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ABSTRACT

Improvements in multi-modal capabilities have enabled agents to act directly as
robot policies, a setting we refer to as agentic robot control (ARC). We introduce
RoboARCade, a benchmark of long-horizon manipulation tasks across three em-
bodiments designed to test in-context adaptation, memory, and reasoning for pre-
cise control. The tasks build on existing open-source benchmarks, which we make
harder by widening the range of initial conditions. RoboARCade is easy to use
and extend: all tasks run on a single simulation backend, MuJoCo, each task is a
self-contained data pack, and agents connect through interchangeable interfaces,
so new tasks, agents, and interfaces can be added independently. The benchmark
separates leading agents: GPT-6 Astra achieves 49.8% compared with 43.6% for
Claude Fable 5.1, leaving substantial room for improvement. Comparing two inter-
faces, we find that a richer visual interface adds only 1.5 to 6.8 points at 1.7 to 2.3
times the cost. Failures stem mostly from choosing a poor manipulation strategy
or executing a good one imprecisely, rarely from misunderstanding the scene, and
agents incorrectly claim success on 24% to 39% of attempted subtasks. Agents can
also improve without human input: one successful demonstration in context raises
Astra’s score from 53.5% to 73.0% on a five-task subset, and a prompt the agent
writes and revises itself reaches 72.0%. Code, videos and full traces are available
at roboarcade.org.

1 INTRODUCTION

Recently, foundation models (FM) have begun controlling robots through several approaches: train-
ing Vision-Language-Action (VLA) models (Zitkovich et al., 2023; Kim et al., 2025; Black et al.,
2025), integrating models into hierarchical control systems (Ichter et al., 2023; Huang et al., 2023;
Belkhale et al., 2024; Shi et al., 2025; Hu et al., 2026b), and generating executable perception and
control code, as in Code-as-Policies (CaP) (Liang et al., 2023), more recently inside coding-agent
harnesses that write programs (Fu et al., 2026) or computation graphs (Chen et al., 2026a). Frontier
multimodal FMs now allow a fourth approach: the agent observes the world directly through pixels
and controls robots itself with no learned policy or program in between. We refer to this setting as
agentic robot control (ARC).

Evaluations of ARC disagree about how well it works. Commanding end-effector motions directly,
the models in Berman et al. (2026) completed at most 5.5% of LIBERO tasks, or 32% of a ten-task
subset with a cursor tool. Through a 3D visual interface, VIA (Hu et al., 2026a) reached 96.7% on
three LIBERO-Goal tasks. On the 42 tasks of RoboDojo, GPT-6 Astra reached 22.5% (Zhang et al.,
2026). Each study used its own tasks, models, and interface, so these results cannot be compared
with one another. RoboARCade provides a common benchmark built for ARC that is not saturated:
the VIA interface that nearly saturates LIBERO-Goal reaches 43.6% subtask success here.

RoboARCade brings together custom and preexisting tasks and assets in a unified codebase, span-
ning single-arm and bimanual manipulation, assembly, physical puzzles, and high-precision biolab-
inspired procedures. Fig. 1 shows a subset of the task suite. For tasks adapted from prior work, we
increase difficulty by broadening the range of initial conditions and improve visual fidelity through
Blender rendering. All tasks run on a single simulation backend, MuJoCo, and each is a self-
contained data pack, so new tasks, agents, and interfaces can be added independently.
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Figure 1: Representative tasks from RoboARCade. The benchmark includes 22 tasks spanning
single and bimanual manipulation, assembly, physical puzzles, and biolab-inspired procedures. This
figure shows 20 of them. Tasks require combinations of visual understanding, precise control, mem-
ory, and multi-step planning. RoboARCade supports rendering with Blender for high-fidelity visual
observations.

Using this suite, we evaluate two families of frontier agents, Codex and Claude Code, and compare
their performance and efficiency across two control interfaces. The first, multi-view RGBD, provides
color and depth images from multiple cameras and sends end-effector commands directly to the con-
troller. The second, from Visual Interface Agent (VIA) (Hu et al., 2026a), provides an interactive
3D virtual workspace in which agents can adjust a virtual target gripper using visual feedback before
commanding the robot to move. The results reveal substantial differences across agents and inter-
faces: with VIA, GPT-5.6 Sol achieves a success rate of 14.0%, compared with 43.6% for Claude
Fable 5.1 and 49.8% for GPT-6 Astra. For Fable, VIA improves success over multi-view RGBD by
6.8 percentage points but increases the average cost per trial by 67%. Even the strongest combina-
tion, Astra with VIA, succeeds on fewer than half of trials, leaving substantial room for improvement
in both agents and control interfaces. Scene understanding is rarely the obstacle: only 2 to 6% of
attempted subtasks end there. Failures come instead from choosing a poor manipulation strategy or
executing a good one imprecisely. Retries help with both: Astra’s subtask success rises from 34% on
the first try to 50% after five or more. Agents also misjudge their own progress, incorrectly claiming
success on 24% (Astra) to 39% (Claude Opus 5) of attempted subtasks.

We further evaluate in-context learning from successful rollouts and autonomous text-only prompt
optimization on a subset of five tasks. In prompt optimization, agents revise their instructions using
rollout feedback. GPT-6 Astra’s mean rubric score increases from 53.5% to 73.0% with in-context
learning and 72.0% after two rounds of prompt optimization. Despite these gains, precision errors
and incorrect claims of success persist.
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Figure 2: Different settings for robot control with FMs. Hierarchical VLA: a high-level VLM is-
sues language subgoals to a VLA policy. Code-as-Policies: an FM generates a program that controls
the robot through perception and action primitives. The FM is not involved during policy execution.
Agentic robot control (ARC): the FM itself is the policy, observing the scene and issuing controller
targets in a closed loop. This work focuses on the ARC setting.

2 RELATED WORKS

Foundation Models for Robot Control. There are many ways to leverage the general knowledge
of foundation models for robot control. Here, we briefly review the most related ones that turn an
LLM or multimodal VLM into robot control policies to help position our benchmark and findings
against existing ones. Vision-Language-Action (VLA) models are built by fine-tuning large FMs on
large amounts of robot action data to control robots end-to-end (Zitkovich et al., 2023; Kim et al.,
2025; Black et al., 2025). Early hierarchical approaches such as SayCan (Ichter et al., 2023) and
Inner Monologue (Huang et al., 2023) use LLMs to select and sequence low-level robot skills. RT-
H (Belkhale et al., 2024) predicts language descriptions of low-level motions as an intermediate step
between task instructions and robot actions. More recent approaches (Shi et al., 2025; Hu et al.,
2026b) add a high-level VLM for reasoning and long-term planning that issues language commands
to steer a VLA, mimicking the System 1 and System 2 distinction in human cognition (Evans &
Stanovich, 2013). Code-as-Policies (CaP) (Liang et al., 2023; Fu et al., 2026; Chen et al., 2026a)
uses FMs to write code given a task and a rough scene description. In CaP-style approaches, the
robot policy is the generated program, and this policy relies on perception primitives like segment
and action primitives like grasp powered by neural networks or scripted functions. In CaP-X, the
coding FM itself is not involved during execution of each generated program. It generates and revises
programs between execution turns using feedback from the updated scene.

As FMs improve at multimodal understanding and agents become better at using execution feedback
to guide subsequent actions, recent works explore, under different names, a setting where a model
or agent acts as the policy itself to control robots directly (Tsui et al., 2026; Berman et al., 2026; Hu
et al., 2026a; Zhang et al., 2026). We call this setting agentic robot control (ARC). In its naive form,
the agent observes the world directly through pixels and commands the robot by outputting controller
targets, such as end-effector poses and the gripper open-close state for an operational-space controller.
Visual Interface Agent (VIA) (Hu et al., 2026a) defines an interactable visual interface that allows
agents to probe additional information from the scene by mouse-like operations and visually stage
different target poses by operating a virtual target gripper inside a 3D point cloud reconstructed
from RGB-D cameras, with raw camera feeds shown alongside. The interface is a virtual workspace
analogous to a GUI on a computer. We operate in the ARC setting as it is the most straightforward way
to evaluate agents’ ability to control robots without relying on extra perception or action primitives.
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Simulated Robotic Benchmarks. Over the years, many simulated robotic benchmarks have been
proposed to measure progress in robotics. These include established suites such as Meta-World (Yu
et al., 2020) and RLBench (James et al., 2020), more recent suites such as LIBERO (Liu et al., 2023)
and RoboCasa365 (Nasiriany et al., 2026), and specialized benchmarks such as RoboTwin 2.0 (Chen
et al., 2025) for bimanual manipulation and SoftGym (Lin et al., 2021) for deformable object ma-
nipulation. ALFRED (Shridhar et al., 2020) evaluates household instruction following. Embodied-
Bench (Yang et al., 2025b) evaluates multimodal language model agents across household, naviga-
tion, and manipulation tasks, but its manipulation tasks supply the 3D position of every object as
text and cap each episode at 15 steps, whereas RoboARCade requires the agent to localize targets
from its own observations over long horizons. CaP-X (Fu et al., 2026) evaluates FMs using CaP
and scaffolds built around vanilla CaP. In RoboARCade, we focus on the simpler ARC setting. We
evaluate agents both on their ability to complete robot control tasks and on their ability to perform
in-context learning and prompt optimization to improve the task success rate.

Benchmarks for FMs and Agents. Benchmarks also play an important role in the development and
evaluation of FMs and agents. Visual QA benchmarks such as BLINK (Fu et al., 2024) evaluate FMs’
visual perception in images. Video benchmarks evaluate spatial understanding in VSI-Bench (Yang
et al., 2025a), temporal understanding in MVBench (Li et al., 2024) and TempCompass (Liu et al.,
2024), and understanding of longer video sequences in EgoSchema (Mangalam et al., 2023) and
Video-MME (Fu et al., 2025). For 3D scene understanding, ScanQA (Azuma et al., 2022) evaluates
object-grounded question answering in indoor scans, while SQA3D (Ma et al., 2023) evaluates rea-
soning about a scene from an agent’s specified position and orientation. Computer-use benchmarks
evaluate agents’ ability to perform closed-loop control through graphical user interfaces (GUIs), in-
cluding desktop applications in OSWorld (Xie et al., 2024), websites in WebArena (Zhou et al.,
2024) and VisualWebArena (Koh et al., 2024), and mobile applications in AndroidWorld (Rawles
et al., 2025). RoboARCade is a valuable addition to existing agentic benchmarks as its ARC tasks
evaluate agents on the combinations of the aforementioned abilities including 2D and 3D visual un-
derstanding, active perception, long-term planning with visual feedback, and closed-loop control of
robots.

In-Context Learning and Prompt Optimization. Agents’ abilities to follow instructions open
up new ways for them to improve without gradient-based training. In-context learning (ICL) and
reflection-based methods allow agents to condition on prior experiences or examples included in
their input to improve performance (Brown et al., 2020; Shinn et al., 2023; Zhang et al., 2025).
Prompt optimization methods improve the instructions and examples supplied to FMs through tech-
niques such as example bootstrapping, textual feedback, and evolutionary search (Khattab et al.,
2024; Yuksekgonul et al., 2025; Agrawal et al., 2026). In robotics, prior work has explored using
FMs to generate reward functions (Ma et al., 2024) or simulation tasks (Wang et al., 2024) for policy
learning. In RoboARCade, we evaluate how ICL and prompt optimization by the agent itself improve
downstream robot control in the ARC setting without fine-tuning model weights.

3 ROBOARCADE

In this section, we first describe the benchmark infrastructure in Sec. 3.1, then its features in Sec. 3.2,
and finally our evaluation of autonomous improvement in Sec. 3.3.

3.1 BENCHMARK INFRASTRUCTURE

The benchmark has three components: a task suite, a simulation environment, and an agent interface.
For each evaluation, we initialize the selected task and seed in the simulation environment and create
an agent sandbox. The agent cannot access privileged state, such as object poses, from the sandbox.
It acts in the simulator and receives observations through the selected interface.

Simulation Environment. Each task specifies a MuJoCo scene, instructions, robot and camera
configurations, randomized initial conditions, and success predicates. For each trial, we enforce a
timeout budget for each trial. The agent uses a selected interface to observe the scene and command
the robot. Its commands are converted into absolute end-effector poses and then into joint-position
targets for execution in MuJoCo. After each action, persistent Blender workers render high-fidelity
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RGB images. Interactions and videos are recorded for offline analysis, while success predicates
outside the agent sandbox determine rubric scores.

Agent Interfaces. VIA (Hu et al., 2026a) is a browser-based 3D interface with a fused point cloud,
selectable camera views, and a virtual target gripper. The agent uses structured tools to select im-
age locations, adjust the target gripper’s position and orientation, preview reachability, and execute
waypoints. Multi-view RGBD instead provides calibrated color images and aligned, quantized depth
images, together with camera intrinsics, extrinsics, and end-effector proprioception. The agent spec-
ifies Cartesian translation and rotation increments and gripper commands, which execute immedi-
ately and return updated observations. Both interfaces use the same simulation and motion controller.
They differ in how they present spatial information and specify actions.

Agent Sandbox. The agent receives task instructions, interface documentation, camera observations,
and gripper readouts. It cannot access privileged simulator state, task assets, success predicates, or
grading results, and it cannot modify the interface or benchmark files. Network access is limited to
the services needed to use the interface and model provider. These restrictions keep task outcomes
and grading information outside the agent’s view.

Task Curation. We curate 22 tasks spanning precise manipulation, memory, planning, and bi-
manual control. For example, the Shell Game requires tracking objects through swaps, Lights Out
requires planning across 42 buttons, and Strongbox and Pack Tools require completing many sequen-
tial subtasks. Furthermore, we include tasks that test precise placement under tight tolerances. Fig.
1 visualizes a subset of the full benchmark. The benchmark combines assets and tasks from existing
open-source simulation benchmarks in addition to original assets. Exact sources for all assets in tasks
are credited in the Appendix Table 3.

3.2 FEATURES OF ROBOARCADE

Simple design with photorealistic rendering. RoboARCade is built directly on the latest version
of mujoco with no other simulation dependencies, and all task assets are hosted on Hugging Face.
The agent’s camera feeds are rendered in Blender at every waypoint, so the agent sees photorealistic
images. Each task is able to declare its physics backend: rigid tasks run in mujoco, and tasks with
deformable objects can use Project Superdex behind the same agent interface.

Prioritize long-horizon tasks with multiple embodiments. Across our 22 tasks, a rollout runs for
an average of 3,343 simulation steps (about 167 s at 20 Hz), while the average trajectory length is
276 steps for LIBERO-Long, 372 for RoboCasa, 502 for VLABench and 2,972 for RoboCerebra Han
et al. (2025), and RoboDojo’s long-horizon demonstrations average 630 steps at 25 Hz Chen et al.
(2026b). RoboCerebra Han et al. (2025) primarily tests the single Franka Panda embodiment. Our
tasks test the single Franka Panda, bimanual Panda and bimanual YAM embodiments.

Prioritize real-world tasks and easy extension. Half of the tasks are drawn from real settings: wet-
lab procedures (setting up a PCR run, loading an incubator, vortexing a sample), household routines
(tidying a tabletop, making breakfast) and factory assembly (tool packing on conveyor belt). Every
task is a self-contained data pack (scene, objects, language instruction, randomization and success
predicates), so a new task can be easily added.

Significant initial state randomization within tasks. Tasks substantially randomize each object’s
initial placement while allowing the task to remain feasible. They also vary task-specific conditions,
such as the Lights Out board color state and Shell Game random shuffling.

Interface and model agnostic. Interchangeable MCP interfaces let us evaluate the same tasks with
either a visual 3D interface or minimal multi-view RGBD observations. A shared protocol and
grader support comparisons across models and company agent harnesses, including Claude Code
and Codex.

3.3 EVALUATING AUTONOMOUS IMPROVEMENT

In-context success demo (ICL). The agent first reads a successful episode of the same task, including
its tool calls and images. It then attempts the task in the same session. At each action, it briefly
explains how the example informed its choice.
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Model Interface Success (%) Cost ($) Turns/EEF Calls/EEF

GPT-5.6-Sol VIA 14.0 25.05 3.6 3.3
Claude Opus 5 VIA 30.3 60.00† 4.9 5.5

Claude Fable 5.1 Multi-view RGBD 36.8 33.16 1.0 1.7
VIA 43.6 55.50 2.2 7.0

GPT-6-Astra Multi-view RGBD 48.3 13.89 1.3 1.3
VIA 49.8 31.84 2.3 3.0

Table 1: Benchmark on RoboARCade. All metrics are averaged over 22 tasks with 5 seeds each,
over all trials. Success measures completed rubric subtasks. Turns/EEF and Calls/EEF divide a trial’s
model turns (requests to the model, each of which can issue several tool calls) and tool calls by the
number of distinct end-effector (EEF) commands the agent gives the simulator. GPT-6 Astra has the
highest success rate even using a minimal multi-view RGBD interface. †A lower bound: two Opus
trials each lost the usage record of one interrupted response. Success-only metrics, EEF command
counts and wall time per command are in Appendix Table 6.

Multi-round task-specific text prompt optimization (T1, T2). The agent first distills the successful
episode into a text-only harness.md. A fresh session uses this file as part of the prompt instead
of the demonstration (text prompt, round 1, or T1). After each round, the agent revises the file using
the demonstration and graded results from earlier attempts (round 2, or T2). The prompts are in
Appendix A.2.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We first describe the setup that both evaluations share. We evaluate agents because Claude models run
in Claude Code and GPT models run in Codex. All use the highest available reasoning effort (xhigh)
and their runtime’s native context compaction with a custom compaction prompt (Appendix A.2).
An episode ends when the agent declares the task done, or when it exhausts the task’s simulation-step
budget or wall-clock limit. Each task’s rubric defines a sequence of subtasks. After the scene comes
to rest, success at each subtask is determined automatically from the simulator state using the rubric’s
criteria. For example, the PCR plate setup task has four subtasks: precisely placing the plate, closing
the lid, securing the latch, and turning the knob to start the machine. Throughout Sec. 4.2 and Sec.
4.3, we include direct quotes from output transcripts from different agents for how they justify their
actions.

Zero-shot Evaluation. We evaluate the agents GPT-5.6 Sol, Claude Opus 5, Claude Fable 5.1 and
GPT-6 Astra on all 22 tasks, with the same five fixed seeds. Fable and Astra are run with two in-
terfaces: VIA, a visual interface with a 3D point-cloud workspace and a target gripper moved by
waypoint tools, and a multi-view RGBD interface that exposes multi-view RGB, depth and camera
calibration and executes end-effector (EEF) commands immediately.

Autonomous Improvement Evaluation. We evaluate GPT-6 Astra as it performs the best in the
Zero-shot Evaluation and Anthropic has strict rules that trigger reasoning_extraction. We
evaluate five tasks that have at least one full success with 10 seeds each.

4.2 MAIN RESULTS: ZERO-SHOT EVALUATION

To explain failures beyond automatic rubric-based success detection, we classify each attempted
subtask by the first step at which the agent fails: visual understanding (what to do in the scene),
approach (how to accomplish the subtask), or precision (precisely executing the subtask). We first
use position and rotation errors to distinguish approach from precision failures. For example, a beam-
placement attempt within 25 mm and 6◦ of the target but outside the 0.6 mm lateral success tolerance
is provisionally labeled a precision failure. A VLM or human annotator then verifies the approach–
precision boundary and distinguishes visual understanding failures from approach failures.
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Q1: Where in a task do agents fail: visual understanding, approach, or precision? First, as
expected, stronger agents attempt more subtasks. Agents attempt only 62 to 82% of all subtasks
because they run out of budget or stall on an earlier subtask (the red line in Appendix Fig. 4A). Of
the subtasks the agents attempt, visual reasoning is rarely the final failure as only 2 to 6% end with
it (Appendix Fig. 4B). The remaining failures split between approach and precision. Weaker agents
get stuck more often on approach (Sol VIA 46% against 29% on precision), while the stronger agents
get stuck on both about equally (Astra VIA 20% each), and only Fable VIA and Astra RGBD get
stuck more on precision, by about 5 percentage points (pp) (Fig. 3D). Agents often measure these
misses themselves, as in “the gripper is sitting 3-4mm off-center toward the -Y end” (Fable VIA)
and “the tip appears roughly 1.5 cm too high” (Astra VIA). Approach failures are incorrect grasp
or non-prehensile motion plans, which the agent sometimes identifies such as “a vertical approach
cannot reach the edge cup from this arm configuration” (Astra VIA) or “this block can’t be taken
from directly above” (Opus VIA). The interface changes how agents work toward precision: with
VIA, agents make 3.0 to 7.0 tool calls and 2.2 to 4.9 model turns per end-effector command, against
1.3 to 1.7 tool calls and 1.0 to 1.3 model turns with raw RGBD (Table 1). They spend the extra tool
calls and turns inspecting the scene before moving, which also increases the cost.

Q2: Do agents recover from failed attempts? Agents mostly improve on the first retry and mostly
from approach and precision errors (Fig. 3A to C). For Astra VIA, subtask success rises from 34%
within one try to 43% within two and 50% after five or more (Fig. 3A). Recovery depends on if the
failure was visual understanding, approach, or precision (Appendix Table 4). For all agents, a visual
reasoning failure barely improves across retries: from the first to the fifth try, the share of subtasks
with correct visual reasoning rises by at most 1.8 pp (Sol VIA, Fig. 3C). After a precision miss, the
next try succeeds 33% of the time for Astra and 37% for Fable with VIA, but only 26% and 27% with
multi-view RGBD (Appendix Table 4). When agents make successful corrections, they are measured
and small (“the opening appears a few millimeters off the peg along the robot’s x axis,” Astra VIA).
After a wrong approach, Fable VIA recovers most often (26%, Appendix Table 4), and Astra VIA
succeeds at the most attempted subtasks on a later try (22% in Fig. 3D). Sol repeats a wrong approach
on 76% of its retries after one and recovers from it only 2% of the time (Appendix Table 4).

Q3: Do agents know when a subtask is done? Agents do not reliably know when a subtask is done.
Agents incorrectly claim success on 24% (Astra VIA) to 39% (Opus VIA) of attempted subtasks,
either ending the episode or moving to the next subtask before the success criteria are met (Incorrect
Success Claim, Fig. 3D). Even in trials where the part was never placed, agents confidently declare
success: “the pink crossbar is seated over the blue peg...and stable after release” (Astra VIA) and
“the nut is lying flat around the peg base...confirming the task is complete” (Fable VIA). VIA reduces
incorrect claims relative to multiview RGBD by 5 pp for Fable and 4 pp for Astra (Fig. 3D).

Q4: What differs across models and interfaces? Astra is both the strongest and the cheaper model
with either interface: with minimal RGBD it reaches 48.3% success against 36.8% for Fable, and with
VIA 49.8% against 43.6%, at a lower cost per trial in both cases (Table 1). Among the VIA models,
Fable and Astra use similar model turns per EEF command but Astra performs better (Table 1).
Worse agents like Opus and Sol have the lower success rates but the highest model turns (Table 1).
Turning to the interface, VIA increases cost compared to the minimal interface while yielding only
modest gains in task success. The minimal multi-view RGBD interface uses roughly half as many
model turns per end-effector command as VIA and costs less for both agents. VIA increases success
by 6.8 percentage points for Fable and 1.5 points for Astra (Table 1). As discussed in Q3, VIA mainly
helps agents reduce incorrect success claims.

4.3 MAIN RESULTS: AUTONOMOUS IMPROVEMENT EVALUATION

Q5: Does context increase success rates and why? When given a successful episode, the agent
uses it as a task-specific procedure. In the baseline, many failures exhaust the budget after the agent
stalls on an incorrect approach. Adding one successful Astra episode of the same task to context
(ICL) reduces these timeouts and raises the mean rubric score from 53.5% to 73.0% (Table 2). Be-
fore acting, the agent draws on the demonstration’s procedure, noting in the bimanual tasks that “an
isolated inner-left block was a reliable first pickup, and six-centimeter spacing supported the full
chain” and that “the live plate is angled... so I’ll twist the jaws to match it.” Since the initial demo
loading is expensive, we can test how much of a successful demonstration survives distillation into
text. A text prompt written from the same episode (T1) reaches a 62.5% mean rubric score. Revis-
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Figure 3: Failure Breakdown for RoboARCade. A-C: These plots are over all rubric subtasks,
including those the agent never reached, the share succeeded (A), with correct visual reasoning and
approach (B), and with correct visual reasoning (C) within the first N tries at the subtask. Success
requires correct visual reasoning, approach and precision. GPT-6 Astra generally performs best.
More tries mainly improve approach and success. Visual reasoning changes little across agents. D:
This plot breaks down agent behavior on subtasks it attempted. Stronger agents are more likely to
succeed on later tries. When they get stuck, weaker agents fail more on approach, while stronger
agents fail about as often on approach as on precision. Stronger models also make fewer incorrect
success claims, though GPT-6 Astra still incorrectly claims success on 24% of subtasks.

ing it with the graded T1 trials (T2) raises the score to 72.0%, nearly matching the 73.0% of ICL,
but requires additional rollouts (Table 2). Baseline and ICL trial costs are similar: the baseline uses
more end-effector commands (Appendix Table 7), while the demonstration adds upfront cost. T2 is
cheapest per trial because it uses fewer model turns (Appendix Table 7), while avoiding the cost of
loading the full successful episode into context. Another benefit of a text-only prompt is that it can
be written from prior attempts even when no successful demonstration is available. On a task Astra
failed in all five baseline trials, a prompt written from those failures achieves 60% success (Table 2).
Revising it with the five T1 trials raises success to 5 of 5. Cost per trial falls from $48.00 at baseline
to $30.27 with T1 and $27.20 with T2 (Table 2).

Q6: What kind of failures persist? The three main failures are precision errors, incorrect success
claims, and situations outside the demonstration. (i) Precision errors: the two tasks with precise
placement have similar success rates under every method (Appendix Table 8). (ii) Incorrect success
claims: Most remaining failures with ICL and T2 end when the agent incorrectly declares success.
The number is similar across methods, with 12 such trials under ICL, 13 under T2, and 12 at baseline
(Appendix Table 8). (iii) Situations outside the demonstration: when the scene deviates from the
demonstration, the agent must improvise. In one rollout, it reports no similarity to the demonstration:
”None. The blue post remains securely held, but the yellow beam has come loose.”
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Method Success (%) Cost ($) Turns/EEF Calls/EEF

GPT-6-Astra baseline 53.5 27.60 2.5 3.4
In-context success demo (ICL) 73.0 30.55 3.1 4.2
Text prompt, round 1 (T1) 62.5 30.76 3.0 3.3
Text prompt, round 2 (T2) 72.0 22.75 2.3 3.2

No successful episode available
GPT-6-Astra baseline 0.0 48.00 3.6 4.1
Text prompt, round 1 (T1) 60.0 30.27 1.8 4.8
Text prompt, round 2 (T2) 100.0 27.20 3.5 4.3

Table 2: Autonomous improvement on RoboARCade. Top: We evaluate GPT-6-Astra where
metrics are averaged over five partially successful tasks with 10 trials per task and method. ICL
loads a full successful episode before the agent attempts the task and raises the mean rubric score
from 53.5% to 73.0%. A text-only prompt reaches 72.0% after two rounds of revision using graded
rollouts (T2). Bottom: For a task with no successful Astra episode, T1 prompt is written from the
five failed baseline trials and the T2 prompt from those and the five T1 trials, evaluated on 5 fresh
trials each. Although, a small sample size, T2 is able to achieve 100% performance for a task that
had zero full successes. Full metrics are in Appendix Table 7.

5 CONCLUSION

We introduced RoboARCade, a benchmark of 22 long-horizon tabletop manipulation tasks with wide
initial-state randomization and photorealistic rendering. We evaluate agents through two interfaces
in a sandbox that hides privileged state, both zero-shot and after autonomous improvement. Zero-
shot, GPT-6 Astra is the strongest agent with either interface and costs less per trial than Claude Fable
5.1, reaching 49.8% subtask success with VIA and 48.3% with minimal multi-view RGBD. Thus,
as agents continue to improve additional harnesses might be less relevant. Across agents, failures
stem more often from approach, precision, and failure to recognize completion than from visual
misunderstanding. Retries recover approach and precision but even stronger models still incorrectly
claims success on attempted subtasks (Astra at 24%). Agents can also improve themselves without
human input: one successful episode in context raises Astra’s mean rubric score from 53.5% to
73.0%, a text prompt the agent distills from that episode and revises with graded rollouts reaches
72.0% at lower cost, and a prompt written from failed attempts alone can improve a task’s success
rate. What context does not fix is precision, incorrect success claims, and situations the demonstration
did not cover. This benchmark analyzes the failure cases of state-of-the-art agents on simulated tasks,
and it takes a first step toward benchmarking autonomous improvement for agentic robotic control.

Limitations: Constrained to practical cost considerations, we selected a set of tasks and five seeds
to evaluate. For both the zero-shot and autonomous improvement evaluations, we plan to run more
seeds and expand the task set to include mobile manipulation and dexterous manipulation with robot
hands. Also, the existing interface only allow for single EEF commands and these tasks are mostly
quasi-static but it would be exciting to explore interfaces with full EEF trajectories to accomplish
more dynamic tasks.
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AI USE STATEMENT

We primarily used generative AI tools for writing and editing, literature assistance, creating and
modifying figures, and coding assistance. LLM-generated code sections were verified and tested for
correctness by one to two authors. Figures made with AI tools were iterated on by multiple authors.
The authors used AI for editing sections which were first formulated and outlined then edited with
AI. The authors themselves designed the method and experiments. We take responsibility for the
final content of this work, including all AI-assisted text, code, and figures.

REPRODUCIBILITY STATEMENT

The paper specifies the necessary details to rerun our experiments, and we have used only publicly
accessible models and environments in our work. Exact reproduction of the rollouts is impossible
due to the non-deterministic nature of large foundation model inference via API calls, but the general
trends and aggregated behavior across seeds can be reproduced. We will release the benchmark code
and evaluation scripts to support reproduction of our results.
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A APPENDIX

A.1 TASK SOURCES AND ASSET CREDITS

Table 3 lists, for each of the 22 tasks, the benchmark its scene and objects come from, the embodiment
it runs on, and the paper and code we credit. Every task was rebuilt as a RoboARCade data pack
(scene, language instruction, initial-state randomization and success predicates), so the instructions,
the randomization ranges and the rubrics are ours even where the assets are not. The Franka Panda
models come from MuJoCo Menagerie (Zakka et al., 2022) and the bimanual YAM arms from I2RT
(https://github.com/i2rt-robotics/i2rt), also via Menagerie.

Source Tasks Robot Assets and code

AutoBio
(Lan et al., 2026)

PCR setup, Start incubation,
Vortex sample

Panda Digitized lab instruments and
consumables from AutoBio
https://github.com/
autobio-bench/AutoBio

Fabrica
(Tian et al.,
2025)

Beam, Cooling manifold,
Gamepad, Stool

Panda Multi-part assembly CAD models from
Fabrica
https://github.com/
yunshengtian/Fabrica

LIBERO
(Liu et al., 2023)

Serve warm drinks, Start making
breakfast, Tidy counter

Panda Kitchen scenes and objects from
LIBERO
https:
//github.com/Lifelong-
Robot-Learning/LIBERO

OGBench
(Park et al.,
2025)

Lights Out (6 by 7) Panda The puzzle-4x6 button board of
OGBench, extended to 6 by 7,
https://github.com/
seohongpark/ogbench

SPD Toss bottles in bin, Cup pyramid,
Handover dominos, Jenga tower,
Hang mugs and rack plates

Bimanual
YAM

Bimanual VR teleoperation scenes and
objects from SPD
https://spd.bot

RoboDojo
(Chen et al.,
2026b)

Strongbox, Organize table and
plug in charger, Pack tools into
toolboxes, Sort Lego bricks

Bimanual
Panda;
bimanual
YAM for
Strongbox
and Sort
Lego

Task objects from RoboDojo
https:
//github.com/RoboDojo-
Benchmark/RoboDojo and the
Lego bricks from
https://abc.bot

robomimic
(Mandlekar
et al., 2021)

Square nut assembly Panda The nut assembly scene of
robosuite (Zhu et al., 2020),
https://github.com/ARISE-
Initiative/robomimic

Ours Shell game Panda Designed for RoboARCade: buttons
that trigger the shuffles, the cups, and
the rainbow (ROYGBIV) blocks

Table 3: Task sources and asset credits. The benchmark, paper and repository each of the 22 tasks
draws its scene and objects from, and the embodiment it runs on.

A.2 PROMPTS

Every agent receives the interface guide of its interface as its system prompt (Claude Code as an
appended system prompt, Codex as AGENTS.md) and the task prompt below as its first user mes-
sage. Context compaction uses the runtime’s native summarizer with the pre-compaction prompt
appended. The in-context arm (ICL) reads the recorded episode through an evidence reader tool
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before the task prompt, and the text prompt arms (T1, T2) replace the episode with a harness.md
written by the optimizer prompts.

A.2.1 TASK PROMPT
Control the simulated robot arm to complete the following task.

Task: <the task's language instruction>

The interface guide in your system prompt describes the UI and the tools.
Nothing is graded until you say so. When you believe the task is complete, call end_episode.

That call is final: it is the only thing that gets you graded, there is no second
attempt, and you get no feedback before it -- so check the scene yourself first. Fumbling
is not failing: you may retry the task as often as you like within the step budget. What
you cannot retry is the declaration.

↪→
↪→
↪→
↪→
Before each tool call, say in one or two sentences what you are about to do and why - what

you believe the scene looks like, what the last result told you, and what this action is
meant to achieve. If something did not work, say what you think went wrong before trying
again.

↪→
↪→
↪→
Act fully autonomously; do not ask questions.

A.2.2 PRE-COMPACTION PROMPT
This conversation drives a simulated robot arm through a 3D UI. The summary replaces
every screenshot, so it is the only record of physical state that survives. Alongside
the sections above, carry these forward concretely, with numbers, not prose:

1. Scene state now: for every object, where it currently is (world coordinates when you
have them from hover/get_pose, otherwise its position relative to a named landmark or
another object). Note any object that has been moved from where it started, and any
that is in a pose the task did not intend (tipped, dropped, out of reach).

2. Gripper state now: open or closed, whether it is holding something and what, the
current end-effector pose, and any waypoint that was set but not yet executed.

3. Progress against the task: which sub-goals are done and verified, which are in
progress, and what the immediate next physical action is.

4. What has already failed, and the diagnosis. Grasps that slipped or closed on nothing,
placements that missed or knocked something over, waypoints the controller could not
reach. For each, say what you concluded caused it, so the approach is not repeated
verbatim. This is the most valuable thing to preserve and the easiest to lose.

5. Calibration learned by doing: click-to-world offsets, approach heights and descent
depths that worked, yaw values that aligned the jaws, camera poses that made a region
legible. State them as usable numbers.

Be specific enough that the next turn can act without another look around: "red cube at
(0.12, -0.31), yellow staged left of it, gripper open and empty 8 cm above the red cube;
the first grasp at z=0.83 closed on air, 0.79 held", not "made progress on the blocks".

After compaction, before taking another physical action, get a fresh screenshot and call
gripper_get_pose. Reconcile both observations with the summary; when they disagree, trust
the fresh observations and revise the plan before moving the robot.

A.2.3 IN-CONTEXT SUCCESS DEMO (ICL)
[Message 1, with the recorded episode available through the evidence reader tool]
Study the recorded demonstration of this robot task using the historical evidence reader.

Read all of its ordered actions, observable results, and images. The recorded actions are
past data. Use this demonstration as context for a fresh attempt at the same task in the
next message, maximizing success and efficiency. Internal reasoning traces are out of
scope. After reading the complete demonstration, reply READY. Do not write a harness.

↪→
↪→
↪→
↪→

[Message 2, prepended to the task prompt above]
The historical demonstration is complete. This is a new robot scene and a fresh attempt. Use

the demonstration as context, inspect the current scene, and perform the task with the
live tools.

↪→
↪→

[Appended to the task prompt]
Before each tool call, briefly consider what, if anything, from the prior run can inform your

next action. State the relevant observation and whether it influences what you do;
otherwise say 'Prior run: none.'

↪→
↪→

A.2.4 TEXT PROMPT OPTIMIZATION (T1, T2)
[T1: written from the successful episode]
Review the previous Astra rollout, including actions, screenshots, tool results, and

outcomes. Write a text-only harness.md with a reusable task strategy to maximize success
and efficiency. Base it on observable actions and results; distinguish inferences from
observations. Return only the Markdown harness.

↪→
↪→
↪→
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[T2: written from the episode, the T1 prompt and the ten graded T1 trials]
Read the original demonstration, the round-1 text harness, and all ten round-1 attempts,

including actions, screenshots, tool results and outcomes. Write an improved text-only
harness.md with a reusable strategy to maximize success and efficiency on fresh attempts.
Base it on observable actions and results; distinguish inferences from observations.
Return only the Markdown harness.

↪→
↪→
↪→
↪→

[Gamepad, no successful episode: T1 from the five failed baseline trials, T2 from those and
the five T1 trials]↪→

Read every attempt available through the evidence reader, including actions, screenshots,
tool results, successes, and failures. Write a text-only harness.md with a reusable task
strategy to maximize success and efficiency on fresh attempts. Base it on observable
actions and results; distinguish inferences from observations. Return only the Markdown
harness.

↪→
↪→
↪→
↪→

A.2.5 VIA INTERFACE GUIDE
# Robot Control Guide (via-cam interface)

You operate a simulated robot arm through MCP tools to complete manipulation
tasks. You control the robot via a 3D browser GUI, similar to 3D design
software or a 3D game.

## General Information

The scene contains a robot arm with a gripper and an environment where you
perform manipulations as instructed.

You control the robot by setting and executing a sequence of "waypoints":
* There is a blue virtual gripper in the scene, called the "target gripper".
You manipulate this target gripper via tools to set a "waypoint".

* Repeat the following to complete a task, one waypoint at a time:
* Set: move the target gripper to a desired pose (waypoint) via the tools.
* Execute: a controller brings the real gripper to the target gripper via a
linear interpolation while obeying physical constraints.

* Check: after the waypoint is reached, the tool returns an image showing
the updated UI (outcome). Decide the next pose based on the outcome. If
the outcome isn't what you intended, diagnose why it failed and retry that
step or any earlier one that caused it.

For example, to pick up a cube: move the gripper above it, descend until the
cube sits between the fingers, close, then lift. Each step is one waypoint
that you set and then execute before moving on to the next.

* gripper_home sets the target gripper to the arm's start pose; execute it like any other
waypoint. When the target is green the controller drives a straight line there. When it
is red no straight path exists from the current posture, but executing it still works:
the controller moves the joints directly to the start posture, which can sweep the arm
through whatever is in the way, so move clear of objects first. Use it when every target
you try is red; it always succeeds.

↪→
↪→
↪→
↪→
↪→

### Dual-arm tasks

Some tasks have **two** robot arms (e.g. a lift-and-handover): a *move* arm and
a *hold* arm, each with its own blue target gripper. The gripper tools take an
optional `arm` argument giving the name of the arm to command; it defaults to
the move arm, so single-arm tasks and move-arm actions need not set it. Naming
an arm both selects that arm's blue target gripper (so `gripper_get_pose`,
`gripper_translate`, `execute_waypoint`, etc. act on it) and routes the executed
waypoint to that arm. Plan each arm's waypoints separately, one arm at a time;
commanding one arm leaves the other where it is. Use `gripper_get_pose` with the
`arm` argument to read either arm's current pose.

## Tips

### Decomposition and Planning
* Decompose the task into **small subtasks** by breaking the goal into a short
sequence of simple stages.

* Prefer closed-loop control over open-loop. Adjust the plan as you observe
the outcome of previous waypoints.

* Give `gripper_toggle` its own `execute_waypoint` cycle. Do NOT combine it
with another pose change (translate/rotate/advance...) in one waypoint.
Moving and toggling the gripper at the same time could be unpredictable.

* Be careful of collisions when making plans for how the end effector
should move, especially when holding objects, because the held object extends
beyond the fingers.

* Keep consecutive waypoints close together. The controller drives a straight
line from one pose to the next and does NOT check for collisions along the
way, so a large jump can sweep the arm, or whatever it is holding, through
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objects in the scene. Prefer several short waypoints that steer around
obstacles over one long one, and avoid combining a big translation with a
big rotation in a single waypoint.

### Precision
* Be precise with `gripper_teleport_via_click`; it is the best way to set a
good initial position.
- The clicked point lands on the gripper's approach axis, so a precise click
will make future approaching easy.

- Use `hover` to double-check whether the predicted (u,v) would land where
you intend to click.

* Placing an object onto another object is a precision-sensitive task. First
reason about where the held object should land, and then reason about where
to set the target gripper, accounting for the relation between the gripper
and the held object.

* Always check the visual from the point cloud or the camera feeds. Do NOT
solely rely on the coordinates from `hover`. When necessary, make fine
adjustments with translate, rotate, advance_or_retreat, and similar
operations.

* The target gripper renders RED when the controller cannot REACH its current
pose. The sidebar's "controller error here: X mm / Y deg" readout shows the
expected miss. This is a reachability warning ONLY: it never indicates
collision or contact. Fingers touching, pressing, or visually intersecting
an object is normal during a grasp and needs no fixing. Respond to red by
moving the target somewhere reachable. The one exception is the home target from

gripper_home, which can always be executed. Do not respond by opening or lifting out of
a good grasp.

↪→
↪→

### Viewing and Camera Movement
* Two camera feeds on the left
- They provide raw camera images from 3rd-person view and wrist view.
- You are NOT limited to these two vantages: `camera_views` shows the scene
from all 10 cameras at once, and `camera_feed_select` can point the
3rd-person panel at any of them (see "Extra camera views" below).

- The 3rd-person view is good for understanding the scene and disambiguating
objects.

- The wrist view is good for close-up analysis and fine adjustments.
- `gripper_teleport_via_click` also accepts clicking on a camera feed.
Sometimes this could be more convenient than clicking on the point cloud.

* The 3D point cloud on the right
- This is the main workspace. It constructs the 3D scene from multiple depth
cameras.

- The initial view (resettable via `camera_reset`) is framed to be good for
most operations. It is a good default so prefer working in it.

- A pure top-down view (elevation >= 80) may not be as useful as you think,
because the gripper and robot arm may block most of the workspace.

- Sideview (orbit by changing azimuth +/- 30~45) or frontview (elevation
~ 10) could be very helpful if object-gripper or object-object relation is
hard to interpret in the default view.

- Move the camera gently, and reset to the initial view via `camera_reset`
to recover from a failed camera operation.

### Extra camera views (via-cam)
* `camera_views` overlays live renderings of EVERY selectable camera over the
big point-cloud panel: the default agentview, the 3-camera ring the point
cloud is fused from (view k looks inward from azimuth 90+k*120 deg: ring0 from
+y right, ring1 behind-left, ring2 front-right), a straight-down birdseye, a
`zoomed_birdseye` from half the height (2x detail on the workspace center),
an `eyelevel` view looking near-horizontally across the table, and a `farside`
station just past the far (+y) edge of the workspace, a hand's width above the
surface, looking back across it. The wrist keeps its own panel and no tile.
Survey it whenever the current views leave something occluded or ambiguous.

* `camera_feed_select(view=...)` switches the 3rd-person panel to any of those
cameras, sticky until changed; clicks on the feed then project through the
selected camera, so `gripper_teleport_via_click` keeps working. The birdseye
(top of image = robot's side, right = +y) is the best vantage for xy
alignment; a ring view facing an occlusion resolves it. `view='agentview'`
restores the default.

* `camera_raw(view=...)` returns ONE camera's frame at native render fidelity --
no UI tiles, overlays, or browser rescaling. Views: `agentview`, `wrist`,
`ring0`..`ring2`, `birdseye`, `zoomed_birdseye`, `eyelevel`, `farside`. Reach for it when a
screenshot's small tiles aren't enough: fine alignment checks, small or
partially occluded objects, texture/text a composited view blurs.
`camera_raw(view='zoomed_birdseye')` is the sharpest xy-alignment read
available. Use it before and after fine placement/insertion waypoints.
Every camera renders at 448x448.

* `eyelevel` and `farside` are the views that show HEIGHT directly. Every other camera
looks down, where "5 cm above the table" and "resting on it" differ by a few
pixels of size; edge-on they are unmistakable. Check it before a descent you
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are unsure of, and to confirm a lift actually cleared the surface.
* Feeds refresh after every `execute_waypoint`, like the other panels.

### Common failures
* Grasping too high is a common failure. Descend deep so that the fingers and
the object to hold have enough contact surface.

## Episode protocol

* `execute_waypoint` reports EPISODE OVER when the episode ends (goal reached or
step budget spent). Stop; every further tool call returns the same line.

* Nothing is graded until you declare. `end_episode` is how you submit: it is
the only thing that gets you graded, it is FINAL, and there is no feedback
before it. Check the scene yourself first.

* The episode does NOT end on its own when the task is achieved. It runs until
you declare or the step budget is spent. If an attempt fails (dropped object,
toppled stack), diagnose and retry; fumbling is not failing. What you cannot
retry is the declaration.

A.2.6 MULTI-VIEW RGBD INTERFACE GUIDE
# RGB-D waypoint control
Operate the single Panda arm or the two YAM arms using only the seven registered tools. Call

observe first.↪→

observe() defaults to agentview and all wrist cameras. It returns each camera's224x224 RGB
image and aligned grayscale depth PNG, with intrinsics K and T_robot_from_camera.
Separate mode places labels immediately before images. Tiled mode sends one PNG
containing the same224x224 panels, with explicit panel xywh coordinates. Intrinsics
always refer to individual panels; subtract a panel offset before interpreting its
pixels. The selected views persist for action feedback. camera_views surveys all cameras
at224x224 RGB; camera_raw returns one native RGB image (normally448x448) for details.
Neither changes the selection.

↪→
↪→
↪→
↪→
↪→
↪→
↪→

Camera coordinates are X right,Y down,Z forward. Depth is optical-axis Z in metres, not ray
distance. Depth PNG code0 means invalid or outside0.05..3.0m; valid codes1..255 map to
z=0.05+(code-1)*2.95/254. Darker valid pixels are nearer. This is quantized visual depth,
not an exact depth oracle. Black invalid pixels are not zero-distance surfaces. No
per-frame normalization. K matches the returned image, with top-left pixel center(0,0).
T_robot_from_camera maps camera points to the same coordinate frame as
get_proprio/set_pose (RoboCUA simulator world metres). Wrist extrinsics change with the
arm. Calibration and images share frame_id.

↪→
↪→
↪→
↪→
↪→
↪→
↪→

On two-arm tasks, every get_proprio, set_pose and set_gripper call requires arm="left" or
arm="right". These sides match the default scene view (right blue, left orange);
observation metadata maps sides to robot arm names and wrist cameras. Both arms use the
same simulator world coordinate frame, not separate base frames. For example,
set_pose(arm="right", d_z=0.01) lifts the right arm by 1 cm from its actual pose. The
other arm keeps its existing controller command; physical contact may still move it.
Actions execute one at a time and wait for completion; alternate arms for handoffs. Omit
arm on single-arm tasks.

↪→
↪→
↪→
↪→
↪→
↪→
↪→

get_proprio reports actual fingertip-midpoint position, orientation, and the commanded
open/closed state, not measured jaw width or grasp success. set_pose immediately executes
translations in metres and rotations in degrees around fixed robot axes, pivoting at the
fingertip midpoint. Omitted deltas are zero. Rotations compose onto the current rotation;
they are not additions to Euler readouts. set_gripper separately opens/closes. Your
existing controller handles interpolation and contact; blocked moves may stop short. Each
action returns actual pose/displacement plus fresh selected RGB-D views. Inspect feedback
and correct incrementally.

↪→
↪→
↪→
↪→
↪→
↪→
↪→

There is no target preview, hover, point-cloud screenshot, camera-motion tool or separate
execute action. Use native camera_raw only when224px images lack needed detail. Reuse
useful observation views rather than repeatedly requesting every camera. End with
end_episode when finished. Stop on EPISODE OVER; no grading feedback is available.

↪→
↪→
↪→
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A.3 WHERE A RETRY LANDS

Table 4 follows each retry to the outcome of the next try, grouped by why the previous try failed. It
supports the recovery analysis in Q2.

Previous try failed by, then next try Sol VIA Opus VIA Fable RGBD Fable VIA Astra RGBD Astra VIA

After a precision miss (share of retries) 50% 50% 52% 57% 52% 55%
then done 9% 12% 27% 37% 26% 33%
then precision miss 66% 67% 56% 46% 52% 50%
then wrong approach 21% 21% 15% 17% 21% 16%
then wrong object 4% 0% 2% 0% 2% 1%

After a wrong approach (share of retries) 42% 44% 40% 36% 43% 41%
then done 2% 15% 14% 26% 24% 22%
then precision miss 10% 25% 35% 31% 33% 25%
then wrong approach 76% 54% 47% 38% 43% 48%
then wrong object 12% 5% 4% 6% 1% 4%

After a wrong object (share of retries) 8% 5% 8% 8% 5% 4%
then done 0% 0% 0% 0% 0% 0%
then precision miss 0% 0% 0% 33% 33% 10%
then wrong approach 72% 25% 67% 33% 37% 32%
then wrong object 28% 75% 33% 33% 30% 58%

Table 4: Where a retry lands. Each retry is a try at a subtask that follows a failed try at the same
subtask, grouped by why the previous try failed. For each group, the share of retries that ended done,
in a precision miss, in a wrong approach or on the wrong object. Shares are computed per task, then
averaged over tasks. After a wrong object, only 5 to 14 retries per model exist, so those shares are
noisy.

A.4 SUBTASK VERIFICATION

Table 5 counts the decisions where an agent can be wrong about a subtask being done: ending the
episode believing the task is complete, and moving on from a named single-object subtask to another
subtask. It supports the analysis in Q3.

Sol VIA Opus VIA Fable RGBD Fable VIA Astra RGBD Astra VIA

Ended the episode believing it
was done, but not solved

15/24 (63%) 34/57 (60%) 24/53 (45%) 26/64 (41%) 25/66 (38%) 20/60 (33%)

Left a named single-object sub-
task undone for another subtask

58/77 (75%) 37/73 (51%) 56/95 (59%) 24/75 (32%) 70/118 (59%) 50/105 (48%)

Ended the episode saying it could
not do it (not counted)

6 6 4 4 6 1

Subtask verification accuracy 27.7% 45.4% 45.9% 64.0% 48.4% 57.6%

Table 5: Subtask verification. Wrong decisions over all decisions of each kind. Subtask verification
accuracy is the share of right decisions over both kinds together. Budget cut-offs and episodes the
agent ended saying it could not finish are left out, since they claim nothing.
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A.5 ZERO-SHOT EVALUATION, ALL METRICS

Success only trials

Model Interface Success (%) Cost ($) EEF cmds Turns/EEF Calls/EEF Wall/EEF (min)

GPT-5.6-Sol VIA 14.0 16.08 113 2.4 2.4 0.43
Claude Opus 5 VIA 30.3 37.70 75 4.4 4.7 1.40

Claude Fable 5.1 Multi-view RGBD 36.8 15.63 93 1.1 1.6 0.79
VIA 43.6 31.30 70 2.0 5.5 1.41

GPT-6-Astra Multi-view RGBD 48.3 7.56 65 1.3 1.4 0.43
VIA 49.8 19.55 75 2.3 2.9 0.57

All trials

Model Interface Cost ($) EEF cmds Turns/EEF Calls/EEF Wall/EEF (min)

GPT-5.6-Sol VIA 25.05 130 3.6 3.3 0.88
Claude Opus 5 VIA 60.00† 95 4.9 5.5 2.04

Claude Fable 5.1 Multi-view RGBD 33.16 116 1.0 1.7 1.12
VIA 55.50 88 2.2 7.0 1.96

GPT-6-Astra Multi-view RGBD 13.89 95 1.3 1.3 0.46
VIA 31.84 105 2.3 3.0 0.69

Table 6: Zero-shot evaluation, all metrics. The agents and interfaces of Table 1 with success-only
and all-trial metrics, averaged over 22 tasks with 5 seeds each. “Success only” excludes trials with any
failed subtasks. EEF cmds counts the distinct end-effector commands the agent gives the simulator;
Turns/EEF, Calls/EEF and Wall/EEF divide a trial’s model turns (requests to the model, each of
which can issue several tool calls), tool calls and wall time (excluding offline Blender rendering) by
that count. †A lower bound, as in Table 1.

A.6 AUTONOMOUS IMPROVEMENT, ALL METRICS

Success only trials

Method Success (%) Cost ($) EEF cmds Turns/EEF Calls/EEF Wall/EEF (min)

GPT-6-Astra baseline 53.5 17.81 66 2.5 3.5 0.62
In-context success demo (ICL) 73.0 26.91 52 3.3 4.4 0.60
Text prompt, round 1 (T1) 62.5 27.76 68 3.1 3.4 0.67
Text prompt, round 2 (T2) 72.0 20.18 73 2.3 3.2 0.54

All trials

Method Cost ($) EEF cmds Turns/EEF Calls/EEF Wall/EEF (min)

GPT-6-Astra baseline 27.60 85 2.5 3.4 0.64
In-context success demo (ICL) 30.55 64 3.1 4.2 0.62
Text prompt, round 1 (T1) 30.76 75 3.0 3.3 0.66
Text prompt, round 2 (T2) 22.75 79 2.3 3.2 0.54

Table 7: Autonomous improvement, all metrics. The arms of Table 2 with success-only and all-trial
metrics. EEF cmds counts the end-effector commands the simulator executed; Turns/EEF, Calls/EEF
and Wall/EEF divide a trial’s model turns, tool calls and wall time (excluding offline Blender ren-
dering) by that count.

21



Preprint

A.7 AUTONOMOUS IMPROVEMENT BY TASK

Task Baseline ICL T1 T2

Beam 5 / 2 8 / 1 8 / 1 9 / 0
PCR setup 5 / 2 8 / 0 5 / 1 5 / 0
Cup pyramid 3 / 7 5 / 4 5 / 3 7 / 3
Stool 3 / 2 4 / 1 3 / 0 4 / 1
Handover dominos 3 / 6 7 / 0 5 / 4 7 / 1

All (of 50) 19 / 19 32 / 6 26 / 9 32 / 5
failures ended by a success claim 12/31 (39%) 12/18 (67%) 15/24 (63%) 13/18 (72%)

Gamepad (of 5, no successful
episode)

0 / 3 – 3 / 2 5 / 0

failures ended by a success claim 2/5 (40%) – 0/2 (0%) –

Table 8: Autonomous improvement by task. Trials solved / trials that exhausted their simulation-
step or wall-clock budget, out of 10 per task and 50 in total. Failures not ended by the budget were
ended by the agent itself, declaring the task done: the “success claim” rows give their number and
share of that arm’s failures. Gamepad, run separately with 5 trials per arm and no ICL arm, has no
successful Astra episode: its prompts are written from failed attempts.

22



Preprint

A.8 SUBTASK LEVELS AS STACKED BARS

N = 1 N = 2 N = 3 N = 4 N = 5+
within N tries

0

25

50

75

100

Al
l S

ub
ta

sk
s 

(%
)

A Correct Visual Reasoning Correct Visual Reasoning + Approach Complete Subtasks attempted

First Try Later
Try

Stuck at Failed
Visual

Reasoning

Stuck at
Failed

Approach

Stuck at
Failed

Precision

Incorrect
Success Claim

0

25

50

75

100

At
te

m
pt

ed
 S

ub
ta

sk
s 

(%
)

12
7 6

46

29 33
22

13
6

31 28

39

28
18

5

25 24
3236

19

5

18
22

28
37

20

4

17
22

28
37

22

2

20 20
24

Subtask success Subtask failed

B

GPT-5.6-Sol (VIA)
Claude Opus 5 (VIA)

Claude Fable 5.1 (RGBD)
Claude Fable 5.1 (VIA)

GPT-6-Astra (RGBD)
GPT-6-Astra (VIA)

Figure 4: Top: This plot includes all rubric subtasks, even those the agent never reached. It shows the
share with correct visual reasoning, the share with both correct visual reasoning and approach, and
the share succeeded (i.e. correct visual understanding + approach + precision) in at least one of the
first N tries, so every level grows with N . GPT-6 Astra generally performs best. More tries mainly
improve likelihood of correct approach and success. Visual reasoning changes little. Bottom: This
plot breaks down agent behavior on subtasks it attempted. Stronger models succeed at more subtasks
on the first try or through monotonic progress, without reverting to an incorrect approach after finding
the right one. When they get stuck, visual reasoning errors are rare (2 to 6%), and approach errors are
as common as or more common than precision errors for four of the six agents. Stronger models also
make fewer incorrect success claims, though GPT-6 Astra still claims success on 24% of subtasks it
did not succeed at.
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