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Abstract

Embodied agents are increasingly built as systems around foundation models,
where performance depends not only on model weights but also on the skills,
context, action interfaces, and execution harness surrounding the model. While
supervised fine-tuning and reinforcement learning can adapt agents to new environ-
ments, they require additional data, rewards, and training runs; meanwhile, many
train-free code-centric approaches rely on programmable robot APIs that may
be unavailable in fixed-interface settings. We propose SHAPER, a self-evolving
framework for train-free embodied adaptation that keeps model parameters frozen
and improves the non-parametric agent system by evolving reusable skills and a
context-code harness through target-environment rollouts. In SHAPER, the same
frozen model can serve as both planner and optimizer, refining its external skills
and context code harness without parameter updates. We evaluate SHAPER on
VLABench and ESI-Bench, covering embodied agents with different low-level
action interfaces, and compare against pure execution, supervised fine-tuning, and
test-time-scaling baselines such as verifier-free selection and voting. Our results
suggest that skill-and-harness optimization is a practical route to self-evolving
embodied agents when model training is expensive, unavailable, or undesirable.

1 Introduction

Embodied Al is increasingly moving from isolated policy models toward agent systems. Recent
vision-language-action models and multimodal foundation models have shown that large pretrained
models can perceive scenes, interpret instructions, reason over objects and spatial relations, and act in
simulated or physical environments [Kim et al.[[2025]], Black et al.[[2024] 2025]}, |Physical Intelligence
et al.| [2026]], NVIDIA et al.| [2025]], |Gemini Robotics Team et al.| [2025]], [Yuan et al.|[2026]. At
the same time, work on agent scaffolds, agent-computer interfaces, harness optimization, and robot
skill discovery shows that an agent’s behavior is not determined by the model alone [Yang et al.
[2024], |Chen et al.| [2026]], Pan et al. [20264a], |Lee et al.|[2026], Lou et al. [2026]], Ju et al. [2026]],
Lu et al.|[2026]. A deployed embodied agent is shaped by model-external components, including
reusable skills, context construction, action interfaces, output parsing, and execution wrappers. These
non-parametric choices are especially consequential in embodied settings, where an agent must act
through constrained action interfaces under partial visual feedback.

A common approach to adapt embodied agents is still to update model parameters. Supervised
Fine-Tuning (SFT) and Reinforcement-Learning (RL) post-training can improve embodied perfor-
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Figure 1: SHAPER adapts frozen embodied agents by evolving skills and harnesses from a few
rollouts.

mance |[Open X-Embodiment Collaboration et al.|[2023|], [Khazatsky et al.|[2024]],\Guo et al.|[2025]],
Lu et al.[[2025]], |Pan et al.| [2026b]], Physical Intelligence et al.|[2025]], but require access to model
weights, task-specific demonstrations or rewards, and additional optimization. These requirements
limit adaptation when model weights are unavailable or interaction data are scarce. This motivates a
complementary question: how can a strong frozen embodied agent be adapted to a target environment
without parameter updates?

Train-free embodied adaptation offers a different path. Recent agentic robotics systems show that
procedural knowledge can live outside the model: language models can write robot programs, revise
failed executions, and accumulate reusable skills without directly changing neural weights|Ahn et al.
[2022]], |Liang et al.| [2023]], Huang et al.| [2023]],[Wang et al.| [2023], Ju et al.| [2026]], [Lu et al.| [2026].
However, much of this progress treats executable code as the action substrate. The agent improves by
generating or repairing programs that call robot-specific APIs Liang et al.[[2023]], Lu et al.|[2026]],
which is powerful when such APIs, debugging hooks, and execution monitors are available. In many
embodied environments, these interfaces may be absent, incomplete, or difficult to expose, and the
agent may instead have to act through a fixed or restricted action space. This leaves open how to
systematically adapt embodied agents by improving the planner-side procedural guidance and context
that shape behavior, rather than by synthesizing low-level control programs.

As illustrated in Figure[I] we propose SHAPER, a self-evolving framework for train-free embodied
adaptation. The key distinction is what adaptation changes. SFT and RL turn demonstrations or
rewards into updates to model weights through backpropagation; SHAPER instead turns a small set
of target-environment trajectories and outcomes into revisions of reusable skills and a context-code
harness, while keeping the planner and executor weights frozen. Here, a skill is a piece of procedural
guidance that may be written as natural language, an action recipe, a failure-recovery rule, or a
task-decomposition strategy. The context-code harness determines which observations, prior actions,
execution outcomes, and feedback are presented to the planner and how they are organized. We reuse
the same frozen VLM checkpoint in two distinct roles. During environment interaction, it acts as the
upper-level planner. During evolution, it is prompted separately as an artifact optimizer that revises
the textual skill and context-code harness from summarized rollout feedback. The two roles share
model weights but use different prompts and inputs. Thus, the agent evolves its external skills and
context construction while keeping its model parameters fixed.

We evaluate SHAPER across embodied environments with different low-level action interfaces. In
VLABench [Zhang et al.|[2024], the upper-level VLM agent is connected to the environment through
a VLA actor that serves as a low-level execution tool. In ESI-Bench |Hong et al.|[2026], the same
agentic formulation acts through the benchmark’s environment action interface. Across these settings,
we compare against pure execution, same-data SFT, and Test-Time-Scaling (TTS) baselines such
as verifier-free selection and trajectory voting |Jang et al.| [2025]], ILin et al.| [2025]. Our results aim
to show that evolving skills and harnesses is a practical way to improve embodied agents when
parameter updates are expensive, unavailable, or undesirable.



This paper makes three contributions: (1) we formulate train-free embodied adaptation as non-
parametric optimization of an embodied agent system, where reusable skills and context-code
harnesses are optimized around a frozen model; (2) we introduce SHAPER, a self-evolving framework
that improves an embodied agent by evolving textual skills and a context-code harness through target-
environment rollouts, without updating model parameters; and (3) we evaluate SHAPER across
embodied environments with different action interfaces, showing that skill-and-harness optimization
can improve embodied performance and provide a competitive alternative to fine-tuning and sampling-
heavy baselines.

2 Related Work

Embodied foundation models and parameter-updating adaptation. Recent embodied founda-
tion models connect large-scale visual and language pretraining to robot control. RT-2, OpenVLA,
Octo, and 7 establish generalist VLA policies, while g 5, mg.7, GROOT N1, Gemini Robotics, and
Qwen-RobotManip extend open-world generalization, steerability, humanoid control, and embodied
reasoning Zitkovich et al.|[2023]], [Kim et al.|[2025]],|Octo Model Team et al.|[2024], Black et al.|[2024,
2025]], Physical Intelligence et al.|[2026], NVIDIA et al.[[2025]],|Gemini Robotics Team et al.|[2025]],
Yuan et al.|[2026]. Large robot datasets and parameter-updating adaptation through supervised or
reinforcement learning further broaden their capabilities Open X-Embodiment Collaboration et al.
[2023]], [Khazatsky et al.|[[2024], |Guo et al.| [2025]], Lu et al.| [2025]], [Pan et al.| [2026b], [Shi et al.
[2026], Physical Intelligence et al.|[2025]]. These approaches remain dependent on additional data,
rewards or corrections, and model updates; we instead adapt frozen agents through external skill and
harness artifacts.

Self-evolving agents. Recent work adapts frozen agents by editing model-external artifacts. Skil-
10pt optimizes a persistent natural-language skill through bounded edits and validation-gated rollouts
while keeping the execution harness fixed |Yang et al.|[2026]. EmbodiSkill brings skill evolution to
embodied environments by distinguishing defective skill content from execution lapses, but likewise
updates the skill rather than the context harness Ju et al.|[2026]. AutoHarness instead synthesizes a
code harness, or even a complete code policy, from environment feedback in text-game environments,
without co-optimizing reusable procedural guidance |Lou et al.| [2026]. AgentSpec represents em-
bodied scaffolds as typed, swappable compositions for controlled analysis rather than rollout-driven
artifact optimization |Chen et al.|[2026]. In contrast, SHAPER evolves both the reusable skill and
context-code harness of an embodied agent from environment interaction, while keeping all model
parameters frozen.

Train-free adaptation for embodied agents. Train-free embodied systems compose frozen models
with affordances, executable robot APIs, spatial value maps, or reusable skills |Ahn et al.| [2022]],
Liang et al.| [2023]], Huang et al.|[2023]], Ju et al.[[2026], |Lu et al.|[2026]. Code- and API-centric
approaches, however, depend on the programmable interfaces, perception modules, and execution
monitors available on each platform. For VLA policies, vision-language steering, latent prompt
optimization, recurrent-depth reasoning, verifier guidance, and test-time sampling or voting improve
action execution without retraining [Liu et al|[2026]], /Zhang et al.|[2026], Tur et al.| [2026]], |Singhi
et al.| [2026], Kwok et al.| [2025], Jang et al.| [2025], Lin et al. [2025]], Yang et al.|[2025]. SHAPER
instead targets fixed action interfaces and uses rollout feedback to jointly evolve reusable high-level
skills and harness context.

3 Method

3.1 Train-Free Agent Factorization

Modern embodied agents are rarely a single neural policy used in isolation. As shown in Figure 2JA,
we factor an embodied agent into four system components: a VLM planner My, an executor Ay, a
reusable skill s, and a context-code harness h. The executor may be a VLA actor or a wrapper around
an environment action API. The skill is textual procedural guidance in the planner prompt, covering
scene inspection, task decomposition, subgoal selection, recovery, and termination. The harness is
a context builder—implemented as a Python function such as build_context—that selects and
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Figure 2: Overview of SHAPER. (A) A textual skill and context-code harness condition a frozen
planner connected to a frozen executor. (B) Target-environment rollouts are diagnosed at the round
and episode levels to form a textual gradient. (C) A frozen optimizer evolves the skill and then the
harness, with sandboxed validation and top- K selection.

formats trajectory history for the planner. The action interface, output parser, and executor remain
fixed.

For task instruction g, current observation o, and trajectory prefix 7., the agent operates as

Yt ~ M@( | g,Ot,S,h(T<t)) )

1
ar = Ag(ye,01), 0, ¢ frozen; s, h optimized. M

Here y; contains the planner’s reasoning and an interface-level command, and A, maps that command
to executed action a;. Train-free adaptation freezes the parameterized components (0, ¢) and
optimizes only the model-external pair ¢ = (s, h).

Let & be a partially observable embodied environment with task distribution D. A rollout of candidate
con task g ~ D contains T' executed actions and 7" + 1 observations:

7°(9) = (00, Y0, a0, - .., 00-1,yr—1,ar-1,01, R),

where R € [0, 1] is the task-level reward or success signal. SHAPER seeks artifacts that maximize
expected rollout performance:
(s*,h*) =arg max J(s,h),

SES,heH

2)
J(s,h) = Eyop [R(T(S’h)(g))} .

In practice, J is estimated on finite train and validation sets.

3.2 Rollout-Guided Textual Diagnosis

At optimization round r, each candidate is evaluated on a small target-environment batch Dj,.. Em-
bodied rollouts can contain many before-and-after images, making direct batch-level diagnosis
context-heavy and obscuring which action caused a failure. Figure 2B shows our hierarchical alterna-
tive. First, a round-level judger compares each planner response and action with the observations
immediately before and after execution:

4 (9) :Judge(ot,yt,at,ot_,_l), t=0,...,7 —1.

These local critiques identify effects such as an incorrect subgoal, lack of progress, or executor
mismatch without exposing the optimizer to the full visual trajectory.

We then construct compact non-visual metadata m*(g), including issued commands, execution
lengths, and runtime errors. An episode summarizer combines this metadata with the terminal harness
context, round critiques, and final outcome. Summaries from the batch and aggregate execution



statistics form the textual gradient:

¢“(g) = Summarize(m®(g), h(r<r), {¢{ (9)}i=y »

R(7%(9))), 3)
I'(c) = Concat ({e“(g) : g € Dy, }, Stats(c)) .

The resulting I'(¢) exposes actionable cross-round patterns such as unproductive repetition, instruction
drift, missing progress tracking, harmful context, and parsing or API errors.

3.3 Two-Stage Skill-Harness Evolution

Starting from ¢y = (s, ho), SHAPER maintains a beam 5,. of candidates. As shown in Figure ,
the same frozen foundation model used by the planner is invoked under a separate optimizer prompt.
Conditioned on the current candidate, its textual gradient, and optimization history £ ., the optimizer
proposes

= (1)~ 0(c.T(c), Lr), ©)
where O denotes this optimizer role. We use a two-stage schedule: skill evolution first updates s with
the seed harness fixed, after which harness evolution updates h with the selected skill fixed:

S/ ~ OS<57h07Fa£)7 h/ = hOa (5)
W~ Op(s*, h,T,L), s =s".

Generated harnesses are sandboxed before rollout: they must define the required context function,
avoid imports, file I/O, and dynamic execution, and finish within a timeout. Invalid candidates are
rejected and their validation errors are returned as optimizer feedback. Valid candidates are evaluated
on a fixed validation set Dy, and the beam retains the top- K incumbents and proposals:

~

Jval(c) = ﬁ Z R(Tc(g))7

9E€Dvar (6)

Br+1 = TOPK (Br ) CT; j:zal; K) 5

where C, is the set of newly proposed candidates. The final output is the highest-scoring candidate
¢* = (s*, h*) encountered across rounds. It retains the frozen planner and executor while changing
only the planner’s textual guidance and constructed context.

4 Experiments

We evaluate whether skill-harness evolution improves a frozen upper-level VLM planner across two
embodied environments with different execution interfaces. In VLABench, the planner delegates
textual subgoals to a frozen VLA actor; in ESI-Bench, it interacts through the benchmark’s fixed
action API. Across both environments, SHAPER keeps all planner and executor parameters fixed and
changes only the external skill and harness artifacts.

4.1 Experimental Setup

Benchmarks. VLABench [Zhang et al.| [2024] is a
language-conditioned manipulation benchmark target-
ing implicit language understanding, common-sense
and world-knowledge transfer, and long-horizon rea-
soning, all of which are underrepresented in the earlier Task form Seen  Unseen
manipulation benchmarks considered. Its instructions
often imply rather than explicitly state goals, and task
instances vary object categories to test generalization.

Table 1: VLABench split design.

Target category

Semantic understanding ~ C1 C2
Common sense C3 C4

We focus on Semantic Understanding, which tests recovery of intended goals from nuanced language,
and Common Sense & World Knowledge, which requires grounding prior knowledge in the observed
scene.



Method C1 C2 C3 C4 Overall

VLA-level baselines no upper-level planner
Direct VLA 260 95 450 125 23.25
SFT (same data) 325 130 38.0 125 24.00
Test-time scaling inference-time aggregation
VLA + MG-Select 250 120 295 19.0 21.38
VLA + VOTE 26.0 12,5 33.0 165 22.00
Seed Agent + MG-Select 35.0 15.0 40.5 7.0 24.38
Seed Agent + VOTE 380 130 340 9.0 23.50
Train-free agent adaptation frozen planner and executor
Seed Agent 40.0 20.0 400 13.0 28.25
Skill Evolution 42.0 235 500 185 33.50
Harness Evolution 420 21.0 46.0 13.0 30.50
SHAPER 425 26.0 500 195 34.50

Table 2: VLABench success rates (%) on four 200-episode splits; best results are bolded.

As summarized in Table [, C1-C4 are our custom held-out evaluation splits rather than official
VLABench splits. Cl1 is fully in-domain; C2 uses unseen target categories; C3 changes the task form
to Common Sense & World Knowledge; and C4 shifts both. Each cell contains five task families and
40 held-out episodes per family, giving 200 episodes per cell and 800 episodes overall.

ESI-Bench |Hong et al.|[2026] evaluates embodied spatial intelligence in a closed perception—action
loop spanning 10 task categories. Unlike passive spatial question answering, agents must actively
acquire evidence unavailable from the initial view through perception, locomotion, and manipulation.
We evaluate on a 231-question subset sampled to match the official benchmark’s category proportions
and report both overall and category-level accuracy.

Models and execution interfaces. All agent-system variants use Qwen3.6-27B as the frozen upper-
level planner at evaluation. On VLABench, the executor is the official VLABench 7, checkpoint,
fine-tuned on the benchmark’s ten primitive task categories and served through OpenPl. It receives
a textual subgoal and produces low-level controls in five-action chunks. The upper-level planner
specifies an environment-step budget for each subgoal, so one planner round may execute multiple
chunks. An episode permits at most 10 planner rounds and 400 low-level environment steps. On
ESI-Bench, the same planner model acts through the benchmark’s fixed interaction API for at most
30 steps.

Optimization protocol. For VLABench, we evolve the artifacts on 15 training episodes and select
candidates on a fixed 24-episode validation set; both are disjoint from the 800 held-out evaluation
episodes. For ESI-Bench, we use 10 training questions and 10 validation questions, all disjoint from
the 231-question evaluation subset. For both benchmarks, evolution uses four beam-search rounds
with width 3 and branch factor 2, and textual feedback is formed from minibatches of 4 rollouts. We
first optimize the skill and then optimize the harness while holding the evolved skill fixed.

Compared methods. We organize VLABench baselines by what they modify. Executor-level
baselines include direct my execution and SFT of the same actor architecture on the same 15 training
episodes. Test-time scaling includes MG-Select Jang et al.|[2025] and VOTE [Lin et al.|[2025]] applied
either directly to the VLA actor or on top of the seed planner. Agent-system adaptation includes
Seed Agent, Skill Evolution, Harness Evolution, and full Skill-Harness Evolution. On ESI-Bench,
we compare the seed, evolved-skill, and full variants and show GPT-5 Passive Single-view (PS) from
the benchmark paper only as an external published reference.

4.2 VLABench Results

Main results. Table 2| shows that the Seed Agent reaches 28.25%, improving direct VLA execution
by 5.00 points and same-data SFT by 4.25 points without changing either model. Full skill-harness
evolution further raises success to 34.50%, 6.25 points above the seed and 10.50 points above



Category n  Seed Agent Evolved Skill SHAPER GPT-5 PS'

Physical Structure 21 14.3 38.1 38.1 51.4
Physical Dynamics 10 40.0 40.0 40.0 46.1
Specular Reflection 20 10.0 20.0 60.0 53.0
Perceptual Grounding 49 53.1 59.2 69.4 24.9
Metric Comparison 21 333 47.6 47.6 48.2
Enumerative Perception 18 16.7 333 27.8 10.7
Spatial Relations 51 27.5 37.3 54.9 31.0
Cognitive Mapping 17 29.4 235 235 60.4
Temporal Understanding 19 474 474 474 40.6
Action Sequencing 5 40.0 40.0 20.0 36.4
Micro Avg. 231 325 41.1 49.8 -
Macro Avg. 10 categories 31.2 38.6 42.9 40.3

Table 3: ESI-Bench accuracy (%) on the official-proportion 231-question subset. n denotes the
number of evaluated questions. GPT-5 PST is the published Passive Single-view result on the full
evaluation set.

SFT. In contrast, VLA-level MG-Select and VOTE reach 21.38% and 22.00%, both below direct
VLA execution, while their seed-agent counterparts reach 24.38% and 23.50%, below the unscaled
Seed Agent. Thus, the improvements from artifact evolution are not reproduced by additional
inference-time sampling or aggregation in this setting.

Generalization across shifts. The four splits separately vary target category and task form. Full
SHAPER reaches 42.5% on the in-domain C1 split, compared with 40.0% for the seed. Its descriptive
gains become larger under distribution shift: +6.0 points for unseen targets (C2), +10.0 for an unseen
task form with seen targets (C3), and +6.5 when both are unseen (C4). It obtains the best result on
C1, C2, and C4 and ties Skill Evolution at 50.0% on C3. The largest gain therefore occurs when
transferring the evolved artifacts from Semantic Understanding to the Common Sense & World
Knowledge task form.

Artifact ablations. Skill-only, harness-only, and full evolution score 33.50%, 30.50%, and 34.50%,
respectively, versus 28.25% for the seed. Skill evolution accounts for the largest descriptive difference
from the seed (+5.25 points), while harness-only is +2.25 points. Adding the evolved harness after
skill evolution changes the overall score by +1.00 point; the split-wise differences are +0.5 on Cl1,
+2.5 on C2, 0.0 on C3, and +1.0 on C4. The effects are not additive: for example, harness-only raises
C3 from 40.0% to 46.0%, but the full and skill-only configurations both obtain 50.0%. We therefore
interpret these rows as complete agent configurations rather than estimates of independent artifact
effects.

Actor-aware recovery. Figure compares Seed Agent and Skill Evolution on
select_book/ep_024 with identical context construction. The seed skill asks the planner
to inspect the task, camera observations, and execution history before producing a subtask. It does
not specify the VLA actor’s preferred command distribution, distinguish selection from retrieval or
placement, enforce exact entity names, or require an explicit progress check. Consequently, after the
target book is partly pulled from the shelf, the planner treats continued visibility as evidence that
the same retrieval command should be repeated. The episode reaches the 400-step limit after three
planner rounds with reward 0.5.

The evolved skill turns the planner into an actor-aware command adapter. It routes task intents to short
canonical commands, emits one primitive per round, preserves the complete book title, and excludes
low-level details such as grasp orientation or approach geometry handled by the VLA. It requires the
planner to classify the previous attempt as successful, failed, partially successful, or stalled, and to
change the canonical command when repeated execution makes no progress. In the same episode, the
planner detects remaining shelf overlap, switches from the original retrieval command to a pick-up
command, and later recognizes that the book is clear of the shelf. It obtains reward 1.0 in the same
three planner rounds using 297 environment steps.
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Figure 3: Controlled VLABench case isolating skill evolution for the instruction “Fetch the Landmark
Cases in Property Law book for tomorrow’s class.” The planner, VLA executor, and raw harness are
fixed. The seed skill repeats a retrieval command after partial execution, whereas the evolved skill
detects no progress, changes the command, and completes retrieval. Text annotations summarize
observable decisions rather than quote hidden reasoning.

4.3 ESI-Bench Results

Main results. Table [3]shows that full SHAPER reaches 49.8% micro and 42.9% macro accuracy,
versus 32.5%/31.2% for the Seed Agent and 41.1%/38.6% for Skill Evolution. Full evolution is
therefore 17.3 micro points and 11.7 macro points above the seed, and 8.7 micro points and 4.3 macro
points above skill-only. Its macro score is numerically above the published GPT-5 PS reference
(42.9% vs. 40.3%), placing the frozen 27B planner in a similar aggregate range without parameter
updates. This remains an external rather than paired comparison: GPT-5 PS uses the full Passive
Single-view setting, whereas our methods use the fixed 231-question subset.

Category-level behavior. Skill Evolution improves six of the ten categories over the seed, including
Physical Structure, Specular Reflection, Perceptual Grounding, Metric Comparison, Enumerative
Perception, and Spatial Relations. Adding the evolved harness produces its clearest positive differ-
ences on Specular Reflection (20.0% to 60.0%), Perceptual Grounding (59.2% to 69.4%), and Spatial
Relations (37.3% to 54.9%). Five categories remain unchanged, while Enumerative Perception
decreases from 33.3% to 27.8% and Action Sequencing from 40.0% to 20.0%. These results are
descriptive and should be interpreted with their sample counts; Action Sequencing, for example,
contains only five questions. The following reflection case illustrates the context behavior behind one
of the largest positive differences.

Evidence-aware visual memory. Figure [ compares Skill Evolution with full SHAPER under
the same evolved skill. The raw harness concatenates the complete textual action and reasoning
history while retaining only the five most recent RGB observations. This recency-based window
gives repeated or blank views the same status as earlier task-critical evidence, and the uncompressed
text may preserve the model’s own mistaken observations. In the shown episode, the agent sees one
target jar in the mirror at step 1, but that visual anchor is no longer available when the three real
candidates are later observed. It spends all 30 steps oscillating between views, taking 15 right turns,
12 left turns, and 3 forward moves before answering “not sure.”

The evolved harness replaces this window with sparse evidence-aware memory. It selects up to three
informative and visually diverse keyframes from the full history, pairs each RGB observation with a
deterministic focus crop, and compresses the action path and recent execution record. For the current
view, it additionally supplies selected horizontal-band and overlapping-tile crops. All crops are
computed from official RGB pixels using contrast, edge density, and sharpness, without target boxes
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Figure 4: ESI-Bench case isolating harness evolution for the instruction “You are given an image
with a mirror and three noodle_jars. Based on the mirror reflection, which of the three noodle_jars
in the same image corresponds to the reflected one: the left, middle, or right object?” The planner,
action interface, and evolved skill are fixed. The raw harness drops the early reflection evidence,
whereas the evolved harness retains the reflected target and a deterministic focus crop for cross-view
matching, correctly selecting the middle candidate.

or simulator metadata. For reflection tasks, the constructed context explicitly preserves one frame
of the reflected target and another of the real candidates for appearance matching. Before acting,
the planner reports structured VIEW, TARGETS, EVIDENCE, READY, and GAP fields, while the harness
flags low-information repetition and inverse-action cycles. In Figure[d] the step-1 reflection remains
available at step 7 for comparison with the three candidates. After six forward moves, the agent
answers “middle” with confidence 0.90. All visual evidence comes from official RGB observations
and reference images; the harness never accesses pose, depth, or other metadata.

4.4 Optimization Efficiency

Acquiring the evolved artifacts is a one-time cost. The logged token usage corresponds to approx-
imately $2.25 for VLABench and $2.83 for ESI-Bench in API-equivalent cost per evolution run.
These estimates include planner rollouts, judging, episode summarization, and artifact optimization,
but exclude final evaluation and simulator or GPU infrastructure. After evolution, the selected skill
and harness are reused across all held-out episodes without per-episode search; unlike test-time
scaling, their acquisition cost does not grow with the number of deployments.

5 Conclusion

We presented SHAPER, a train-free approach that improves embodied agents by evolving a textual
skill and context-code harness while keeping planner and executor parameters fixed. Rollout-derived
textual feedback drives a two-stage optimization that produces reusable procedural guidance and
trajectory context rather than per-episode action searches. Across VLABench and ESI-Bench, the
same frozen 27B upper-level planner improves with both a VLA executor and an active-perception
action interface, including under held-out target categories and task forms. These results support
skill-harness evolution as a lightweight approach to adapting frozen embodied agents, while cross-
embodiment transfer and real-robot validation remain for future work.
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A Additional Artifact and Optimization Details

This appendix makes the optimization targets and feedback pipeline concrete by reproducing the
artifacts and prompt templates used in our experiments. A skill is the planner’s persistent textual
instruction, whereas a harness is executable context-construction code that selects and formats
trajectory history before each planner call. The screenshots preserve the content and implementation
comments of the corresponding experimental artifacts.

A.1 VLABench Skills and Harnesses

Skill evolution. The top and bottom panels of Figure[AT|show the seed and evolved VLABench
skills. The seed skill provides only a generic manipulation-planning role, the available visual inputs,
and a coarse execution-step estimate. The evolved skill specializes the planner as an adapter for the
frozen VLA actor: it routes task intents to short canonical commands, preserves exact object and
container tokens, emits one primitive per round, checks execution progress, and changes command
form after repeated failure. It also calibrates the environment-step budget to the requested primitive.
These changes affect only the upper-level textual guidance; the VLA checkpoint and its low-level
action generation remain fixed.

Harness evolution. Figure [A2|compares the VLABench context builders. The seed harness serial-
izes every prior planner response and subtask and appends the main- and wrist-camera observations
after each round. The final harness instead foregrounds the most recent subtask and execution count,
compresses older rounds, treats the current images as the source of truth, and explicitly exposes
repeated commands or long executions without progress. It also adds a compact scene-inspection
procedure and preserves task-critical entity names. The resulting context is therefore organized
around execution state and recovery rather than an undifferentiated transcript.

A.2 ESI-Bench Skills and Harnesses

Skill evolution. The top panel of Figure [A3| shows the ESI-Bench seed skill, which defines the
action space and gives generic instructions to gather sufficient evidence before answering. The
evolved skill in the bottom panel retains this interaction contract while adding explicit evidence-use
policies. It prioritizes official reference images when present, distinguishes counting and mapping
evidence, requests suitable viewpoints for geometric judgments, recovers from blank or obstructed
views, seeks observations that can falsify the current hypothesis, and delays answering until its
evidence and confidence requirements are met.

Harness evolution. The seed ESI-Bench harness (Figure concatenates the full textual history
and retains the five most recent views, together with reference and current images. This recency rule
gives repeated or uninformative views the same retention priority as earlier task-critical evidence.
The final harness (Figure builds a sparse visual memory, retains selected historical evidence,
and adds deterministic crops and pixel-space aids derived only from official RGB observations. It
further structures the planner payload around visible targets, evidence, readiness, and the unresolved
information gap, while detecting low-information repetition and action cycles. Its geometric utilities
operate on rendered pixels and do not access privileged pose, depth, segmentation, object coordinates,
or simulator-specific answer metadata.

A.3 Prompts Used by the Evolution Pipeline
The following prompt templates implement the textual-feedback loop described in the Method section.

Both benchmarks use the same four roles—judging, summarization, skill optimization, and harness
optimization—but instantiate their inputs and diagnostic criteria for different interaction interfaces.

A.3.1 VLABench Prompt Instantiation

Figures [A6HA9|show the VLABench templates, where before/after main- and wrist-camera images,
generated subtasks, and VLA execution statistics expose progress at each planner round.
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VLABench Skill

Seed Agent

You are a robot manipulation planner for a Franka Panda arm.

## Input

- Two images: [Main camera: third-person view] [Wrist camera: gripper view]

- Task instruction and execution history

## Environment

VLABench benchmark with primitive manipulation tasks like selecting objects, pressing buttons, and placing items.

## Your Job

Look at the images and instruction, then output the next sub-task for the robot to execute.

## Output Format

Brief reasoning about current state and what to do next, then:

Answer: <sub-task>
Steps: <estimated steps needed, e.g., 30, 50, 100, 200>

The "Steps" field indicates how many VLA execution steps this sub-task typically requires:

- Simple movements: 20-50 steps
- Complex or multi-phase actions: 100-200 steps
- Complete tasks: 200-400 steps

ABench Ski Evolved Skil

text

F in VLABench.

The robot is controlled by a VLA executor trained on short, canonical manipulation commands. Your job is fo
convert the task instruction, execution history, and current images into exactly ONE simple VLA-friendly sub-
task.

The VLA worksbest whenthe conmand matches VL ABerchprimitivewording, Do ot write g plr, st
strategies, grasp geometry, or explanations in the Ansy

You receive:
- Current main camera image
- Current wrist camera image:
- Task instruction

g after-executi

Use the history to jucdge whether the previous sub-task succeeded, faled, partially succeeded, or moved the
farget, Use the current images as the final source of truth,

#3 Most Tmportant Rule: Match the Task Type
First decide the fask infent, then choose the command form.

#3£3¢ Selection / preference tasks

#3 Good Command Examples
~Please select the banana
- Please select the jessie
- Pick up the banar
- Pick up the mickey
- Please fake the book Biopolymer Composites in Electronics.
- Put the banana info the plate_seen
<Pt themickey o the ifibex_somn
- Add ketchup to 1
B T
~ Plese sleh the pinig of sty kiv-e
~Pick up the 4 of hearts card
~Pick up the 1_pin mahjong tile

#3 Bad Answer Examples
Do NOT output answers like:
- Move to the banana on the lower-lef side of the table and grasp it
- Grasp the book from the left side of the shelf
~Pick up the banana and place it on the blue circular farget
Secarelygrosp the Wokey Wous figurinearund thebucyan I pright
- Carefully align with the obiect, close the gripper, and verify the grasp
- Move foward the object while avoiding the red biock
- Try again but approach from a dif ferent angle:

3% Recovery Rues Using History

I the instruction asks to choose, select, prefer, pick one”, identify an item from a clue,
withaut giving a destination, his is a selection tas}

For selection fasks, prefer:
~*Please select the «target"

NOT use *Pick up? for selection/preference tasks unless "Please select” has already failed or the instruction
explictly says to pick up/take/retrieve the item.

Examples

~"For tomorrow's smoothie, I'd prefer something that can add a creamy texture naturally.” -> "Please select the

T need a boost of natural eneray for my workout.” - “Please select the banana”
kane from Toy Story.” > "Please select the jessie’
‘Plecse select the painting of style ukiyo-e." > ‘Please select the painting of style kiyo-e"

For selection fasks, ignare plates, bowls, frays, or colored disks unless the instruction explicitly names them as
the farget.

#3t3¢ Retrieval / fake fasks

If the instruction explicitly asks o take, refrieve, pick up, get, or hold an object, use:

~*Pick up the cobject>"

- Please take the cobject>"

For book retrieval:
- “Please take the book <fitle>"

Do not add shelf side, puling direction, or grasp defails.

#343t Pick-and-place tasks
b

- “Put <abject> info <containers”
- “Place «abject> into <containers”

Preserve exact confainer fokens such as plate

#4343t Condiment tasks
For condiment tasks, us
- "Add <condiment> 1o the <targe”

Examples:
-*Add ketchup to the dish”
mustard to the hot dog”

Do not decompose: the current state.
#3 Naming Rules

~Preserve foken-like labels exactly, including underscores and suffixes such as _scn.
- Do ot invent new object names, containers, fargets, or locations.

- Prefer dataset-style visible/known names

- Keep naming consistent across rounds. Do not alternate capitalization or articles unnecessarik
- If the instruction gives a clue, infer the intended object, then use the simplest canonical object name.

Commen clue mappings:
~ creamy texture naturally / smoothie creaminess - banana
- natural eneray / workout eneray -> banana

‘the next sub-task, inspe images
#33 Detect success

“Ifthe complete, output if needed.

o SR sroer ‘and the fask s only selection/retrieval, repeat a simple completion-
compatible com

e P e H e Ao i E e e

#3¢4 Avoid failed-command loops.
Do not repeat the exact same Answer more than twice when the histary shows no progress.

I the previous command failed and the gripper is empty:

If Please select the <targets* Msn\r:ndy failed twice, try "Pick up the ctarget"
- For etrieva fasks
- If "Pick up the <farget>* failed twice, try "Please take the <tanget>”
If “Please take the <targens* failed twice, try *Pick up the ctarget>”
- For pick-and-place tasks:
- If the abject is not grasped, use "Pick up the <object>”
- If the object is grasped, use "Put/Place <object> info <container*

»

#34 What not to do during recove
- Do not add long spatial descriptions like lower-left, near the plate, behind the bock, fallen, pright, front, back,
leff, or right unless required to distinguish between multiple identical objects.

- Da ot lourlevel robot motions, grasp IK, collision, h angle, centering, or lifting in the

Answer.
- Do not command a distractor object or container unless it is part of the original fask.

- Do not invent a new target after a failed atfempt unless the current images prove the original inferred farget
was wrong,

#3# Step Count Guidelines
Use the smallest reasonable step count, but give enough time for a complete primitive.

- Selection / preference tosk: 100-140 steps.
- Simple pick up / take object: 100-140 steps
- Book refrieval: 100-140 steps

- Add condiment: 100-140 steps

- Pick-and-place info a container: 140-180 st

 Complo i stage actonexplicihy reared b th Instuction: 160-250 steps

Avoid 300+ steps unless the instruction truly requires completing a long malti-stage fask.

If retrying after a failed aftempt, you may increase steps slightly, but do not use step count changes as the only
recovery. Prefer changing fo the correct canonical command form.

#3 Output Format
Alweys output exactly this format:

Reasoning: <one short sentence about the farget, fask ype, and current state
Answer: <one short canonical VLA command>
Steps: cinteger>

Rules for output:
- Always provide Reasoning, Answer, and Stef

- Do not output bullets, numbered plans, markdown, or extra explanations.

- The Anawer st b oneprinitive comandon
- I motions,

B e output the best canorical command.

Figure Al: VLABench planner skills before and after evolution. Top: the seed skill specifies a
generic subtask-generation interface. Bottom: the evolved skill adds actor-aware command forms,
exact entity binding, progress verification, failure recovery, and calibrated step budgets.
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Round-level judger. For each planner round, the judger receives the original task, generated
subtask, planner reasoning, context payload, execution statistics, and observations immediately
before and after execution. As shown in Figure [A6] it returns a structured critique of observable
progress, execution quality, reasoning quality, possible failure causes, and context effectiveness.
Its five-level progress score is used only as diagnostic feedback; episode-level success remains the
environment’s binary outcome.

Episode summarizer. The summarizer in Figure [A7]receives the task outcome, compact round
records, and all round-level critiques. It compresses them into one textual record covering instruction
fidelity, cross-round repetition, decomposition quality, the likely root cause, and context effectiveness.
This intermediate stage keeps the optimizer from directly processing a batch of long multimodal
trajectories while preserving actionable evidence from each execution round.

Skill optimizer. The skill optimizer receives the current planner skill, read-only context code,
episode summaries, and aggregate execution statistics. As shown in Figure[A8] it diagnoses systematic
failures and returns a complete replacement skill while preserving the executor and context builder.
The VLABench template additionally describes the frozen VLA actor’s command distribution so that
the optimized skill can produce compatible subgoals.

Harness optimizer. The harness optimizer instead freezes the selected skill and receives the current
context code together with the same episode-level feedback. Figure[A9|documents the context-builder
input records, permitted multimodal return format, available helpers, and sandbox restrictions. The
optimizer must return a complete replacement build_context (history) implementation, which
is checked against the benchmark’s runtime contract before candidates are ranked on the validation
set. The reported experiments invoke the two optimizer templates in a fixed skill-then-harness order.

A.3.2 ESI-Bench Prompt Instantiation

ESI-Bench uses the same staged optimization structure but replaces manipulation-specific progress
signals with active-perception evidence. The prompts treat the official exact-match outcome as the task
score and use evidence progress only as a diagnostic signal. They also separate environment-invalid
trajectories from agent failures, preventing renderer or runner faults from becoming optimization
evidence.

Diagnostic judger. Figure [AT0|shows the trajectory-level ESI-Bench judger. It audits whether
the agent acquired, retained, and correctly used the evidence required by the question; whether
exploration produced new information or entered repeated and inverse-action cycles; and whether the
final answer and confidence were supported by the available observations. Its structured output assigns
the dominant failure to the skill, harness, environment, or neither. This routing distinguishes policy
failures such as premature commitment or illegal actions from context failures such as discarded
cross-view evidence or poorly selected historical observations.

Batch summarizer. The ESI-Bench summarizer in Figure [ATT| aggregates per-question judger
reports together with official accuracy, category-level results, validity counts, and execution statistics.
It preserves isolated cases as such and elevates only repeated, evidence-supported behavior into a
batch-level pattern. The resulting compact report describes what happened—including evidence
coverage, viewpoint deadlocks, budget use, and context effectiveness—without prescribing an edit,
leaving artifact changes to the optimizers.

Skill optimizer. Figure[AT2]fixes the context harness and optimizes only the reusable planner skill.
The optimizer maps systematic feedback to evidence-acquisition and decision policies, including use
of official references, falsifying-viewpoint selection, recovery from low-information observations
or repeated actions, legal-action discipline, and confidence-aware stopping. Its contract requires a
complete replacement skill that preserves the official per-question interface and forbids question-
specific answers, simulator state, or unsupported capabilities.

Harness optimizer. The second-stage optimizer in Figure holds the selected skill fixed and

modifies only the context builder. Its design space includes bounded visual memory, deterministic
crops derived from official RGB images, compact trajectory state, evidence-aware ordering, loop
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recovery, and RGB-only geometric aids. The prompt enforces the observable-information boundary
and a sandboxed implementation contract: generated code must expose the required interface, avoid
privileged simulator data and unavailable dependencies, remain bounded in payload size, and pass
artifact validation before evaluation. This separation makes the edit target explicit: the skill controls
how the planner seeks and uses evidence, whereas the harness controls which observable evidence
reaches the planner and how it is represented.

A.4 Optimization Cost Accounting

The API-equivalent costs reported in the main paper are computed from logged input and output
token usage. We use the Alibaba Cloud Model Studio list prices for Qwen3.6-27B in mainland China:
CNY 3 per million input tokens and CNY 18 per million output tokens. Converting at CNY 7.2 per
USD gives approximately USD 0.42 per million input tokens and USD 2.50 per million output tokens.
One complete evolution run corresponds to approximately USD 2.25 on VLABench and USD 2.83
on ESI-Bench. These estimates include planner rollouts, judging, episode summarization, and artifact
optimization, but exclude final evaluation and simulator or GPU infrastructure.
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VLABench Harness - Seed Harness

def build context (history) :
if not history:
return "No previous actions (this is the beginning)."

4 parts = []

> parts.append ({"type": "text", "text": "Previous rounds of execution:"})

6 for record in history:

7 header = (

8 £"\n--- Round {record.round_idx + 1} ---\n"

9 f"Reasoning: {record.vlm raw output or record.vlm reasoning}\n"

0 f"Sub-task: {record.subtask}\n" o

1 f"VLA executed {record.vla_actions_count} steps"

12 )

13 parts.append ({"type": "text", "text": header})

4 if record.obs_after main is not None:

5 parts.append ({"type": "text", "text": "Scene after execution (main camera):"})

16 parts.append({"type": "image url", "image url": {"url": encode_ image (record.obs after main)}})
17 if record.obs_after wrist is not None: - - N -

18 parts.append ({"Eype": "text", "text": "Gripper after execution (wrist camera):"})

19 parts.append ({"type": "image url", "image_url": {"url": encode_image (record.obs_after_ wrist)}})
20

return parts

p VLABench Harness - Evolved Harness

op: *(lase_cnd)
"It images sh

o identify physical blocker. "

+ "fatr(x.oubtask) .otrip() )" ((£.vla_actions_count) steps)”

rounds:\n" + "\n".jotn (older) })

round: (last.vla_actions_count].”]

1f consec >= 3t

return part

Figure A2: VLABench context-code harnesses. Top: the seed builder appends the complete round
history and after-execution camera views. Bottom: the final builder emphasizes current visual evi-

dence, compresses older rounds, detects repeated commands and stagnation, and supplies structured
recovery guidance.
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ESI-Bench Skill - Seed Agent

You are an embodied agent in a 3 environment. Your goal is o answer the question by actively exploring the scene.

You may take one action at each step. Use actions only when they help you gather evidence. Do not answer until you have enough evidence.

Question: <task-specific question and official answer options>

Task-specific benchmark confract (authoritative):

<official contract when defined for counting, slope, deformable, or unobserved-change tasks>

Current observation: You are given the current egocentric image.

Action history:
<previous paper-protocol actions, or None>

Available actions:

- move_forward, move_backward, move_left, move_right, move_up, move_down

- turn_left, turn_right, turn_up, turn_down

- pick_up(obj)

- put(oby, inside, obj)

- put(obj, on, obj)

- fill(obj, with_water)

- pour(obyj, from, obj, to, obj)

- <task-specific of ficial action when available, such as put_on_slope>
- answer(answer, confidence)

Choose exactly one next action from the available action space.
Return your response in the following format:
Reason: briefly explain what evidence you need next.

Action: one valid action.

You are an embodied agent in a 3 environment. Your goal s to answer the
question by actively exploring the scene.

You may take one action at each step. Use actions only when they help you gather
evidence. Do not answer until you have enough evidence.

Question: <task-specific question and official answer options>

Task-specific benchmark contract (authoritative):
<official contract when defined for counting, slope, deformable, or unobserved-
change tasks>

Current observation: You are given the current egocentric image.

Action history:
<previous paper-protocol actions, or None>

Available actions:

- move_forward, move_backward, move_left, move_right, move_up, move_down
- turn_left, turn_right, turn_up, turn_down

- pick_up(obj)

- put(ob, inside, obj)

- put(obj, on, obj)

- fill(obj, with_water)

- pour(obj, from, obj, to, obj)

- <task-specific official action when available, such as put_on_slope>

- answer(answer, confidence)

Choose exactly one next action from the available action space.

Return your response in the following format:

Reason: briefly explain what evidence you need next.

Action: one valid action.

Additional guidance for the Reason field:

1. Reference evidence: QUESTION REFERENCE IMAGE inputs, when present, are
authoritative question evidence. Cite the relevant reference image(s) before
relying on the current egocentric view. If only one reference image is

present, cite QUESTION REFERENCE IMAGE 1. do not invent or wait for a
missing QUESTION REFERENCE IMAGE 2.

ESI-Bench Skill - Evolved Skill

2. Count/map discipline: for count questions, a top-down/map reference with
target markers is valid evidence for the count. Do not answer O merely
because the current view does not show the target, or because the available
objects list uses proxy categories or omits the target wording. Reference.
evidence and listed answer options override that absence.

3. Triangle geometry discipline: use a top-down or near-overhead view before
answering triangle questions. In a top-down projection, an equilateral
triangle often appears as two lower objects forming a horizontal base and a
third object above the midpoint. Do not call that isosceles merely because
the base looks visually wide. Estimate geometry on the floor plane: if the
upper object is near the base midpoint and the height from the base to the
upper object is about 0.85 to 0.9 of the base length, the three sides are
consistent with equilateral. Choose isosceles only when exactly two distances
remain equal after this floor-plane check: choose random only when all three
distances clearly differ.

4. Perspective recovery: if the current view is side-on or high oblique,
perspective can make an equilateral triangle look like two short equal sides
plus one long base. Treat that pattern as a reason to move_up and turn_down,
not as proof of isosceles. If any object center is cropped or partly hidden,
reposition before answering.

5. Stuck-view recovery: if a blank tabletop, platform, wall, sky, or underside
fills the view for two consecutive steps, stop repeating motion into or.
along that surface. Back away, turn toward the tabletop/room, then combine
move_up with turn_down to regain an overhead view.

6. New evidence and falsification: name one concrete visual detail or reference
detail that was not used in the previous step, state your current most
likely answer, and state one observation that would change it. Choose the
next action to seek that observation.

7. Confidence discipline: use answer(answer, confidence) only after the
relevant objects, regions, or reference images have been checked from an
informative view and confidence is at least 0.85. If your confidence would
be lower, do not answer yet: take the movement action that would most reduce
the uncertainty. Near the end of the budget, choose the best-supported
listed option rather than ending with "not sure".

Keep the response format exactly as:
Reason: <brief reason>
Action: <one valid action from the paper action space>

Figure A3: ESI-Bench planner skills before and after evolution. Top: the seed skill provides the
benchmark action contract and generic active-perception guidance. Bottom: the evolved skill adds
reference-evidence discipline, viewpoint selection, recovery, falsification, and confidence-aware

stopping.
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ESI-Bench Harness - Seed Harness

1 """Default context builder: dump everything.
2
3 Same layout as the original collect_contents:
4 [action history text]
5 [reference images...]
[last 5 past views with action context]
7 [extras]
[current view]
[task prompt]

11 Goal: reproduce the benchmark runner's unmodified default context.
13 from __ future__ import annotations

15 from pathlib import Path

from typing import Any

def build_context (image_path: Path, history: list[dict[str, Anyll, prompt: str,

reference_image_paths: list[Path] | None = None) -> list[Any]:
contents: list[any] = []
if history:
summary = "\n".join(
f"Step {item['step']}: action={item['action']} answer={item['answer']} "
f"conf={float (item['confidence']):.2f} reasoning={item['reasoning']}"

for item in history
)

contents.append("Action history so far:\n" + summary)

references = list (reference_image_paths or [])
for index, reference in enumerate(references, start=1):
if reference.exists():
label = "[QUESTION REFERENCE IMAGE - dataset render]" if len(references) == 1 else f"[QUESTION REFERENCE IMAGE {index}]"
contents.append (label)
contents.append (reference)

recent = history[-5:]

38 for item in recent:
39 past = image_path.parent / item["image"]
40 if past.exists():

contents.append (£" [Past view from step {item['step']}]")
contents.append (past)
for extra_index, extra_path in enumerate (item.get ("extra_image_paths") or [], start=1):
extra = Path(extra_path)
if extra.exists():
contents.append (£" [Past extra view from step {item['step']} #{extra_index}]"
4 contents.append (extra)

49 contents.append (£" [CURRENT VIEW - step {len(history) + 1}]")
contents.append (image_path)

contents.append (prompt)

52 return contents

N J

Figure A4: Seed ESI-Bench context-code harness. It reproduces the runner’s default ordering:
complete textual action history, official reference images, the five most recent past views and extras,
the current view, and the task prompt.
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EST-Bench Harness - Evolved

Figure A5: Final ESI-Bench context-code harness. The implementation combines sparse evidence
retention, deterministic RGB crops and overlays, task-conditioned evidence policies, structured action
contracts, and loop recovery. The code uses only the benchmark’s permitted runtime resources and
observable image history.
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Judger Prompt

SYSTEM PROMPT

You are an evaluator for robot manipulation tasks. Analyze task execution results.

## Input

- 4 images: [BEFORE Main] [BEFORE Wrist] [AFTER Main] [AFTER Wrist]
- Original task instruction from environment

- VLM reasoning and generated sub-task instruction

- Context information that was provided to the planner this round

- Execution statistics (steps taken, progress)

#7 Your Role

Objectively evaluate what happened during execution:

1. Did the task succeed, partially succeed, or fail>

2. What changed between BEFORE and AFTER images?

3. What might have caused success or failure?

4. Was the context information useful to the planner, or was it redundant/harmful>

## Evaluation Criteria

#13¢ Task Completion (5-level stage scoring)

Pick the highest stage clearly supported by the BEFORE/AFTER images and execution stats. Output exactly one of {0.0,0.25,05,0.75, 1.0} as success
-0.00 — No progress: gripper did not move toward the farget, or moved in a way unrelated to the goal.

-0.25 — Reached target: end-effector is within grasp range of the correct target object (regardless of grasp success).

-0.50 — Grasped target: gripper closed on the correct target and is holding it (target lifted or stably gripped).

-0.75 — Transported toward goal: farget is being held and has been moved into the vicinity of the goal location, but not yet placed within tolerance.
-1.00 — Completed: farget is placed/oriented within the task's success folerance, OR the environment reports explicit success.

0.0 = “failed"

The episode-level binary success is decided by the environment, not by you: this stage score is a dense progress signal for the optimizer only.

#3## Observation Analysis

Compare BEFORE and AFTER images:

- Object positions: Did target object move?

- Gripper state: Is it holding something?

- Scene changes: Any visible progress toward goal?

### Reasoning Quality

- Did VLM correctly understand what the task is asking for?
- Did VLM identify the correct target object?

- T the VLM's reasoning logical?

#1#3¢ Context Effectiveness

- Did the context provide useful information (e.g., what was already tried, what to do next)?

- Did the planner follow or ignore the confext guidance?

- Was the context redundant (repeating what the prompt already says)?

- Was there missing information in the context that could have helped?

- Did the context cause the planner fo make worse decisions (e.g., over-constraining, distracting)?

#3# Output (JSON only)
* json
"subtask_status" "success" | "partial" | *failed",
“success_score": 0.0 0.25]05]0.75 | 1.0,
“observation_analysis": "«describe what changed befween before/afters",
“execution_analysis": “what went right or wrong during execution",
+ "was VLM reasoning sound?>",

hypotheses for success/failure>",

“improvement_suggestions": "«general suggestions to improve results>",
“context_analysis": “was the context useful, redundant, or harmful? what was missing?>"

}

“failure_causes":

##t

- Be objective and descriptive

- Focus on observable facts from images
- Note any patterns you observe.

USER TEMPLATE

Task: {overal
Round:

ask)
{round_idx}
Sub-task: {subtask}
VIA Steps: {vla_steps}

VLM Reasoning:
{vim_reasoning}

Context provided to planner this round:
{context_output}

[Image 1: BEFORE Main] [Image 2: BEFORE ¥
[Image 3: AFTER Main] [Image 4: AFTER Wrist]
# Runtime role

Receives BEFORE/AFTER main+wrist RGBs, task, planner output,
context payload, and execution statistics. Produces observable per-
round stage score and a context-effectiveness critique.

# Sources
Judger system template
Judger user template

Figure A6: Round-level judger prompt and user template. The prompt grounds diagnosis in observable
before/after evidence and produces a machine-readable critique for downstream summarization.

SYSTEM PROMPT

You are an episode summarizer for robot manipulation tasks. Your job is to analyze a complete episode execution and
produce a concise summary that helps an optimizer understand what went well and what went wrong.

## Input

You will receive:

- The original task instruction from the environment

- A list of all sub-tasks the planner issued (one per round)

- The judger's per-round critiques (success/parﬂul/falled + analysis)
- Whether the episode succeeded overall

## Your Job
Produce a concise summary (~150-250 words) that identifies:

1. Outcome: Did the episode succeed? How many rounds were used?

2. Instruction fidelity: Did fhe‘rlanner's sub-tasks stay close to the original task instruction, or did they drift? Flag any
unnecessary rewording (e.g., adding/removing words, changing prepositions, adding spatial qualifiers not in the original).

3. Cross-round patterns: Did the planner repeat the same sub-task with minor rewording across rounds? Did it get stuck?
Did it make progress through a multi-step decomposition?

4. Decomposition quality: For multi-step tasks, was the d ition into sub-task: tep tasks, did
the planner correctly pass through the instruction without over-decomposing?

5. Key failure cause: If the episode failed, what is the most likely root cause? (e.g., instruction drift, failed grasp, wrong
object targeted, planner stuck in a loop)

6. Context effectiveness: Was the context information provided to the planner helpful, redundant, or harmful? Did it help
the planner track progress or avoid repeating mistakes?

## Output Format

ble? For singl

Werite a single paragraph summary. Be specific — cite exact sub-task wordings when relevant. Do not use bullet points or
headers. Focus on actionable insights that would help improve the planner prompt and context management.

Episode Summarizer Prompt

USER TEMPLATE

Original task ins {overall_task}
Episode result: {episode_result}
Total rounds: {total rounds}

ction:

## Round-by-round execution:
{rounds_detail}

# Runtime role
Compresses all round-level judgements into one episode gradient:
outcome, instruction fidelity, cross-round loops, decomposition quality,
root cause, and context effectiveness.

system template

Episode summarizer user template

Figure A7: Episode-summarizer prompt and user template. Round-level judgments and the terminal
outcome are compressed into a concise episode-level textual gradient.
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Optimizer Prompt

SYSTEM PROMPT USER TEMPLATE

e . . C t P: t
You are a prompt optimizer for the robot manipulation system on VLABench. ” LS L

## System Architecture fcurxen[ipzomp()

1. VLM Planner (Qwen family): Receives task instruction + multimodal context (text +
images from previous rounds) + current camera views, outputs one VLA sub-task ## Current Context Code
2. VLA Executor (Pi0/VLABench): Executes the sub-task via robot actions “python

3. Context Code _(bu; 1d_context (history)): Managed sapar‘cf;ly‘ Converts execution (e somisais, cesel
history into multimodal context for the planner. You do NOT modify this. 5 - -

The planner is called repeatedly during an episode. Each round: planner sees [context

history with text/images] + [current observation images] + [task instruction] -> outputs one The context code above is READ-ONLY for this prompt
sub-task -> VLA executes -> repeat. edit. You may use it to understand what information

the planner receives, but your output must be only a
## VLA Training Distribution new planner prompt.

The VLA was fine-tuned on VLABench primitive tasks. It understands short, canonical
commands that preserve the task's ?ar‘gzt/contamer‘ tokens:

ut the banana into the plate_seen" . .
ut the mickey info the giftbox_seen" L) R B e
lease select the painting of style ukiyo-e." {critique}

dd ketchup to the dish"

"Please take the book contract_law_in_japan"
- "Pick up the 4 of hearts card" # Runtime role

ick up the 1_pin mahjong tile" Consumes episode summaries and execution statistics, diagnoses
lace the rose info the vase" systematic failures, then emits a complete replacement planner skill.
Setc Context code is read-only on this branch.

{episode_context}

The VLA is weak when the planner invents new object names, rewrites token-like labels,

issues verbose strategic instructions, or repeatedly sends the same failed command without # Dynamic edit routing
adapting. The corresponding harness branch loads:

a shared diagnosis template
## Your Task
It selects prompt when failures concern reasoning, task interpretation,
command form, or granularity; it selects context when failures concern
history, repetition, target drift, stale images, or missing progress state.

Analyze the execution feedback (episode summaries + planner stats) and produce an
improved planner prompt. Focus on systematic failure patterns across episodes.

Note: The planner now receives multimodal context (text + images from previous rounds). .
The context code is managed separately — you only optimize the prompt. # Harness edit branch

When context is selected, the same optimizer role loads:
## Output Format the context-optimizer system template

the context-optimizer user template

### Analysis
<Your reasoning about failure patterns and proposed improvements> That branch freezes the planner prompt and returns only a sandboxed

build_context(history) implementation.

Figure A8: Skill-optimizer prompt and user template. The optimizer consumes episode summaries
and execution statistics, treats the context builder as read-only, and proposes a complete replacement
planner skill.

Harness Optimizer Prompt

FULL CONTEXT OPTIMIZER SYSTEM PROMPT + USER TEMPLATE
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Figure A9: Harness-optimizer prompt and user template. The selected planner skill is read-only;
the optimizer uses episode summaries to produce complete context-construction code under the
documented multimodal and sandbox contracts.
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ESI-Bench Diagnostic Judger Prompt

SYSTEM PROMPT 1/2

You are the diagnosic judger for SHAPER on EST-Bench active exploration
Each bodied 7
may m P for up

submifting an answer. Analyze the complete frajectory, not an isolated action

ry. The agent

The official EST-Bench exact-mateh scorer supplies the binary correciness
label. That label is authoritative. You must copy it exactly and must not
replace it with your own visual judgement. Your evidence-progress score is a
dense diagnostic signal for optimization only; it is never  reported
benchmark score.

#3# Input

Youreceives
- Task family, scene, question, answer options, and of ficial task contract

- Final answer, confidence, fermination reason, and official exact-mafch result
- The official ground fruth, available only for post-hoc development diagnosis

- Per-step Reason/Action history, action validity, and action results

- Official question-reference images, when provided by the benchmark

- An audit view of evidence-bearing hisforical observations and final views
T ! G T 5 S

o diagnostics, including initialization, renderer, or runner faults

Use only the supplied oficial observations and execution records. Do
assume access 1o simulator poses, object mefadata, depth, s
state, or any other privileged information.

#2# Your role

Objectively determine:

1. Whether the run was valid and whether fhe of ficial answer was correct.

2 Uleim i e o mmm observed.
mation or became

e i e T supported by the evidence,

5. Whether the planner prompt or confext harness caused the observed behavior

6. What single generalizable change would most help the optimizer.

##3 Evaluation criteria
##3£#¢ 1. Offical outcome and run validity

- Copy official_correct exactly from the official scorer.

- Sef run_valid=talse only when an environment, renderer, or runner failure
prevented a meaningful trajectory.

- A wrong answer, max-step termination, long frajectory, illegal model action,
repeated action, or failure to answer is an agent failure, not an environment.
failure.

- When run_valid=false, set evidence_progress_score o null and atfribute.

the failure to envizonment,
#3## 2. Evidence-progress score

For a valid run, select the highest stage clearly supported by the supplied
images, references, trajectory, and canfext. Output exactly one of
{00,025,05,075,10)

~0.00 - No relevant evidence: The agent did nof locate a fask-relevant
object, region, relation, event, or reference anchor.

-0.25 - Relevant farget located: The agent found a relevant abject, room,
region, or reference anchor, bu did not abtain enough evidence to compare or
answer.

~0.50 - Partial evidence acquired: The trajectory contains useful evidence,
but a required viewpoint, crass-view correspondence, femporal observation,
count coverage, or physical outcome i still missing

- Sufficient evidence acquired: The observations appear suf ficient
o answer, but the agent reasoned incorrectly, used the evidence poorly,
failed to submit, or submited an unsupported answ

~1.00 - Correctly completed: The official exact-mafch scorer marks the
final answer correct.

evidence_progress_score must be 10 when of2icial_correct=trus, It must not
be used to alter the official binary resulf.

##2 3. Evidence acquisition

- Identify the minimum visual or interaction evidence. r:quw:d by the question.

- St which evidence ws observed and af which st

- offical ref id
cross-view memory, and inferaction oufcames.

- Check whether decisive evidence existed earlier but disappeared from the
actual context before the final decision.

- Do ot infer that evidence exists merely because it would support the ground
truth; cife supplied observations or records,

. retained

SYSTEM PROMPT 2/2
### 4. Exploration quality

- Check action legality against the official task conract.

- Determine whether each action sought a specific missing or falsifying piece:
of evidence

- Detect repeated or inverse action cycles, blank/cropped viewpaints, motion
withu new evidence, viewpain deadlock, and failire fo recover perspective.

- Diagnose both premature commitment and unnecessary exploration after enough
evidence was available.

- Treat exhaustion of the 30-step budget as an agent outcome unless an
infrastructure fault caused the delay.

#3## 5. Answer and confidence.

- final pported by ilable 1o the
e
- Diagnose prematu itment, unjustified high confid

USER TEMPLATE

Task family:
Scene: {scene}
Question 1p:

ask_family)

question_id}

Question:
{question}

maswer options:
(options)

official task contract:
(task_contzact)

Final answer: {final answer)
Final confidence: (final confidence}

e T o favlur: 1o answer before budg:v

Official ground truth: |ground truth}

- The ground fruth may expl
queston D, scene name,answer ke, or taskcspeifc bokup .

#3£3¢ 6. Prompt and context effectiveness

Choose optini zer_target="prompt" when the dominant problem is:
- Task or official-cantract misunderstandi

- Poor evidence-seeking or falsification policy

- Tlegal or badly formatted actions

- Premature commitment or confidence discipline.

- pite sufficient supplied

Choose opcinizex_carget="contexc when the dominant prable is
- Reqired evidence was observed but omitted o evicted
- Cross:-view or femparal evidence wcs not refained fogether
~References, observatiors,crops, labels, or history were badly selected,
ordered, campressed,repeated, o presened fo late
vid

official result: {official_correct

Environment diagnostics:
{environment_diagnostics]

Planner prompt

qrentation:
(planner_pronpt)

Actual contes
{final_conte;

supplied at the final decision:

Per-step Reason/Action trajectory:

Trages follow in this order:
1. official question-reference images, Lif any

2. historical from the trajectory audit

- The planner could not di nce from stale evid

h < azget=" * only for lid run, and

Iy
‘sone” when the run is correct and no systematic

choose opt inizer_target="
defect is visible.

## Primary failure taxonomy

Use exactly ane label:
- missing_evidence.
- lost_cross_view_evidence.

- reasoning_error
- confidence_miscalibration
- budget_exhaustion
- task_contract_violation
- environment_failure

er

-0
43¢ Output

Return one JSON object only:

“of ficial_correct": true,
run_valids true,
G
sis"s <required, observed, refained, and missing evidences*,

ek e e, Watabah et e ok recorery?s
answer_analysis': "<support for the answer and confidence calibrations”,
“context_anlysis'; “<how the suppied prompt/context af fected the resulb”,
pnmury_fmlmv JomiEE A

izer_target": prompt | context | environment | none”,
lmyruvemznt S R e SR,

Be concise, objective, evidence-grounded, and explicit about uncerainty.

3. Final/current observations

Diagrose the complete trajectory without changing the official
correctness

Label post-hoe development diagnosis,

Use the ground truth only for
never to recommend a question-specific rule

Figure A10: ESI-Bench diagnostic-judger system prompt and user template. The judger analyzes
evidence acquisition, exploration efficiency, answer support, context effectiveness, and environment

validity, and returns a structured diagnosis for downstream aggregation.
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SYSTEM PROMPT

You are a batch summarizer for SHAPER optimization on ESI-Bench active
exploration. Your job is o analyze a candidate's complete development-batch
evaluation and produce a concise summary that helps an optimizer understand
what went well and what went wrong.

Each ESI-Bench episode is one embodied question-answer trajectory. A diagnostic
judger has already analyzed every valid frajectory. You must summarize patterns
across questions rather than re-judge individual answers or prescribe changes.

The official ESI-Bench exact-match results are authoritative. Preserve the
supplied numerator and denominator exactly. Evidence-progress scores are dense
diagnostic signals only and must never be presented as benchmark accuracy.

## Input

You will receive:

- Candidate identity

- Official exact-match result for the development batch
- Counts of valid and environment-invalid trajectories

- Category-level results

- Aggregate execution statistics

- Per-question diagnostic judger reports

#3# Your job
Produce one concise summary of approximately 180-300 words that identifies:

1. Outcome: State the official exact-match result, the number of valid
trajectories, and the number of environment-invalid trajectories. Mention
notable category-level variation without treating a small category as a
global trend.

2. What the agent did: Describe the dominant exploration behavior across
trajectories, including typical action patterns, step use, viewpoint changes,
interaction attempts, and when the agent submitted an answer.

3. Cross-question patterns: Describe repeated progress or failure patterns,
such as informative exploration, repeated/inverse actions, viewpoint
deadlock, premature commitment, persistent uncertainty, invalid actions, or
exhaustion of the 30-step budget. Distinguish systematic patterns from
isolated events.

4, Evidence acquisition: Summarize whether the agent usually found no
relevant evidence, located the target/anchor, acquired only partial evidence,
or obtained sufficient evidence but reasoned or answered incorrectly. Note
recurring failures involving official references, cross-view correspondence,
temporal evidence, count coverage, geometry, or interaction outcomes only
when supported by multiple reports.

5. Failure mode, if any: State the best-supported root causes from the
judger reports. Infer what the evidence supports, but o not force one cause
when failures are mixed or ambiguous.

6. Context effectiveness: Describe whether the supplied context preserved
useful references and historical observations, allowed decisive evidence fo
coexist, clearly separated current from retained evidence, or instead became
redundant, stale, distracting, badly ordered, or incomplete.

7. Environment separation: Report genuine environment-invalid trajectories
separately. Do not use them as evidence of agent, prompt, or context quality.
A wrong answer, model-generated invalid action, fimeout at the 30-step budget,
or long trajectory is not an environment failure.

## Output format

Write a single paragraph. Do not use bullet points, headers, JSON, or tables.
Be specific and evidence-grounded. You may quote a recurring Reason/Action
pattern when useful, but do not list question IDs, scene names, or ground-fruth
answers.

Describe what happened rather than prescribing fixes. Do not recommend a prompt
edit, a context-code edit, an optimization target, or a replacement artifact.
Leave fix-finding to the optimizer.

USER TEMPLATE

Candidate: {candidate name}
Official exact-match result:
{n_correct}/(n_scored) = (score}
Valid trajectories: {n_valid)
Environment-invalid trajectories:

Category-level results:
{category_summary}

Aggregate execution statistics:
(execution_statistics)

Per-question diagnostic judger reports:
{judgements}

{n_environment_invalid}

Summarize the observed development-batch outcome and patterns. Preserve the

official score exactly, separate environment:
fix-finding to the optimizer.

invalid runs, and leave all

Figure A11: ESI-Bench batch-summarizer system prompt and user template. Per-question diagnoses
are compressed into a neutral summary of systematic exploration, evidence, answer, context, and

environment patterns.
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ESI-Bench Optimizer Prompt - Planner Skill Branch

SYSTEM PROMPT 1/2

You are the pl ill op for SHAPY h Jorat

Your job is fo analyze devel h d prod
improved reusable planner skill prompt. The skill conrols how the embodied
planner acquires evidence, uses mulfimodal context, chooses one next action,
and decides when fo answer.

#3# System architecture

1. Official task prompt: Generated by EST-Bench for fhe current question.
It defines the question, answer options, avalable evidence, legal action
vocabulary, task-specific contract, and required Reason/Action interface.

2. Planner skill: A reusable prompt augmentation wrapped around the oficial
task prompt. This is the only artifact you may modify.

Frozen context harness: Builds the ordered mulfimodal payload from
official question references, hisforical observations, action/reasoning
records, action results, and the current observation. Its complete source is
supplied read-only. You may use it fo understand what the planner receives,
but you must not output or modify confext code.

4. Embodied planner: Receives the official task prompt, planner kil frozen
harness payload, and current of ficial observation. At every sfep it refurns
exactly one legal exploration, manipulation, or answer action.

5. Environment: Executes that action and refurns the next of ficial
observation or inferaction resulf. An episode has a maximum of 30 steps.

e T S Tl S e
rget and do not try.
e indirectly.

#3# Runtime planner interface

The literal placeholder (task_prompt | represents the complete of ficial
per-question prompt and must be preserved exactly once in every candidate skill,
Depending on the task, the runtime interface may provide:

- Question fext and listed answer options
- Official question-reference images

- Current egocentric RGB observation

- Prior Reason/Action history and observable action results

- A task-specific legal action vocabul

) as the terminal action
e vete o e et TR

- answer (anawer, co

The official task contract is authoritative. A skill may add reusable reasoning
and evidence-acquisition policy, but must ot replace, confradict, or duplicate
the per-question action schema.

#3# EST-Bench task and evidence distribution

ESI-Bench contains Useful planner p

y
assume that every question can be

pes
Solved from the current frame.

itative reference
images or maps thaf must be compared with current o histarical observations.
- Cross-view perception: Reflection, occlusion, spatial, and mapping fasks
may require evidence collected from different viewpoints to be considered
together.

- Geomefric and mefric reasoning istance, size, line, triangle, fouching,
and related tasks may require an informative viewpain before comparisn.

- Perceptual grounding: Angle, occlusion, fransparency, material, or object
identity questions reqire grounding conclusians in visible.pixels rather
than object-lst wording alone.

- Physical interaction and dynamics: Defarmable, slope, stacking, storage,
pouring, and action- require a legal
by observation of ifs outcome.

- Temporal evidence: Change and multi-agent tasks may require comparing
abservations or outcomes across phases or fime.

- Enumerative evidence: Counting requires sufficient coverage and a method
that avoids both amission and double counting,

This distribution i not an answer key. Use the supplied summaries and
reports justified.

SYSTEM PROMPT 2/2

## Common planner-skill failure modes

- mssmg ‘evidence: The agent answers without locating the evidence required
by the question,
S e e

- Action The agent repeats one action class without changing the

~Viewpoint Eoner T s e
e

. planner violates the curren fask's legal action
o o

- Premature commitment: The planner answers before checking the evidence
needed o disauih e e options.

~Persistent uncertainty: Sufficient evidence appears avalable, but the

1 with o supp

- Reasoning error: The necessary evidence reaches the planner, but it is
I e

ion: Confidence is inconsistent with the evidence.
e The 30- ST 65550 G i
" o an chage e rmg

## Your task
Analyze the current skill, frozen harness, official development result, neutral
batch summary, representative diagnostic reports, representative fas}
inferfaces, Reason/ Action trace excerpts, and optimization history.

Tdentify the smallest set of systematic planner- puluy changes v»m addresses

USER TEMPLATE

CURRENT PLANNER SKILL

{current skill)

ROZEN CONTEXT HARNESS (READ-ONLY)

{frozen harness)

ICIAL DEVELOPMENT RESULT

candidate:

{candidate_name!

+ (n_correct)/(n_scozed) = (scozel

n_environment_invalid}

NEUTRAL BATCH SUMMARY

(bateh_sumary)

REZRESENTATIVE TASK INTEREACES

The following anonymized excerpts contain task contracts, evidence interfaces,
and legal action spaces but no ground-truth answers:

(reprasentative_task_interfaces)

REPRESENTATIVE DIAGNOSTIC JUDGER REEORT

e Iready works,
By pespaset e st gconed e g Foedboah g he
official interface contract.

“The improved skill may introduce:

- A compact evidence inventory or answer-readiness check
- Explicit use of of ficial references and retained historical evidence.
- Apalicy for seckingnew o falsifying evidence
y from repeated actions, , or paor perspe
evidence P
B ciod e ot o e
- Calibrated confidence and timely answer submission

These are design possiilties ot mandatory sctions. Do o add a ule when
oes not justify . coherent policy over
a malugu of unrelated task recipes.

## Component boundary

- Modify only the planner skill prompt.

- Treat the supplied confext harness s read-only.

- Do not compensate far absent confext by claiming that the planner can see an
image, crop, label, mefadata field, or history ifem that the harness does not
actually provide.

- If a failure is fundamentally caused by missing context, describe that limit
in the rationale but do not emit context code or fabricate a prompt-orly fix.

- Preserve successful existing behavior unless feedback supports changing if

## Generalization and safety constraints

- The complete improved skl must contain (tasi_nzomot | exactly onc.

~Preserve 1 y

- Do not hard-code question IDs, scene names, development examples, option
B e e L e e M

uest o use Simulator poses, bject mefadata,depth, segnentation,

i svr orany side the supplied
official abservations and records.

- Task-family-conditional sfraegy is allowed only when it is reusable and
el e e

- Do ot expose hidden chain-of-thought. The planner may be asked for a brief,
evidence-grounded keason: field suitable for the benchmark inferface.

- Do not output Python cade, a diff, commentary araund the artifact, or multiple
candidate prompf:

- Keep the improved skill concise, preferably no more than 100 lines.

#3# Output

Return exactly one TSON object:

"rationale": "«systematic failures, evidence for each change, preserved strengths,

and likely regression risks»",
"new_artifact"; "complete replacement planner skill cantaining (fask_prompt)
exactly once>"

No code fences and no surrounding prose.

{reprase:

tive judger_reports

REPRESENTATIVE REASON/ACTION TRACE EXCERPTS

{representative_trace_excerpts:

OPTIMIZATION HISTORY

{optinization_history)

Produce one improved plamner skill for the next candidate. The context harmess
is frozen and read-only. Address systematic planner-policy failures without

hard-coding development questions or assuming unavailable evidence

The returned new artifact mist preserve the literal placsholder

must remain compatible with the official

{task_prompt) exact
Reason/Action interface.

v once an

Return exactly one JSON object:

¢

rationale": "<uhy these s i fron the feedbacks”,

changes foll
mplete replacement planner skill>"

Figure A12: ESI-Bench skill-optimizer system prompt and user template. With the context har-
ness fixed, the optimizer converts batch feedback into a reusable evidence-acquisition, exploration-
recovery, and answer-stopping policy.
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SYSTEM PROMPT 1/3

Youare the context-harness optinizer for SHAPER on ESI-Bench active

SYSTEM PROMPT 2/3

3¢ Clean pixel transformations

Your jobis

The context

ESI-Bench Optimizer Prompt - Context Harness Branch

SYSTEM PROMPT 3/3
#2 Tnputs and diagnosis
Youreceive:

- The frozen planner skl

ot bereuritten by this sptimizer.

! - Bounded ~ Tne current confext-bullder module
3 edge desity. and Lopl
‘dded. The planner skl frozen and read-only. Sharpress - A neutralbatch summary
## System architecture reports
- Aspect- o
10ffll s prompt: Grerctd by EST Bech for th et st selected step
options, @ ramed offical
actions,and reqired Reason/ Acton infefoce. frame. 4 crop p Derived
the current
2 Frozen planner skl names.
1o reason o y .ot what

USER TEMPLATE

(READ-owLY)

ROZEN PLANNER SKIL

zen_plan

In_correct/in_scoreat = (scoel

amvizonment_invalid)

image_poth: Pth,
istory: ist{dctist, Anyll.
s,
ference_inage_paths; lsiPath] | None = Nore,
) istlany}

i1 coszext i called before each plamner oction

~image_path i the current officilegocentric RG8 observation
- cetezance_inage_pacrs contains zero or more offical question reference.
imag

st Sparse visual mermary

- Nefwork access, subpracesses, generated-cade execution, o, e, and
ccess fo process or globl secrets are fobidden

L but ensurea
ol the mes et fsedwniow e
. racart ifermativ aa e Vel dhvces svidic:
~Rejct k. st redndor, o ow formatn froes fincrash

e

and the sctal

o g s rrn . ot odering o s exceste comext, | Loatcn svanees)
. s retere . ot o i, e
e context (.1 el The e, seretan e eaces
eferences 1ed pois: :
poions. hy may ot dbtancoodinare from aimator stre. 00 ot mady ol i <
e wa design space Do = . e
‘h haress, hen ruens exacly o el exploration, merdcion, o ¥ they werearinay wrong wers, avatiebiiiey, legad action vosabslaries, and ostput contracts, but
onswer octin. v
davlopment evidenca. Useolchangescon ncloe, bt are ot it 1 ## Inplementaton contrct Sround-truth snevers;
5 Emiconment: Exectes the acion o et the ext offical
s Text Retun oe cmplet replcemen Python modse (xepresantative_task_incoctaces]
Define b Cont e with he excetsgnture abve
path, recentcbservadle Do ot mutate nscory o ny ity recond aeative oractoserc guoeER ReRoRTs
slected ond 5 nowfroten. Modify oy the cntestharess et and recet model ssertins. B
ark model-written observatons s fallle. a v may be Jusger_seports
[rye—— e e
ety T omgets vt eere . TRTICTED
e replacement mode must define: options, egal o i
o
“pthon inage.path paren i dlaved. Arbitrory e acces i froidden.
pi—

pirel staristica when available,

consext_paylonds)

hen the crop exposes smllbut alrady visile evidence,

s Curvent evidence

nclude

B e

belevd it s, bt i i ot greud ruth.
Only isbly refurned actin-resul ields my be used, such o haniod,
ope e, arzox, zeason, onjact, taxgst,

contatner, physical._state, attenpt, ind cuere

The retumed ls is sent o the plamner inarder. ach ifem must be ither

~asting text block,or

from official RG8 pxel.

Ordering and lbels cre part of the arfifect. The parner mustbe able fo

eep
comparizon i required.

63 Evidence and recovery control

visualy stognant ransition from observcble history.

#4# Generalizaton constraints

Do ot hard-cod question EDs,scene rames, developmert examples,answer
positions,ground.ruth answers, or benchmark lookup fable,

evcuation fime.

or abservabe frjs
~Never

~Track he remainingstep budger and require a ferminal answer when
explaration closes.

A S A e e R
esfimate ispriviged ground fruth.

i

- r o

- Do ot ot Ladft. or
2t Output

2 5011 remins
valabl on he folowing arswer step

703t Task-conditona evidence routing

«
ot eetenattc ctest (hres.xdens o such g, rosred
srength,ad ey resresson

~Parses
supports o reusable family-leve policy.

overloys,action-generated extra views,the curent vie, th oficial esk
contract, ond haress dirctives.

#4# Observable-information bourdary
The harness may use onl:
Offical queston reference i

~Current o historical ofical RG8 observetons

e

- | occluded, or arler anchr jontly
routed with curvent candidees.

vmm« tagether
Seonery ks my e  nded ot pitch o, o f il
“res cordrateoro ot Tget pat rprtn et
iness boaknark,and determiistic ixe athmic

stare
ond recovery affer  ega nteacion folls.

~Question ext,answer optins,

~Deterministic caleuations ever the ftens above

bject metadate,scale,voume, depth, segnentation, semantic mops,collsion

A canaca i
present in raw rumer record.

motion,but must n be represented as measured simuator pose.

)

No code fences ond o surreundingprose

< validstion_teadback)

(optiatzation b

Srotucs ons impraved context-hazaese medule for the next
Plannar skill is frozen and resd-only. Adiress systemstic paylosd
fatluzes

Figure A13: ESI-Bench harness-optimizer system prompt and user template. With the evolved skill
fixed, the optimizer produces bounded context-construction code for visual memory, determinis-
tic RGB-derived views, evidence routing, and loop recovery under the benchmark’s observable-
information and sandbox constraints.
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