects underlying multi-student OPSD.

First, multiple student prompts improve coverage of the task’s prompt space. For a fixed learned
policy, enlarging the covered prompt set cannot increase the distance from an unseen prompt to that
set, and under random prompt sampling the expected coverage error decreases with the number of
student prompts.

Second, the resulting robustness guarantee depends on how far fine-tuning moves the policy from
its pretrained parameters. The same parameter displacement also controls changes on unseen tasks.
Under the explicit strategy-mixture and linearized-regression assumptions above, OPSD can require
a smaller minimum-norm update than teacher-trajectory SFT, providing one sufficient mechanism
for controlling this displacement.

These statements should not be interpreted as showing that increasing the number of students neces-
sarily improves final task success monotonically, or that OPSD is unconditionally superior to SFT.
The covered-prompt success rates, optimization dynamics, and parameter displacement can them-
selves change as additional prompts are introduced. The theory instead isolates the coverage benefit
of multiple student prompts and the role of parameter displacement in preserving robustness.

Finally, the analysis intentionally abstracts away the other components of MOSAR. In particular, it
does not model discrepancy-dependent multi-task weighting, alternating reinforcement-learning and
distillation updates, separate optimizer states, or the evolution of the teacher policy during training.
These components are evaluated empirically through the ablations in the main paper.
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E.9 LIMITATION

While MOSAR demonstrates improved robustness to prompt variations across simulation and real-
robot settings, several limitations remain. In particular, the current framework relies on the avail-
ability of a sufficiently strong teacher prompt and evaluates language robustness primarily within a
predefined set of meaning-preserving prompt variations. These limitations motivate future work to-
ward reducing assumptions on teacher-prompt quality and extending MOSAR to broader and more
open-ended forms of linguistic variation.

Dependence on teacher-prompt quality. MOSAR assumes that each task admits a relatively strong
prompt that can serve as a teacher. While our discrepancy-aware weighting reduces distillation when
teacher performance deteriorates, the effectiveness of cross-prompt transfer may be limited when no
reliably strong prompt exists. Automatically discovering or dynamically updating teacher prompts
is an interesting direction for future work.

Scope of language variation. Our experiments focus on meaning-preserving prompt variations con-
structed from predefined perturbation categories. Although MOSAR generalizes to held-out prompts
within these categories, we do not exhaustively evaluate more open-ended linguistic shifts, such as
conversational instructions, multilingual inputs, or instructions with substantial syntactic and seman-
tic ambiguity.
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