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Input
Task instruction “Draw a simple line drawing of the attached picture …”

Robot description dual-arm YAM and its workspace

Observation camera frames arm state

Output
Action end-effector pose
{"left_arm": {"x": 0.0, "y": 0.0, "z": 10.0,
"roll": 0.0, "pitch": 0.0, "yaw": 0.0},
..., "left_gripper": {"width": 0.0}, ...}
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Figure 1. Overview of robot-use reinforcement learning (RURL). Like a computer-use agent, the robot-use agent (RUA) observes the
scene, reasons in a chain of thought, and generates the next end-effector pose (top). It is trained with reinforcement learning entirely
in simulation (left) and deployed on a real robot (right). The logos show examples of simulators and open-weight models; we train
Qwen3.8-27B in LIBERO and RoboDojo. Bottom: results on LIBERO, instruction following, robustness, transfer to unseen tasks, a new
robot and the real world, and general capabilities, all without a harness.

Abstract

Robot-use agents (RUAs) have emerged as a
promising approach to general-purpose robot con-
trol. However, strong performance has so far been
achieved only by frontier proprietary models such
as GPT-6 Astra and Claude Fable 5.2, whereas
open-weight models remain substantially less ca-
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pable. We show that an open-weight 27B rea-
soning model can be trained to use real robots
natively through reinforcement learning, entirely
in simulation and without demonstrations. Like a
computer-use agent (CUA), the model observes
the environment, reasons in a chain of thought,
and generates the next end-effector pose, with-
out any harness. We build a Post-training En-
gine for Agentic Robotics (PEAR) and use it to
train the model on simulated robot tasks at scale
with robot-use reinforcement learning (RURL),
mirroring how frontier models acquire computer
use. We find that the skills acquired in simulation
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generalize well beyond the training tasks: they
transfer to an unseen robot, to the real world, and
to novel instructions. After training on LIBERO
and RoboDojo in simulation, the model succeeds
in 60% of our trials on a real dual-arm robot,
whereas the base model succeeds in none. On
LIBERO, training raises the success rate from
1.6% to 74.4%, approaching GPT-6 Astra and
GPT-6.1 Sol at maximum reasoning effort. Com-
pared with π0.5, a vision-language-action model
fine-tuned on demonstrations, our model is sub-
stantially more robust to changes in the task itself.
On LIBERO-Pro, π0.5 succeeds in only 0.75% of
episodes when assigned a new task in a familiar
scene whereas our model succeeds in 57.4%. Fi-
nally, the model retains its general capabilities,
with no measurable degradation on nine reason-
ing, coding and vision benchmarks. These results
highlight robot-use reinforcement learning as a
promising component of foundation-model post-
training.

1. Introduction
Robot-use agents (RUAs) have recently become a promis-
ing direction for general-purpose robot control (Isola, 2026;
Yang et al., 2026c; Zhang et al., 2026c; Lu et al., 2026).
Similar to a computer-use agent (CUA) that operates a com-
puter from screenshots (OpenAI, 2025a; Anthropic, 2024),
an RUA uses a vision-language model (VLM) that observes
the robot’s camera images, reasons about the task, and out-
puts the next end-effector pose. Because the VLM operates
the robot directly, RUAs take advantage of the broad world
knowledge and the strong reasoning ability of a capable
foundation model, which allows them to generalize and to
complete complex tasks.

RUAs built on frontier models such as GPT-6 Astra (Ope-
nAI, 2026b; Pikus et al., 2026; Liu et al., 2026a) and Claude
Fable 5.2 (Anthropic, 2026) have shown exceptional gen-
eralization and language following. On RoboDojo (Chen
et al., 2026; Zhang et al., 2026b) and RoboLab (Yang et al.,
2026b;a; SenseNova et al., 2026), agents built on GPT-6 As-
tra have outperformed the best previous policies. In contrast,
vision-language-action models (VLAs) (Zitkovich et al.,
2023; Kim et al., 2025; Black et al., 2025b;a) fine-tuned on
task-specific demonstrations often struggle to generalize to
new goals and follow novel instructions (Liu et al., 2025a;
Zhou et al., 2025; Fei et al., 2026; Fang et al., 2026; Kim
et al., 2026; Hou & Zhao, 2026; Zhang et al., 2026a). Two
factors may contribute to the performance of frontier RUAs:
the models have been trained for computer use, and they
have strong spatial reasoning abilities. We hypothesize that

the ability to reason in a chain of thought is particularly
important for generalization.

However, such performance has so far been obtained only
with the strongest proprietary models. Open-weight models
have low success rates on the same benchmarks and fail on
some simple tasks as well. Several works build a harness
that adds skills and components such as the segmentation
model SAM 3 (Carion et al., 2026) and turns some motions
into a small set of options (Yang et al., 2026c; Lu et al., 2026;
Zhang et al., 2026c; Chu et al., 2026; Huang et al., 2026; Si
et al., 2026; RoboDojo Team, 2026). Such a harness allows
open-weight models to complete some of the tasks (Yang
et al., 2026c), but it may restrict their action space and
thereby make other tasks infeasible. As models become
more capable, some components of the harness may also be
absorbed into the models themselves.

Computer-use agents such as OpenAI’s are trained with
reinforcement learning (RL) on computer tasks (OpenAI,
2025a;b; Wang et al., 2025), and the close resemblance
between the two settings suggests that robot use could
be learned in the same way. We therefore train an open-
weight reasoning model with robot-use reinforcement learn-
ing (RURL), entirely in simulation and without demonstra-
tions. To support this long-horizon, multi-turn RURL at
scale, we build PEAR (a Post-training Engine for Agentic
Robotics), an infrastructure designed specifically for train-
ing RUAs (Section 3.2). In each round, the model observes
camera images and the robot’s state, reasons about the task,
and outputs the next end-effector pose (Figure 1). Inverse
kinematics converts this pose into joint targets, and the
robot’s controller executes the movement before the model
receives the next observation. Earlier rounds remain in the
context, and each episode receives a binary reward indicat-
ing whether the task was completed (Figure 2). We provide
no perception tools, planners, or skill libraries, so the model
itself must localize objects, determine how to manipulate
them, and recognize when an action has failed. Because the
model specifies poses rather than joint commands and each
robot’s own inverse kinematics and controller execute them,
the same interface applies in simulation and on a real robot.

Although the model is trained entirely in simulation, the
skills it learns transfer well to the real world. We train the
model first on LIBERO (Liu et al., 2023) and then on two
tasks in RoboDojo (Chen et al., 2026). On a real dual-arm
robot that it never encountered during training, the model
then completes 60% of our trials, whereas the base model
completes none (Section 4.4). The checkpoint trained only
on the single-arm LIBERO tasks also succeeds in 23% of
the trials. These results suggest that simulation-based RL
can equip general-purpose reasoning models with robot-use
skills that transfer to unseen real-world embodiments.

Our main findings are as follows:
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Figure 2. One round of robot use. A computer-use agent (top) observes a screenshot, reasons about the task and outputs a click or a
keystroke, which the operating system executes. Our model (bottom) operates a robot in a similar way: it observes the camera views and
the arm’s state, reasons in a chain of thought and outputs the end-effector’s next pose, and inverse kinematics and the arm’s controller then
move the arm. Each round is added to the context, which also holds the instruction and all earlier rounds. The same steps are used in
simulation and on the real robot.

• Approaching frontier models on LIBERO. The model
improves from 1.6% to 74.4% on LIBERO, outper-
forms GPT-6.1 Sol (OpenAI, 2026a) and GPT-6 Astra at
medium effort (48.1% and 49.3%), and closes most of
the gap to them at maximum effort (76.2% and 80.6%;
Section 4.1).

• Robustness and instruction following. The model
remains robust when its training tasks are perturbed
and follows instructions it has never seen. LIBERO-
Pro (Zhou et al., 2025) changes LIBERO’s goals and
layouts, and on this benchmark the model outperforms
the VLA π0.5 (Black et al., 2025a) (62.1% vs. 53.3%;
Section 4.2).

• Zero-shot transfer to unseen tasks and robots. With-
out any training on LIBERO-Long, the model reaches
39.0% on this suite, on which the base model succeeds
in 0.4% of episodes. On two RoboDojo tasks with a
dual-arm robot, the model trained only on LIBERO suc-
ceeds in 39.9% and 17.0% of episodes, compared with
10.7% and 13.0% for the base model. On RoboLab-120,
training only on LIBERO raises the success rate from
5.4% to 22.1%, and the model trained on LIBERO and
RoboDojo outperforms the π0.5 entry on the RoboLab
leaderboard (37.3% vs. 28.0%; Section 4.3).

• Sim-to-real transfer. The skills also transfer zero-shot
from simulation to the real world: without any real-robot
data, the model trained on LIBERO and RoboDojo suc-
ceeds in 60% of our trials on a real dual-arm robot and
the model trained only on LIBERO in 23%, whereas the
base model succeeds in none (Section 4.4). Beyond these
trials, the model also performs reasoning tasks unlike any
seen during training: it draws a simple line version of a
painting on a whiteboard and selects a suitable reagent
to test whether a solution is alkaline (Figure 7c).

• Retained general capabilities. Robot-use training
causes no measurable loss in performance on nine reason-
ing, coding and vision benchmarks (Section 4.5). This
result suggests that RURL can be included as a compo-
nent of foundation-model post-training.

2. Related Work
Robot-use agents. Frontier VLMs such as GPT-6 As-
tra (OpenAI, 2026b) have been evaluated as RUAs in simu-
lation and on real robots (Zhang et al., 2026b; Yang et al.,
2026a; SenseNova et al., 2026; Leet et al., 2026; Liu et al.,
2026a), and RoboDojo (Chen et al., 2026) ranks robot agents
in a separate track (RoboDojo Team, 2026). Many recent
works build RUA harnesses that provide perception tools,
skill libraries, motion primitives, memory or code execu-
tion, including ORA (Yang et al., 2026c), ASPIRE (Lu
et al., 2026), Harness VLA (Zhang et al., 2026c), Open-
RUA (Chu et al., 2026), RAX (Huang et al., 2026), uni-
robot-agent (Yuan et al., 2026) and PyRUA-Lean (Si et al.,
2026). Concurrent work also trains open-weight models
inside such harnesses, with RL in PyRUA-Lean and with
supervised fine-tuning followed by multi-turn RL in CaP-
tain (Fan et al., 2026), AgenticRoboRL (Liu et al., 2026b)
and ZAP (Pikus et al., 2026). In contrast, our model uses no
harness and no demonstrations. It is trained with RL alone
and transfers from simulation to a real robot.

RL for computer-use agents. Computer-use agents operate
a computer from screenshots (OpenAI, 2025a; Anthropic,
2024; Qin et al., 2025) and are evaluated on benchmarks
such as OSWorld (Xie et al., 2024) and WebArena (Zhou
et al., 2024). OpenAI reports that its agent is trained with su-
pervised learning followed by RL (OpenAI, 2025b). Open-
weight agents have been trained with online multi-turn RL
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Figure 3. Training curve on LIBERO and comparison with frontier VLMs. (a) The success rate of training rollouts per RL step (thin
line) and smoothed (thick line); LIBERO-Long is added at step 149, and the diamonds are the same run evaluated on LIBERO’s 2,000
episodes. (b) The base model, our model at xhigh, the effort used in training, and GPT-6.1 Sol (OpenAI, 2026a) and GPT-6 Astra (OpenAI,
2026b) at medium and max effort, on LIBERO’s 2,000 evaluation episodes; all models use the same protocol, and effort is each model’s
own setting for how long it reasons.

on Android devices in DigiRL (Bai et al., 2024), on the
web in WebRL (Qi et al., 2025) and on desktop operat-
ing systems in UI-TARS-2 (Wang et al., 2025). RL with
verifiable rewards is also widely used to train long chains
of thought (Shao et al., 2024; Guo et al., 2025; Yu et al.,
2025). RL on a new task erodes a model’s other skills less
than supervised fine-tuning does (Shenfeld et al., 2026), and
it generalizes better (Chu et al., 2025). RURL applies this
recipe to simulated robot tasks and uses the reasoning model
itself as the policy.

3. Robot-Use Reinforcement Learning
Our goal is to train a reasoning model in simulation to
use a real robot. We first describe how a robot-use agent
operates a robot and the protocol that we use in simulation
and on the real robot (Section 3.1). We then present our
training infrastructure PEAR and the RL algorithm that it
runs (Section 3.2). Because the base model rarely succeeds
at first, training follows a curriculum (Section 3.3).

3.1. Robot-use agent

A computer-use agent (OpenAI, 2025a; Anthropic, 2024)
observes a screenshot, reasons about the task, and outputs
a click or a keystroke, which the operating system then
executes (Figure 2, top). Our model operates a robot (Isola,
2026) in the same way (Figure 2, bottom). In each round, it
observes the camera frames and the arm’s state, reasons in a
chain of thought, and outputs the end-effector’s next pose.
Inverse kinematics then converts this pose into joint angles,
and the arm’s controller executes the move.

We use no perception tools, grasp or motion planners (Yang
et al., 2026c), or skill libraries (Zhang et al., 2026c; Lu
et al., 2026), so the model itself has to localize the objects in
the camera frames, determine how to reach and manipulate
them, and detect when a move has failed. Earlier rounds and
the instruction remain in the context, so each decision can
take the entire episode into account. The model acquires all

of these abilities through RL on robot tasks in simulation
(Section 3.2).

The system prompt states the protocol of this interaction, de-
scribes the robot’s coordinate frame and cameras, and gives
the task instruction (Section H). The protocol describes a
robot as a set of named parts with named quantities: the
position and orientation of each arm’s end effector. The
state lists the current value of every quantity as a JSON
object, and an action is a JSON object of the same structure
that gives the change of every quantity, in centimeters and
radians. The controller moves the robot until every target is
reached and the robot is at rest, or until the robot is blocked
short of a target. An episode ends when the simulator reports
success, when the benchmark’s step limit or the token bud-
get of the context is reached, or when a response contains
no valid action.

Because an action is a pose-level target and the controller
stays outside the model, the protocol is identical for every
robot: only the list of parts and the description of the robot
change between LIBERO’s single-arm Franka (Liu et al.,
2023), RoboDojo’s dual-arm ARX (Chen et al., 2026) and
the real dual-arm YAM. Deployment on a real robot there-
fore requires no further training: the model acts through the
same protocol, the prompt describes the real robot’s frame
and cameras, and the robot’s own inverse kinematics and
controller execute the actions.

3.2. PEAR: a Post-training Engine for Agentic Robotics

We build PEAR, an infrastructure for training RUAs, on
top of veRL (Sheng et al., 2025) and LMCache (Liu et al.,
2025b). We train the model with reinforcement learning
on robot tasks in simulation, following the recipe used for
computer use (OpenAI, 2025a;b; Wang et al., 2025). Let
τ = (o1, y1, . . . , oT , yT ) denote an episode, where ot is
the observation of round t and yt the model’s response,
which contains its reasoning and its action. The policy πθ

generates each response token by token given the context
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Figure 4. Comparison with π0.5 on LIBERO, LIBERO-Plus and LIBERO-Pro. Both policies are trained only on LIBERO: π0.5 with
supervised fine-tuning on demonstrations and our model with RURL. (a) Success rate on LIBERO and on the two perturbed benchmarks.
(b, c) Two of LIBERO-Pro’s perturbations, an unseen task in a training scene and swapped object positions; the arrow gives the drop from
LIBERO. The π0.5 results are from prior work (Physical Intelligence, 2025; Yan et al., 2026; Zhou et al., 2025).

ht = (p, o1, y1, . . . , ot), where p is the system prompt. The
reward R(τ) is 1 if the simulator reports success by the end
of the episode and 0 otherwise, and training maximizes its
expectation over the training tasks.

We use the group-normalized advantages of GRPO (Shao
et al., 2024): we sample groups of G episodes τ1, . . . , τG
that share a task and an initial state and set

Âi =
R(τi)−meanj R(τj)

stdj R(τj) + ϵ
, (1)

where ϵ is a small constant. Every generated token of an
episode receives the advantage of that episode, whether
it belongs to the reasoning or to an action and whichever
round it is in, and the gradient estimate averages over the N
generated tokens of a batch:

g =
1

N

∑
i

Âi

∑
t,k

[
∇θ log πθ

(
yki,t | cki,t

)
− Ev∼µ(·|cki,t)∇θ log πθ

(
v | cki,t

)]
,

(2)

where yki,t is the k-th token of the response in round t of
episode i, cki,t = (hi,t, y

<k
i,t ) is its context, and µ is the

policy that generated the episode. The first term is the RE-
INFORCE estimator (Williams, 1992) with the group mean
as a baseline, used without PPO clipping (Schulman et al.,
2017). Rollouts and updates run fully asynchronously, so
µ lags one or two versions behind the policy being trained.
The second term is the score-centering correction (Marek
& Ryabinin, 2026) for this mismatch. We use this correc-
tion alone, without truncated importance sampling. As in
DAPO (Yu et al., 2025), groups in which every episode
succeeds or every episode fails are discarded and replaced
because their advantages are zero.

Training is long-horizon, multi-round agentic RL, so a high
prefix-cache hit rate is important for efficient rollouts. We
therefore use LMCache to offload the prefix KV cache to
CPU memory and limit the number of concurrent episodes

to keep the prefix cache hit rate high. For the policy up-
date, a whole episode forms one training sequence, which
we fit in memory by combining FSDP (Zhao et al., 2023)
with sequence parallelism (Jacobs et al., 2024) and gradi-
ent checkpointing (Chen et al., 2016). Section A gives the
configuration for each type of GPU.

3.3. Training curriculum

With a binary reward, the advantage in Equation (1) is
nonzero only in groups that contain both successful and
failed episodes, so a task on which the model never succeeds
provides no learning signal. At the start of training, almost
every episode fails: the base model succeeds in about 2% of
episodes on LIBERO’s Spatial, Object and Goal suites, in
0.4% on its long-horizon suite LIBERO-Long, and almost
never on most RoboDojo tasks.

We therefore train first on the tasks that already provide a
signal and rely on transfer to extend it to the others. The
skills learned on the first tasks can raise the success rate
on tasks that the model has not been trained on, and we
add such tasks to training once the model begins to succeed
on them. In our experiments, training proceeds in three
stages: LIBERO’s Goal, Spatial and Object suites, then
all four LIBERO suites, and then the two RoboDojo tasks
that provide the strongest signal after training on LIBERO
(general pickup and align blocks; Section 4). Ex-
cluding LIBERO-Long from the first stage also provides a
clean test of transfer (Section 4.3).

4. Experiments
Training. We train the open-weight reasoning model
Qwen3.8-27B (Qwen Team, 2026) with the curriculum of
Section 3.3: 148 steps on LIBERO’s Goal, Spatial and Ob-
ject suites, steps 149 to 225 on all four suites, and 115
further steps on the two RoboDojo tasks. We refer to the
checkpoint at step 225 as the LIBERO-only model and la-
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Figure 5. Zero-shot success rate on unseen tasks, a new simulator and robot, and a new benchmark. (a) RL without LIBERO-Long is
trained on the other three LIBERO suites; RL with LIBERO-Long, the same run after LIBERO-Long is added, is shown for reference. (b)
RoboDojo, a different simulator with a dual-arm ARX, after RL on LIBERO only; error bars are 95% Wilson intervals. (c) RoboLab-120,
a third benchmark, against four generalist robot policies from the RoboLab leaderboard (NVIDIA, 2026c), all DROID (Khazatsky et al.,
2024) checkpoints.

bel it Ours (LIBERO only) in figures and tables. The last
checkpoint is the final model, Qwen3.8-27B-PEAR, which
we deploy on the real robot and label Ours.

Evaluation. On LIBERO (Liu et al., 2023), we report the
success rate over its 2,000 evaluation episodes (50 for each
of its 40 tasks). LIBERO-Plus (Fei et al., 2026) perturbs
LIBERO along seven dimensions: camera, lighting, back-
ground, sensor noise, instruction wording, layout and the
robot’s initial state (10,030 episodes for our model). From
LIBERO-Pro (Zhou et al., 2025), we use four perturbation
types (2,000 episodes each for our model): a different task
in the same scene, swapped object positions, a reworded
instruction and restyled objects. In RoboDojo (Chen et al.,
2026), we evaluate general pickup and align blocks

with 163 to 200 episodes per task and report 95% Wilson
intervals. RoboLab-120 (Yang et al., 2026b) comprises 120
tabletop tasks at three levels of difficulty, performed by
a single-arm Franka with a Robotiq gripper. We run ten
episodes per task (1,200 in total) and report the mean of two
evaluation runs for the final model. On the real dual-arm
YAM, we run 30 trials for each model: two in each of five
scenes with the instruction “Use the set square to push the
three blocks into a straight, aligned row, then release the
set square and reset the robot arm” and two for each of ten
objects with the instruction “Pick up the ⟨object⟩ by 10 cm.”
A trial fails if it takes more than 25 rounds or if the model
reasons for more than 32k tokens in a single round. When
the model outputs an invalid action that inverse kinematics
cannot solve, it retries, and the retry also counts as a round.
Unless stated otherwise, our models run at xhigh effort.

Baselines. Frontier vision-language models use the same
protocol as our model (Section 3.1): GPT-6.1 Sol (OpenAI,
2026a) and GPT-6 Astra (OpenAI, 2026b) at the medium
and max effort settings. Effort is each model’s own set-
ting for how long it reasons. π0.5 (Black et al., 2025a) is
a VLA supervised fine-tuned on demonstrations of every
LIBERO task. We do not evaluate π0.5 ourselves and use
results reported for its released checkpoint. Its LIBERO

results are from the openpi repository (Physical Intelligence,
2025), its LIBERO-Plus result is from Yan et al. (2026),
and its LIBERO-Pro results are the per-suite results of Zhou
et al. (2025) averaged over the four suites. On RoboLab-
120, we compare with four generalist robot policies from
the RoboLab leaderboard (NVIDIA, 2026c): Cosmos3-
Nano-Policy (NVIDIA, 2026a), π0.5, DreamZero (Ye et al.,
2026) and GR00T N1.6 (NVIDIA GEAR Team, 2025).
All four are checkpoints trained on the real-robot dataset
DROID (Khazatsky et al., 2024) and evaluated by the Robo-
Lab organizers, so this π0.5 is a different checkpoint from
the LIBERO one above.

4.1. Learning robot use on LIBERO

RL improves the policy from a near-zero start. On Goal,
Spatial and Object, the base model succeeds in about 2% of
rollouts, so almost every rollout ends with no reward. The
training success rate on these three suites still rises to about
70% within 148 steps (Figure 3a). The skills learned on
these three suites also transfer well to tasks that the model
has never been trained on. At step 148, before it is trained
on LIBERO-Long, the model solves 39.0% of it, up from
0.4% for the base model (Figure 5a). Its success rate on
LIBERO as a whole is 64.0% at this point, and we return
to this transfer in Section 4.3. Training on all four suites
from step 149 then raises the success rate to 69.5% at step
184 and to 74.4% at step 225, each about 5 points above the
last. At 74.4%, our model approaches GPT-6 Astra (80.6%;
OpenAI, 2026b) and GPT-6.1 Sol (76.2%; OpenAI, 2026a)
at max effort and exceeds both at medium effort (49.3% and
48.1%; Figure 3b).

These results show that a base model with a low initial suc-
cess rate can be trained to a high success rate with RL alone,
from 1.6% to 74.4% in this case. The capability it acquires
is also general rather than specific to LIBERO’s training
tasks: the following sections show that the model remains
robust when LIBERO’s scenes and tasks are perturbed, fol-
lows instructions it was never trained on (Section 4.2), and
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Figure 6. Training curve on RoboDojo subset and success rate before and after RL. The final model continues from the LIBERO-only
model with RURL on two RoboDojo tasks, entirely in simulation. (a) Success rate of training rollouts per RL step (thin line) and smoothed
(thick line). (b) Success rate on the two tasks before and after this training; error bars are 95% Wilson intervals.

transfers to a new benchmark, a new robot and the real world
(Sections 4.3 and 4.4).

4.2. Robustness and instruction following

Trained only on LIBERO, our model generalizes beyond
its training tasks: it remains robust when they are per-
turbed and follows instructions that it has never seen (Fig-
ure 4). π0.5 (Black et al., 2025a) outperforms our model on
LIBERO, where it is supervised fine-tuned on demonstra-
tions of every task, but it loses this lead when a task’s goal
or object layout changes. We test both policies on LIBERO-
Plus (Fei et al., 2026) and LIBERO-Pro (Zhou et al., 2025),
which perturb the training tasks in ways that neither policy
has seen. LIBERO-Plus mainly perturbs the observation,
such as the camera, the lighting, the background and sen-
sor noise, and the two policies lose a similar amount on it:
11.2 points for π0.5 and 12.2 for our model. LIBERO-Pro
also changes the goals and the object layouts. Our model
again loses about 12 points there, but π0.5 loses 43.6, so its
22.5-point lead on LIBERO becomes an 8.8-point deficit
(Figure 4a).

Our model’s lead on LIBERO-Pro comes from the pertur-
bations that change what the robot has to do. The task
perturbation keeps a training scene and its initial state but
gives an instruction for a different task. π0.5 falls from
96.9% on LIBERO to 0.75%, a drop of 96.2 points, while
our model falls from 74.4% to 57.4%, a drop of 17.0 points
(Figure 4b). π0.5 tends to carry out the task it was trained on
in that scene, while our model does what the new instruction
asks. The position perturbation tests the same ability from
the other side: it keeps the instruction but swaps the objects’
positions, so following the instruction now takes a different
motion. π0.5 drops by 76.1 points to 20.8%, and our model
by 16.9 points to 57.5% (Figure 4c).

π0.5 still leads on the other two perturbations, which reword
the instruction or restyle the objects but leave the original
task in place (Figure 10b). Thus, π0.5 remains robust when
the motion it was shown is still correct and fails when the

motion has to change, whereas our model loses between
1 and 17 points on each perturbation but keeps following
the instruction. This difference may come from imitating
demonstrations versus reasoning about the task: our model
keeps the base model’s ability to read an instruction and a
scene, and RL teaches it to act on what it reads.

4.3. Zero-shot transfer to unseen tasks and robots

Without training on LIBERO-Long episodes, our model
reaches 39.0% on LIBERO-Long, where the base model
succeeds in 0.4% of episodes (Figure 5a). RL could hardly
have learned LIBERO-Long from the base model, because a
model that almost never succeeds receives almost no reward
and has little to learn from. Transfer from the other three
suites changes this: when LIBERO-Long is added to train-
ing at step 149, the model’s successes on it give RL a signal
to train on, and its success rate on LIBERO-Long reaches
53.2%.

The skills also transfer when both the simulator and
the robot change. RoboDojo (Chen et al., 2026) is
a different environment, and its tasks use a dual-arm
ARX instead of LIBERO’s single-arm Franka. Trained
only on LIBERO, our model succeeds in 39.9% of Ro-
boDojo’s general pickup episodes and 17.0% of its
align blocks episodes, compared with 10.7% and 13.0%
for the base model (Figure 5b). What the model learns on
LIBERO is therefore not tied to LIBERO’s simulator or to
its robot.

We also evaluate the final model zero-shot on RoboLab-
120 (Yang et al., 2026b), a third simulation benchmark.
It was trained with RL only on LIBERO and RoboDojo
(Section 3.3), and RoboLab’s tasks and scenes are new to
it. It succeeds in 37.3% of RoboLab-120’s 1,200 episodes,
while the base model succeeds in 5.4%. This is on par
with Cosmos3-Nano-Policy (NVIDIA, 2026a) at 36.8% and
above π0.5 (Black et al., 2025a) at 28.0%, DreamZero (Ye
et al., 2026) at 25.7% and GR00T N1.6 (NVIDIA GEAR
Team, 2025) at 7.2%, four generalist robot policies on the
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(b) Align blocks “Use the set square to push the three blocks into a straight, aligned row, then release the set square and reset the robot arm.”
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(c) Reasoning tasks
Copy a painting.
Draw a simple line drawing of the attached picture on the whiteboard.

Chemistry experiment.
Choose a suitable reagent to test whether this solution is alkaline.

Figure 7. Real-robot evaluation on a dual-arm YAM. Our training does not include this robot and uses no real-robot data. (a) General
pickup: three trials in which the final model picks up the object and the base model does not; the bar chart gives each model’s successful
trials out of 20, two for each of ten objects. (b) Align blocks: three rounds of one trial in which the final model succeeds and the base
model fails; the bar chart gives each model’s successful trials out of ten. (c) Reasoning tasks: the final model draws a simple line version
of a painting and selects a reagent that shows whether a solution is alkaline.

RoboLab leaderboard (NVIDIA, 2026c) (Figure 5c). The
LIBERO-only model succeeds in 22.1%. Section D reports
the results by task difficulty.

4.4. Sim-to-real transfer

Starting from the LIBERO-only model, we continue training
with RL on two RoboDojo tasks, entirely in simulation. RL
works here as it does on LIBERO, on a different simulator
and a dual-arm robot: in 115 steps, the training success
rate on the two tasks rises from about 25% to about 70%
(Figure 6a). Evaluated in RoboDojo, the final model suc-
ceeds in 71.2% of general pickup episodes and 78.8% of
align blocks episodes, up from 39.9% and 17.0% before
this stage (Figure 6b).

We then evaluate the models zero-shot on a real dual-arm
YAM, a robot that no model was trained on. Without any
real-robot data, the final model succeeds in 18 of 30 trials,
whereas the base model succeeds in none. The LIBERO-
only model succeeds in 7 of the 30 trials, although it has
seen neither these tasks nor this robot (Figure 7a and b).

The successful trials of the final model take between 7 and
24 rounds and use between 23k and 132k tokens of context;
Section G lists every trial and the cause of each failure.

Reasoning tasks. The trials above repeat the two tasks
on which the final model was trained in RoboDojo. We
additionally give it two reasoning tasks, which we define as
tasks that have no counterpart in its training and that depend
on reasoning about what to do rather than on a trained
motion (Figure 7c). For such tasks, the prompt describes the
robot and the task in detail (Section 5). Given a picture of
The Starry Night, the final model draws a simple line version
of the painting on a whiteboard. To test whether a solution
is alkaline, it selects phenolphthalein rather than iodine or
ethanol because phenolphthalein turns pink in an alkaline
solution, and the solution turns pink once the reagent is
added. Such tasks require world knowledge and reasoning
ability, which stem from the foundation model.
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Figure 8. General benchmarks before and after RL. The final
model against the base model on the same questions: the change
in score (dots) with its paired 95% interval (lines), and the scores
before and after RL beside each name. The benchmarks are AIME
2026, GPQA Diamond, IFBench, LiveCodeBench v6 (LiveCode),
RealWorldQA, ERQA, the MMMU validation set and MMMU-
Pro in its standard (S) and vision (V) settings; the mean change
over the nine is −0.15 points. Table 6 gives the full numbers and
the evaluation settings.

4.5. Retaining general capabilities

We compare the final model with the base model on the same
questions using paired comparisons. On all nine bench-
marks (MAA, 2026; Rein et al., 2024; Pyatkin et al., 2025;
Jain et al., 2025; xAI, 2024; Gemini Robotics Team et al.,
2025; Yue et al., 2024; 2025), the 95% interval includes zero
(Figure 8). This is consistent with the finding that RL on a
new task erodes a model’s other skills less than supervised
fine-tuning does (Shenfeld et al., 2026).

While reaching 75.0% on RoboDojo’s general pickup

and align blocks, the final model scores 98.5 on AIME
2026 (MAA, 2026), 89.7 on GPQA Diamond (Rein et al.,
2024) and 88.4 on LiveCodeBench (Jain et al., 2025), and
remains within two points of the base model on every vision
benchmark. The same model now reasons, writes code,
answers questions about images and uses a robot.

4.6. Reasoning effort and inference speed

Although the model is trained only at xhigh effort, the effort
setting in the chat template controls how long it reasons.
No RL rollout runs at a lower setting, yet at low effort
the model uses 0.86k thinking tokens per round instead of
3.23k (Figure 9a), so RL at a single effort has not fixed
the length of its reasoning. Its success rate falls with that
length: on LIBERO, it is 21.9% at low effort (the mean of
two evaluation runs) and 74.4% at xhigh. With less than a
third of the thinking, it keeps less than a third of its success
(Figure 9b). Most of what it can do on LIBERO therefore
comes from reasoning at length before each move.

Because the model reasons at length before every move, how
fast it decodes determines how fast it can act. With NVFP4
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Figure 9. Reasoning effort and inference speed. (a, b) Thinking
tokens per round and success rate on LIBERO of the LIBERO-
only model at low and xhigh effort, with BF16 weights; the low-
effort values are the mean of two evaluation runs. (c) Decoding
speed on one device, with NVFP4 weights quantized with NVIDIA
ModelOpt (NVIDIA, 2024) and Inco’s DFlash2 drafter throughout;
our megakernel on the GPUs and Inco’s Splash engine on the M5
Max.

weights (Alvarez et al., 2025) and a DFlash2 drafter (Inco
AI, 2026a), it decodes 52 tokens/s on an M5 Max in Inco’s
Splash engine (Inco AI, 2026b). We optimize our megaker-
nel with KDA (NVIDIA, 2026b). With the megakernel, it
decodes 221 tokens/s on a single RTX 5090 and 747 token-
s/s on a single GB300 (Figure 9c). At 747 tokens/s, a round
of xhigh reasoning takes about 4.3 s and a round at low
effort about 1.1 s, so the effort setting also trades success
for speed. We use Inco’s original DFlash2 checkpoint, with
an average acceptance length of 3.2 tokens. A drafter tuned
specifically for our model may have a longer acceptance
length, which would make decoding faster. The model can
therefore run locally on a single consumer GPU or a laptop.
However, NVFP4 quantization reduces our model’s accu-
racy and lengthens its chain of thought, so all evaluations
use BF16 weights.

5. Limitations
• We have not been able to scale up our training. Mainly

because of limited GPU resources, we stopped after train-
ing on two RoboDojo tasks, and the training was stable.
Training so far also covers only two simulators and a
small set of tasks, and it starts from a 27B base model.
We believe that scaling up, by training in more diverse
simulations and on more diverse tasks and by starting
from a stronger foundation model, could lead to stronger
robot-use performance.

• We did not use supervised fine-tuning (SFT), for two
reasons. First, we lacked high-quality in-distribution data
and were concerned that SFT would harm the model’s
general capabilities (Shenfeld et al., 2026). Second, we
think that robotics data, even when available, should be
added at the pretraining and mid-training stages rather
than used for SFT on a model that has already been
post-trained. We therefore train with RL alone.
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• Our model is still slow at carrying out tasks, because it
reasons at length before every move. We apply no length
penalty during RL and place no constraint on the length
of its chain of thought. The inference speed is high, at
747 tokens/s on a single GB300, but a round of reasoning
still takes about 4.3 s on average (Figure 9), and in a few
cases the chain of thought can reach 32k tokens, so that
a single move takes more than half a minute. Shortening
the reasoning without giving up success, for example by
rewarding shorter chains of thought during RL, is left to
future work.

• Our base model, Qwen3.8-27B, is relatively small, and
with its limited capabilities it often lacks knowledge
about the embodiment it controls, so this information
has to be provided in the prompt. As a result, the task
success rate can depend considerably on whether the
model can form a clear understanding of the embodiment
and the environment from the prompt, and the model
reaches its best performance when the prompt gives it
enough of the information it needs. For harder tasks,
such as those in Figure 7c, our model succeeds only after
we describe the embodiment and the task to it in detail in
the prompt. Its performance therefore depends heavily
on the prompt, but this also demonstrates, to some extent,
its ability to follow detailed language instructions.

• Our current model is not yet able to plan action chunks
reliably, so it outputs the end-effector’s next pose; inverse
kinematics and a controller then move the arm to that
pose and stop it there. Accuracy therefore depends partly
on the controller: a poorly implemented one can move
the arm abruptly at some positions and miss the target
pose, and an inefficient one consumes the task’s step
budget and leaves fewer moves, which matters mainly
in simulated evaluation. This design also increases the
number of rounds a task needs: since each round moves
the arm to a single pose, a complex motion that the model
could otherwise complete in one round with one action
chunk now has to be split into several rounds. We hope
future work can improve this.

6. Conclusion
A general reasoning model can learn to use real robots en-
tirely in simulation in the same way that frontier models
learn to use computers. It acts through an interface with
camera frames as input and end-effector poses as output
and is trained with RL on robot tasks. After training only
on LIBERO and RoboDojo in simulation, our model suc-
ceeds in 60% of our trials on a real dual-arm robot, whereas
the base model succeeds in none. Starting from a base
model that rarely succeeds at robot tasks, RURL also yields
a model that follows instructions it was never trained on,
remains robust when its training tasks are perturbed, trans-
fers to a new simulator and a new robot, and retains its

general capabilities. RURL in simulation thus offers a sim-
ple recipe for real-world robot-use agents with substantial
room for improvement, and our results suggest that reason-
ing allows such agents to generalize well beyond the tasks
they were trained on. We hope that these results encourage
further work on RURL as a component of foundation-model
post-training.
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A. Training details
Table 1 lists the training setup. Training runs on LIBERO (Liu et al., 2023) for 225 steps and then on two RoboDojo (Chen
et al., 2026) tasks for 115 steps (Section 4); Section 3.2 describes the RL algorithm and the training infrastructure. During
training, the framework executes the JSON object of an action as a tool call to the simulator, and the result of the call is the
next observation. The controller that executes an action is specific to each robot: it drives LIBERO’s operational-space
controller on the Franka and follows Cartesian waypoints with inverse kinematics on RoboDojo’s ARX. The reasoning
effort is xhigh in every rollout. Earlier rounds remain in the context, and an episode ends when the simulator reports success,
when the step limit or the token budget of the context is reached, or when a response contains no valid action.

Table 1. Training setup.

Setting Value

Base model Qwen3.8-27B (Qwen Team, 2026)
RL algorithm GRPO (Shao et al., 2024) with DAPO’s group filter (Yu et al., 2025) and score centering (Marek & Ryabinin,

2026); a REINFORCE (Williams, 1992) policy loss in bypass mode, without PPO clipping (Schulman et al.,
2017)

Batch 128 groups of 8 rollouts per step, counted after the group filter
Optimization AdamW (Loshchilov & Hutter, 2019) with a learning rate of 10−6 and one update per step; the loss is averaged

over the generated tokens of a batch (token-mean), without a KL penalty or an entropy bonus
Sampling Temperature 1.0 over the full distribution
Curriculum LIBERO: Goal, Spatial and Object for steps 1–148; all four suites from step 149 to step 225 (the LIBERO-only

model). RoboDojo: general pickup and align blocks for 115 steps from the LIBERO-only model
(steps 226–340)

Max sequence length 256k tokens on LIBERO, 160k on RoboDojo
Reasoning effort xhigh throughout training
Framework veRL (Sheng et al., 2025), fully asynchronous
Rollout veRL + LMCache (Liu et al., 2025b). H100: tensor parallelism 4; 64 rollouts per engine at a 160k cap and 32

at a 256k cap; 95%+ prefix-cache hits. GB300: tensor parallelism 2, without LMCache
Training H100: FSDP (Zhao et al., 2023) over 8 GPUs with 8-way sequence parallelism (Jacobs et al., 2024)

(FSDP8 × SP8), 32,512 tokens per GPU, FlashAttention-3 (Shah et al., 2024), activation offloading. GB300:
FSDP4 × SP4, 69,632 tokens per GPU, FlashAttention-4 (Zadouri et al., 2026). Gradient checkpointing (Chen
et al., 2016) throughout; one FSDP group per node, InfiniBand between nodes

Simulators LIBERO: rendered on CPU on the rollout nodes. RoboDojo: Isaac (Mittal et al., 2025) containers on separate
GPU nodes

Infrastructure. Our training infrastructure, PEAR (a Post-training Engine for Agentic Robotics), is built on veRL (Sheng
et al., 2025) and LMCache (Liu et al., 2025b). We train our models on H100, H200 and GB300 GPUs and optimize PEAR
for each of them. On H100 GPUs, we serve rollouts with tensor parallelism 4 and train the policy with FSDP (Zhao et al.,
2023) over 8 GPUs combined with 8-way sequence parallelism (Jacobs et al., 2024) (FSDP8 × SP8), so that each GPU
holds 32,512 tokens. On GB300 GPUs, we serve rollouts with tensor parallelism 2 and train the policy with FSDP4 × SP4,
with 69,632 tokens per GPU. Each node forms one FSDP group, and nodes communicate over InfiniBand. To fit such long
sequences in memory, we use gradient checkpointing (Chen et al., 2016) throughout. On H100 GPUs, we also offload
activations and use FlashAttention-3 (Shah et al., 2024), and on GB300 GPUs we use FlashAttention-4 (Zadouri et al., 2026).
Each RL step uses 128 groups of 8 rollouts. LIBERO is rendered on the CPUs of the rollout nodes, whereas RoboDojo runs
in Isaac (Mittal et al., 2025) containers on separate GPU nodes. Training took about 50,000 H100-equivalent GPU-hours in
total.

During RL on LIBERO and RoboDojo, an episode contains about 94k tokens on average (1.8k of prompt and 92k of
response), 19.7 rounds and 39 to 59 images. Episodes become shorter as training proceeds, from 119k tokens over 19.9
rounds at the start to 82k tokens over 18.5 rounds at the end. Because each round extends the same context, most of each
request is a prefix that has already been processed. On H100 nodes, LMCache offloads the KV cache of these prefixes to
CPU memory. We set the number of concurrent rollouts so that the prefix-cache hit rate stays at about 95% or above: each
engine runs 64 rollouts concurrently when sequences are capped at 160k tokens and 32 when they are capped at 256k. On
GB300 nodes, we serve without LMCache because their host memory is too small to serve as an offload tier. An H100 node
with 8 GPUs and a GB300 node with 4 GPUs each generate about 2,000 to 3,000 tokens/s during rollout. Because of some
bugs, we did not enable multi-token prediction (MTP) for rollouts, but we will support it later.
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RL runs fully asynchronously in veRL, so the policy that generates a rollout lags one or two versions behind the policy
being trained. We correct for this mismatch with score centering (Marek & Ryabinin, 2026), which subtracts from each
token’s score function its expected value under the rollout policy’s next-token distribution. We use score centering alone,
without truncated importance sampling.

B. LIBERO by suite and effort
Table 2 breaks down the LIBERO results of Figure 3b and Figure 9b by suite, and Figure 10a shows them at max effort.
Among the vision-language models, the LIBERO-only model has the highest Spatial and Object scores; on Goal and
LIBERO-Long, its scores fall between those of the frontier models at medium and at max effort, and 19% and 33% of its
episodes on these two suites end when the context reaches the 256k-token budget.

Table 2. LIBERO success rate (%) by suite. The low-effort row is the mean of two evaluation runs. The π0.5 row is from the openpi
repository (Physical Intelligence, 2025). Bold: best VLM in each column, among the max and xhigh rows and among the medium rows.

Model Effort Spatial Object Goal Long Average

Vision-language models
Qwen3.8-27B xhigh 1.2 1.8 2.8 0.4 1.6
GPT-6.1 Sol (OpenAI, 2026a) max 78.8 83.4 76.8 65.8 76.2
GPT-6 Astra (OpenAI, 2026b) max 82.6 82.2 80.2 77.4 80.6
GPT-6.1 Sol medium 22.8 69.2 58.2 42.2 48.1
GPT-6 Astra medium 26.0 67.0 59.4 44.6 49.3

Vision-language-action model, supervised fine-tuned on LIBERO
π0.5 – 98.8 98.2 98.0 92.4 96.9

This work
Ours (LIBERO only) xhigh 85.8 97.0 61.4 53.2 74.4
Ours (LIBERO only) low 30.4 35.9 18.9 2.5 21.9
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Figure 10. LIBERO by suite, and LIBERO-Pro and LIBERO-Plus by perturbation. (a) Success rate (%) on LIBERO by suite,
against the frontier VLMs at max effort (Table 2). (b) Success rate (%) on LIBERO-Pro by perturbation type: an unseen task in a training
scene, swapped object positions, a reworded instruction and restyled objects (Table 3). (c) The LIBERO-only model on LIBERO-Plus by
perturbation dimension (10,030 episodes); the dashed line marks its success rate on LIBERO.
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C. Robustness by perturbation and by suite
Table 3 reports LIBERO-Pro (Zhou et al., 2025) results by perturbation type, on which Figure 4b and c and Figure 10b are
based. Table 4 reports the success rate of the LIBERO-only model by suite on LIBERO and the two perturbed sets. On
LIBERO-Plus (Fei et al., 2026) (Figure 10c), the LIBERO-only model is most sensitive to the robot’s initial state, which
costs it 36.5 points.

Table 3. LIBERO-Pro success rate (%) by perturbation type, both policies trained on LIBERO; 2,000 episodes per type for our model.
The π0.5 row averages the per-suite results of Zhou et al. (2025, Tables 2–5 of the first arXiv version) over the four suites. Bold: best in
each column. Task: the same scene with a different task. Position: the objects’ positions swapped. Semantic: the instruction reworded.
Object: the objects restyled. Mean: over the four types.

Model Task Position Semantic Object Mean

π0.5, supervised fine-tuned on LIBERO 0.75 20.8 95.8 96.0 53.3
Ours (LIBERO only), xhigh effort 57.4 57.5 73.3 60.2 62.1

Table 4. The LIBERO-only model by suite, on LIBERO and on the two perturbed sets (success rate, %); perturbations reduce
every suite’s success rate by 7–15 points. LIBERO-Pro’s numbers include its unperturbed tasks (64.5 on average; 62.1 over the four
perturbations alone). LIBERO-Pro results by perturbation type are in Table 3, and LIBERO-Plus results by perturbation dimension in
Figure 10c.

Suite LIBERO LIBERO-Plus LIBERO-Pro

Spatial 85.8 75.7 78.9
Object 97.0 82.7 86.4
Goal 61.4 46.8 48.7
Long 53.2 44.5 43.8

D. RoboLab-120 by task difficulty
Table 5 breaks down the RoboLab-120 (Yang et al., 2026b) results of Section 4.3 by task difficulty and adds RoboLab’s
Score, which gives partial credit for the subtasks that a policy completes. Among the policies in Table 5, the final model
achieves the highest success rate on simple and moderate tasks. On complex tasks, Cosmos3-Nano-Policy (NVIDIA, 2026a)
leads with 25.3%, whereas the final model reaches 13.2%. The LIBERO-only model improves over the base model mainly
on simple and moderate tasks (from 5.2% to 28.6% and from 7.7% to 19.5%).

Table 5. RoboLab-120 by task difficulty. Success rate (%) on all 120 tasks and by difficulty (64 simple, 39 moderate and 17 complex
tasks, ten episodes each), and Score, RoboLab’s graded measure of progress through a task’s subtasks, where a success scores 100. The
final model is trained with RL on LIBERO and RoboDojo, and its values are the mean of two evaluation runs (2,400 episodes). Other
policies: the RoboLab leaderboard (NVIDIA, 2026c, data of 29 October 2026). Bold: best in each column.

Model All Simple Moderate Complex Score

Our base model
Qwen3.8-27B 5.4 5.2 7.7 1.2 12.1

Generalist robot policies
Cosmos3-Nano-Policy (NVIDIA, 2026a) 36.8 40.6 35.4 25.3 51.9
π0.5 (Black et al., 2025a) 28.0 29.7 31.5 13.5 43.4
DreamZero (Ye et al., 2026) 25.7 26.1 30.0 14.1 39.8
GR00T N1.6 (NVIDIA GEAR Team, 2025) 7.2 8.8 7.9 0.0 17.1

This work
Ours (LIBERO only) 22.1 28.6 19.5 3.5 35.0
Ours 37.3 44.6 35.8 13.2 51.3
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E. The full RoboDojo benchmark
Figure 11 shows the average success rate on the full RoboDojo simulation benchmark (Chen et al., 2026), of which
Section 4.4 reports two tasks. The benchmark has 42 tasks in five capability dimensions: Generalization, Memory, Long-
Horizon, Precision and Open. Its 12 Generalization tasks are evaluated in a standard and a randomized setting, which
gives 54 task settings, and we run 10 episodes of each, 540 episodes in total. We follow RoboDojo’s official scoring
rule: the success rate measures binary task completion, the success rate of a dimension is the mean over its tasks, and the
overall success rate is the mean of the five dimensions rather than of all tasks. The leaderboard entries of GPT-5.5 and
DeepSeek-Flash are scored with the same rule, so their results can be compared with ours.

The base model succeeds in 1 of the 540 episodes, on stack blocks random. The final model succeeds in 21 episodes:
8 of 10 on general pickup and 7 of 10 on align blocks, the two tasks used in training, and 3 of 10 on each of
match and pick from conveyor and solve equation.

A large part of the failures is due to the length of RoboDojo’s tasks. The context window of our model is 256k tokens, and
370 of the final model’s 540 episodes (68.5%) end in failure because this window is exhausted. We believe that a stronger
foundation model with a longer context window, trained with RURL, or a harness that manages the context could reach
higher success rates.

Base GPT-5.5 DeepSeek-
Flash

Ours
0

2

4

6

Su
cc

es
s
(%

)

0.08
0.88

1.92

5.50

RoboDojo (54 tasks)

1

Figure 11. Average success rate on the full RoboDojo benchmark. All four models are scored with RoboDojo’s official rule, the mean
success rate of its five capability dimensions. The base model and the final model are evaluated with 10 episodes per task setting. GPT-5.5
and DeepSeek-Flash are entries of the leaderboard (RoboDojo Team, 2026) from the RoboDojo team’s evaluation of language models as
policies (Zhang et al., 2026b), with 50 and 10 episodes per task.

F. General benchmarks
Table 6 lists the numbers behind Figure 8, together with the category of each benchmark and its number of questions and
samples per question.

Table 6. General benchmarks. The final model and the base model on the same questions, with paired 95% intervals and the
number of questions (and samples per question). The intervals are from a paired bootstrap over questions with 2,000 resamples.
evalscope (ModelScope Team, 2024) 1.13.0, vLLM (Kwon et al., 2023) in BF16, thinking-mode sampling (temperature 1.0, top-p 0.95,
top-k 20). Changes and means are computed before rounding. Nine-benchmark means: 81.64 for the base model and 81.49 for the final
model. For reference, the LIBERO-only model averages 81.31.

Benchmark Category Questions Base Ours Change 95% CI

AIME 2026 math 30×16 98.3 98.5 +0.2 [−1.7, +2.9]
GPQA Diamond science 198×8 89.6 89.7 +0.1 [−1.0, +1.2]
IFBench instruction following 300, prompt strict 73.0 72.7 −0.3 [−4.0, +3.3]
LiveCodeBench v6 coding 131×4 88.0 88.4 +0.4 [−2.1, +2.9]
RealWorldQA visual QA 765 84.1 83.7 −0.4 [−2.4, +1.6]
ERQA embodied reasoning 400 68.5 66.5 −2.0 [−6.2, +2.2]
MMMU (val) multimodal 900 80.7 81.0 +0.3 [−1.3, +2.0]
MMMU-Pro standard multimodal 1730, 10 options 77.3 77.6 +0.3 [−1.1, +1.7]
MMMU-Pro vision multimodal 1730 75.4 75.4 +0.1 [−1.4, +1.5]
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G. Real-robot trials
Table 7 lists every real-robot trial and the cause of each failure. All three models use the same protocol on the same robot at
xhigh effort, and none of them was trained on this robot or on any real-robot data. The final model was trained on the two
corresponding tasks in RoboDojo with a different robot, whereas the LIBERO-only model and the base model were not.
The final model succeeds in 18 of 30 trials, the LIBERO-only model in 7 and the base model in none. The successful trials
of the final model take between 7 and 24 rounds, and its failed trials end after between 6 and 25 rounds.

Failure causes. A trial fails when it exceeds 25 rounds or 32k reasoning tokens in a single round (Section 4), or when the
model does not complete the task. The base model runs out of rounds in 25 of its 30 trials, knocks the object over in 4 and
finishes with the blocks not aligned in 1. The 23 failures of the LIBERO-only model are more varied: it runs out of rounds
in 10 trials, knocks the object over in 4, reasons for more than 32k tokens in a single round in 4, stops automatically in an
unsafe pose in 2, does not fully lift the object in 2 and picks up the wrong object in 1. The final model shows none of these
last four kinds of failure: in its 12 failed trials, it runs out of rounds in 6, finishes with the blocks not aligned in 3 and knocks
the object over in 2, and the tennis ball rolls away in 1. No model picks up the air pump, which is knocked over in all 6 of its
trials, or the brush, with which 5 of the 6 trials run out of rounds.

Table 7. Every real-robot trial, all models at xhigh effort on a dual-arm YAM. Align blocks: two trials in each of five scenes, which
differ in the initial layout of the blocks and the set square, all with the instruction “Use the set square to push the three blocks into a
straight, aligned row, then release the set square and reset the robot arm.” General pickup: two trials per object, “Pick up the ⟨object⟩ by
10 cm.” S: success within the budget of 25 rounds; F: failure, followed by its cause. Rounds: ran out of rounds; 32k tokens: reasoned for
more than 32k tokens in a single round; toppled: knocked the object over; unaligned: finished with the blocks not aligned; not lifted: did
not fully lift the object; wrong object: picked up the wrong object; rolled: the ball rolled away; unsafe: stopped automatically in an unsafe
pose. Rounds: the number of rounds, at most 25. Context: tokens used by the last of these rounds, out of 260,096.

Qwen3.8-27B (base) Ours (LIBERO only) Ours

Scene or object Trial Result Rounds Context Result Rounds Context Result Rounds Context

Align blocks
Scene 1 1 F: unaligned 12 40.0k F: unsafe 20 78.2k S 10 54.8k

2 F: rounds 25 77.7k S 24 57.8k F: unaligned 9 34.5k
Scene 2 1 F: rounds 25 103.4k F: 32k tokens 10 99.4k S 14 47.1k

2 F: rounds 25 60.6k F: rounds 25 106.0k S 8 26.1k
Scene 3 1 F: rounds 25 69.6k F: rounds 25 131.8k S 18 80.0k

2 F: rounds 25 54.6k F: rounds 25 72.0k F: rounds 25 119.6k
Scene 4 1 F: rounds 25 72.1k F: rounds 25 121.0k F: unaligned 8 44.5k

2 F: rounds 25 176.4k F: rounds 25 117.2k S 20 72.0k
Scene 5 1 F: rounds 25 66.2k F: rounds 25 136.8k S 13 40.1k

2 F: rounds 25 141.8k F: rounds 25 98.5k F: unaligned 11 40.7k
General pickup
Air pump 1 F: toppled 5 17.6k F: toppled 6 22.0k F: toppled 7 28.9k

2 F: toppled 3 7.4k F: toppled 13 33.4k F: toppled 6 20.6k
Brush 1 F: rounds 25 66.0k F: unsafe 19 86.4k F: rounds 25 107.5k

2 F: rounds 25 71.8k F: rounds 25 126.2k F: rounds 25 92.1k
Dishwashing liquid 1 F: rounds 25 40.0k F: 32k tokens 15 79.7k F: rounds 25 108.3k

2 F: rounds 25 74.8k F: 32k tokens 17 131.4k S 13 33.8k
Stapler 1 F: rounds 25 85.0k F: wrong object 10 59.7k S 13 52.5k

2 F: rounds 25 103.1k F: rounds 25 93.4k F: rounds 25 138.8k
Remote control 1 F: rounds 25 100.0k F: rounds 25 157.9k S 14 48.9k

2 F: rounds 25 87.7k S 21 76.5k S 7 23.5k
Rope 1 F: rounds 25 75.4k S 22 135.7k S 9 47.6k

2 F: rounds 25 38.4k S 7 15.2k S 9 25.6k
Screw 1 F: rounds 25 46.6k S 13 31.8k S 18 82.3k

2 F: rounds 25 77.6k S 11 33.4k S 24 132.0k
Spray can 1 F: toppled 16 51.9k F: toppled 6 21.1k F: rounds 25 129.4k

2 F: toppled 15 31.3k F: toppled 8 21.5k S 8 36.8k
Tennis ball 1 F: rounds 25 60.8k F: 32k tokens 15 141.1k S 22 91.5k

2 F: rounds 25 90.3k S 19 69.1k F: rolled 17 81.9k
Turtle plush toy 1 F: rounds 25 54.2k F: not lifted 11 33.1k S 15 28.2k

2 F: rounds 25 67.3k F: not lifted 10 27.3k S 10 23.6k

Successes 0/30 7/30 18/30
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H. Prompts
The system prompt consists of a protocol that is the same for every environment, an ENVIRONMENT section that is specific
to the benchmark, and the task. The template is given below, where {environment} and {instruction} stand for
the benchmark’s ENVIRONMENT section and the task instruction and all other text is given to the model as shown.

You are controlling a robot. Each turn you see the robot's current state and its camera images, and
you respond with the next action.

## OBSERVATION

The robot is made of named parts, and each part has named quantities you can set. Every turn begins
with the current value of every such quantity, grouped by part, followed by the camera images:

{"<part>": {"<quantity>": <value>, ...}, ...}

Lengths are in centimeters and angles in radians; any other quantity is a plain number. Nothing
beyond these names is given about what each quantity corresponds to.

## ACTION

The action changes the listed quantities by these amounts:

{"<part>": {"<quantity>": <change>, ...}, ...}

Write the change of every quantity; 0 leaves a quantity as it is.

## EXECUTION

The action ends once every target is reached and the robot is at rest. If something keeps a target
from being reached, the robot stops there and the action ends. Either way, you then receive the next
observation.

## RESPONSE FORMAT

End your response with exactly one fenced json block containing the action, and nothing after it:

```json
<action>
```

## ENVIRONMENT

{environment}

## TASK

{instruction}

LIBERO’s ENVIRONMENT section describes its two cameras.

− agentview: a fixed camera; the robot's base is at the top of its image, +x points toward the
bottom of the image and +y toward its left.
− wrist: a camera on the gripper; with the gripper pointing straight down at yaw 0, +x points toward
the top of its image and +y toward its right.
− the episode ends by itself as soon as the task is done: while observations keep coming, the task
is not done yet.
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RoboDojo’s ENVIRONMENT section describes the frame of the two arms, the orientation of the grippers and the three
cameras. On the real YAM, the prompt follows the same template with this section.

Robot and frame:
− left_arm and right_arm share one frame. The origin is midway between the two arms' bases, at the
height they are mounted at; +x points forward, +y to the robot's left, +z up.
− left_arm works on the +y side, right_arm on the −y side.

Gripper orientation:
− Both grippers start pointing forward (roll −1.57, pitch 0, yaw 1.57).
− To grasp from above, first turn the gripper to point down: from the start, a roll change of +1.57
points it straight down.
− Pointing down, yaw turns the gripper about the vertical: at yaw 1.57 its fingers sit on its left
and right and pinch along y; at yaw 0 they sit in front and behind and pinch along x.

Cameras:
− head: fixed above the robot, looking forward and down. Up in the image is +x (farther from the
robot), left is +y.
− left_wrist, right_wrist: one on each gripper, looking along its fingers, which show at the left
and right edges of the image. With the gripper pointing straight down at yaw 1.57, up in the image
is +x and left is +y.

Ending:
− The episode ends by itself as soon as the task is done: while observations keep coming, the task
is not done yet.
− Unless the task is to end up holding something, it is done only once both arms are back near the
values they started with.

Answer format:
− Every action lists all four parts with every quantity; write 0 for whatever should not change. For
example, this action only lowers the right gripper by 5 and closes it:
```json
{"left_arm": {"x": 0, "y": 0, "z": 0, "roll": 0, "pitch": 0, "yaw": 0}, "right_arm": {"x": 0, "y":
0, "z": −5, "roll": 0, "pitch": 0, "yaw": 0}, "left_gripper": {"width": 0}, "right_gripper":
{"width": −1}}
```

RoboLab’s ENVIRONMENT section describes the frame of the arm, the gripper and the two cameras.

Robot and frame:
− The arm's frame has its origin at the robot's base, at the height of the table top: +x points
forward, +y to the robot's left, +z up.
− The arm's position is the point between the gripper's finger pads, about 2 above the fingertips.

Gripper:
− Pointing straight down is roll 3.14 (or −3.14) and pitch 0; pointing down, yaw turns the gripper
about the vertical, and at yaw 0 its fingers pinch along y. Yaws 3.14 apart pinch alike, and the
wrist turns a little less than half a turn either way from yaw 0: of two such yaws, turn to the one
nearer 0.
− Open, the fingers are about 8 cm apart. A close lasts until an open: when it left the fingers wide
apart, closing again changes nothing. Closing also draws the gripper back a little along its axis,
so the fingers close where they were.

Cameras:
− over_shoulder: fixed on the robot's left, looking forward and down across the table; +x points
toward the upper left of the image and +y toward its left.
− wrist: on the gripper, behind the fingers and to their right, looking down past them; with the
gripper pointing down at yaw 0, +x points toward the bottom of the image and +y toward its right,
and the spot straight below the fingers lies right of the image centre, and above it while the
gripper is high.

Ending:
− The episode ends by itself as soon as the task is done.
− The task has a time limit, and every action spends some of it.
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