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Abstract

Agentic embodied intelligence plays a foundational role in open-ended, dynamic physical environ-
ments. Rather than treating policy learning as an end-to-end mapping from instructions to actions,
recent studies reveal that embodied systems depend not only on pre-trained foundation models, but
also on harness. Improving a robot harness often requires additional interaction to test hypotheses
that existing execution records cannot resolve. To address this challenge, we propose VISTA, a
meta-agent framework that transforms post-hoc rollout reflection into active self-exploration for em-
bodied harness improvement. Specifically, VISTA maintains a harness DAG that records the lineage
of proposed harnesses, which enables the meta-agent to retrieve prior hypotheses, build on effective
mechanisms, and avoid repeatedly exploring failed directions. Each iteration begins from a retained
harness version and its execution evidence. Rather than directly committing an update from these
historical trajectories, the meta-agent actively explores in the environment. It autonomously gen-
erates new rollouts, probes execution failures and recovery behaviors, and iteratively modifies the
harness based on the resulting evidence. The refined harness is then evaluated afresh and added to
the harness DAG. We evaluate VISTA on the LIBERO-Pro, RoboCasa, and RoboTwin benchmarks.
Experimental results show that VISTA improves autonomous task success through iterative harness
development while keeping the underlying model parameters fixed.
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1 Introduction

Embodied artificial intelligence has emerged as a cornerstone for enabling autonomous systems to perceive,
reason, and interact seamlessly within dynamic physical environments, offering transformative potential
across household assistance, healthcare logistics, and industrial automation [4, 13]. Catalyzed by multimodal
foundation models and large-scale embodiment datasets, learning-based paradigms have demonstrated in-
creasingly competitive capabilities in executing atomic manipulation tasks [3, 25, 27, 35, 37, 42, 49, 53, 58].
But scaling end-to-end policies to long-horizon, multi-stage tasks remains notoriously difficult. End-to-end
models suffer severely from compounding execution errors over extended trajectories, out-of-distribution
generalization under perturbations, and prohibitive sample complexity when attempting to fit multi-modal,
long-tail action distributions across heterogeneous task phases [1, 23].

To overcome these fundamental limitations, the convergence of frontier large language model (LLM) agents
and robotics has established embodied agentic systems as a pivotal research frontier [21, 31, 47, 48, 54]. By
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Figure 1 VISTA actively explores the environment to improve embodied-agent harnesses. Starting from an
initial harness, a meta-agent inspects prior execution evidence, proposes revisions, and actively interacts with the
environment to test hypotheses and refine candidate harnesses before formal evaluation. The Goal-t09 example starts
from the minimal H, harness exposing observation and the frozen VLA policy.

coupling high-level symbolic reasoning and stateful tool orchestration with low-level control policies, agen-
tic embodied architectures offer decisive advantages in managing long-horizon complexity: they facilitate
modular hierarchical task decomposition, support active perception to resolve visual ambiguities, and enable
closed-loop error diagnosis and autonomous recovery. The performance, reliability, and long-horizon coher-
ence of such systems depend not only on their pre-trained foundation model weights, but also fundamentally
on their harness [16, 52]. Existing systems construct and improve these harnesses through code generation,
reusable skills, and memory-guided execution [31, 17, 48, 54]. VISTA focuses on a complementary question:
how can a coding agent improve an executable robot harness by acquiring additional evidence through direct
interaction with the environment? Existing records do not always contain the observations or interventions
needed to test a proposed explanation of a failure.

To address this issue, we propose VISTA, a meta-agent framework that unifies active environmental exploration
with closed-loop harness adaptation to achieve embodied self-improvement. The meta-agent controls the
development process: it selects what to inspect, which public sensing and control capabilities to invoke, and
which autonomous tests to request. Evidence from these interactions guides executable harness revisions.
After development, the submitted harness is frozen and evaluated through fresh autonomous execution. Its
code and evidence are retained in a harness DAG, allowing the meta-agent to retrieve prior hypotheses, reuse
effective mechanisms, and explore from earlier candidates.

We evaluate VISTA on LIBERO-Pro [57], RoboCasa365 [36], and RoboTwin [¢]. VISTA improves task
success by accumulating executable mechanisms across development rounds. These results support harness
development as a practical way to convert embodied experience into persistent changes in agent behavior.
Our contributions are summarized as follows:

e We propose VISTA, a framework that departs from conventional handcrafted heuristics and static mem-
ory augmentation by framing the robot’s operational harness as an evolvable, executable control plane,
realizing autonomous embodied self-improvement.



e« We introduce an active exploration mechanism where the meta-agent empowers the embodied system
to actively gather diagnostic physical evidence, linking exploratory evidence to executable harness revi-
sions. Furthermore, we develop a Harness Graph to track the evolutionary lineage of candidate harnesses,
facilitating hypothesis retrieval, component reuse, and principled branch exploration.

¢ We conduct comprehensive evaluations on the challenging LIBERO-Pro, RoboCasa, and RoboTwin bench-
marks. Experimental results demonstrate that VISTA progressively improves manipulation success rates
through accumulated experience, improving over the corresponding initial harnesses.

2 Related Work

2.1 Foundation Models for Robotic Manipulation

Low-level action policies. Foundation models for robotic manipulation can be broadly categorized according
to how their semantic knowledge is connected to physical control. One line of research extends pretrained
vision—language models (VLMSs) into low-level policies through vision-language-action (VLA) models, which
generate continuous action chunks using diffusion or flow matching [3, 12], task-space keyframes or spatial-
grid actions [43], and latent action codes learned from robot trajectories or videos [5, 9]. Recent video—
action and world—action models further couple action prediction with future visual dynamics [30, 40]. Robot
foundation models extend these capabilities across heterogeneous tasks and embodiments [14, 39], while
subsequent studies improve action initialization, tokenization, and adaptation to new tasks and embodiments
[51]. Despite their strong control performance, these approaches translate general pretrained knowledge into
embodiment-specific motor signals and often require additional robot trajectories when the task family or
platform changes [55].

Semantic decision making and physical grounding. A complementary line of research treats foundation mod-
els as semantic decision makers rather than direct motor controllers. These models predict subgoals, keypoints,
affordances, value maps, or spatial constraints, which are subsequently realized by downstream controllers
[15, 21]. Although this preserves high-level semantic reasoning, it separates model intent from physical execu-
tion and depends on system-specific grounding pipelines [17, 20], as well as long-horizon planning, closed-loop
feedback, and failure recovery [19]. Together, these two directions reveal a trade-off between direct physical
control and semantic generalization: low-level policies offer precise execution but are closely tied to specific
embodiments, whereas intermediate representations preserve semantic structure but limit physical adaptabil-
ity. This trade-off motivates interfaces that combine semantic interpretability with fine-grained executable
actions.

2.2 Embodied Agent Systems

Agentic control architectures. Building on these foundation-model paradigms, agentic embodied systems
place a pretrained VLM within an iterative harness that translates model decisions into robot actions and
feeds execution outcomes back to the model, thereby closing the perception—decision—execution loop [32, 34].
Existing systems mainly differ in the primitives through which decisions are executed. Some models generate
programs over perception and control APIs [6, 18], while others select skills from predefined libraries [28, 44],
steer learned policies such as VLAs with language subgoals [7, 41], or delegate decisions to symbolic planners
and numerical optimizers [10, 11]. To support long-horizon interaction, these systems typically maintain task
context and persistent memory [2], perform feedback-based monitoring and reflection [22], and detect failures
for replanning and recovery [16].

Interfaces for embodied execution. Within agentic robot systems, interface design strongly affects control
performance. While high-level, human-designed abstractions can improve reliability, composing low-level
perception and control APIs remains difficult [18]. Many systems therefore expose skills, controllers, or
VLAs as callable primitives [15, 54], leaving the agent to decide what to do while an opaque executor
determines how to perform it [19]. Although this simplifies planning, it reduces the model’s role in fine-
grained physical control. Similar compact action interfaces are used by computer-use and game agents
[33, 38], simulated embodied agents [26, 29], and navigation systems [70]. Real-world manipulation still lacks



Figure 2 Overview of VISTA. The meta-agent develops an embodied harness from versioned implementations and
multimodal execution evidence. Within a development iteration, it interleaves code revision, active exploration, and
autonomous candidate testing. After submission, the frozen candidate undergoes a separate autonomous evaluation
under the declared development conditions. The selection rule determines whether it replaces the incumbent; both
promoted and rejected versions remain in the history. The inner loop acquires evidence and refines a candidate, while
the outer loop selects and retains harnesses across development iterations.

a comparably simple and reusable interface because its control is high-dimensional, embodiment-specific,
and spatially precise, motivating semantic action spaces with deterministic physical grounding and cross-
embodiment transfer across diverse tasks and settings.

3 Method

VISTA improves an embodied agent by evolving its harness, including the instructions, executable skills,
and coordination logic through which the agent perceives, reasons, and acts. The online agent has access
to a language-model planner, a VLA model, and public robot capabilities. VISTA keeps the underlying
model parameters fixed and optimizes how these resources are composed into autonomous behavior. Figure 2
illustrates the resulting development loop. A meta-agent, implemented as a coding agent, retrieves a harness
version and its execution evidence, identifies a behavior to improve, and develops a candidate. During
development, it can actively investigate the environment, probe execution failures, and revise the harness
in response to newly acquired evidence. It can also request autonomous tests of intermediate versions.
The submitted candidate is then frozen and evaluated in fresh autonomous episodes. A host-controlled
selection rule updates the incumbent, while the candidate and its evidence remain available for subsequent
iterations. Improvement is thus carried forward through both executable harness versions and the experience
accumulated while developing them.

3.1 Harness DAG

Let Ly denote the online language model, 7, the VLA, and C the public capability interface. The inter-
face exposes observation, perception, policy inference, and bounded robot control. A harness is a package
H = (1,8, P, M, D), where I specifies model-facing instructions, S contains skill descriptions and executable
implementations, P provides hooks for request construction, tool selection, and feedback processing, M



stores persistent procedural knowledge, and D declares tool bindings and capability dependencies. Skills
may compose multiple perception or control operations, while policy hooks govern their use within the host’s
execution loop. Harness revisions can therefore change both the operations available to the agent and how
it coordinates them. The model parameters, capability interface, and evaluation rule are fixed. For a task
instance z, comprising a goal and scene initialization, and execution randomness &, let S(H;x,&) € {0,1}
denote official autonomous task success. Our objective is

1mnax J(H)v J(H) :EINT,é[S(Haxvg)]v (1)
HeHce
where H¢ is the space of admissible harnesses and 7 is the task-instance distribution within the declared
search scope. A frozen harness still induces closed-loop behavior: its code and persistent knowledge remain
fixed during evaluation, while episode-local state and actions depend on incoming observations.

Harness development produces a directed acyclic graph (DAG) G = (V, E) of immutable versions. We
instantiate each harness as a Git-versioned package, with commits identifying snapshots and parent links
defining lineage. Branches preserve alternative development directions, and explicit merges can combine
histories. Execution records and development notes are linked to their corresponding versions. Each iteration
begins from the incumbent by default, but the meta-agent may select another recorded base, including
a previously rejected candidate, and inspect earlier implementations for reusable mechanisms. Retaining
unsuccessful proposals makes their diagnostic findings available to later development.

3.2 Evidence-Guided Harness Revision

Each development record is tied to a frozen harness version and exact execution condition, including task
initialization, repetition, randomness, and execution mode. A trajectory aligns planner decisions and tool
calls with robot actions, images, and state, allowing the meta-agent to localize a failure from an aggregate
outcome to a specific decision or physical execution interval.

Given a base harness and these records, the meta-agent forms a concrete hypothesis and revises the impli-
cated components, such as instructions, observation processing, skill termination, or coordination logic. The
resulting version and its supporting evidence are retained for later development. When recorded trajecto-
ries are insufficient to resolve the hypothesis, VISTA acquires additional embodied evidence through active
exploration.

3.3 Active Diagnostic Exploration

Unlike static reflection, VISTA allows the meta-agent to collect new embodied evidence before submitting a
candidate. It can launch a private simulator session from a frozen harness snapshot, inspect the current exe-
cution state, and invoke public sensing or control capabilities to test a specific hypothesis. These interactions
provide diagnostic evidence for subsequent harness revisions rather than modifying the formal evaluation
process.

After revision, the meta-agent can request fresh autonomous test rollouts to determine whether the candidate
reproduces the desired behavior without intervention. Development therefore alternates among hypothesis
formation, targeted interaction, harness revision, and autonomous testing until a candidate is submitted or
the development budget is exhausted. Diagnostic traces and intermediate test results remain development
evidence; promotion is determined only by the separate formal evaluation in 3.4.

3.4 Autonomous Validation and Selection

After submission, the host evaluates the frozen candidate through fresh episodes without meta-agent interven-
tion. For a declared development matrix containing M task initializations and R repetitions per initialization,
its empirical success is

TaelH) = <1 S S~ S(H i 61.) @)

i=1r=1

ay)



Algorithm 1 VISTA: active exploration for harness evolution

Require: Initial harness Hjyjt, development matrix Dyey, budgets
1: Evaluate Hi,j; and initialize H* < Hin;¢ and development graph G
2: while budget remains and stopping rule is not met do

3: if * requires confirmation then

4: H <+ H*

5: else

6: Initialize development from a retained base in G (default: H*)

7 while development budget remains and no candidate is submitted do

8: Meta-agent autonomously selects and executes the next operation from evidence
(history inspection, harness revision, live diagnosis, or autonomous testing)

9: Add resulting versions and evidence to G

10: end while ~

11: Validate and freeze the submitted candidate H

12: end if _

13: Evaluate H autonomously on Dgey from fresh initializations

14: Add H and its evaluation records to G

15: if the evaluation is complete then

16: Update H* using Eq. (3) and update its confirmation state

17: end if

18: end while
19: return H*

Candidate and incumbent evaluations use matching task initializations, repetition settings, model configura-
tions, and execution limits. Selection requires a complete, comparable matrix of valid autonomous outcomes.
Matching incumbent evaluations may be reused. Under the success-based selection rule, the incumbent H}
is updated as

(3)

e - Hy, Jaev(Hy) > Jaev(H),
s H}, otherwise,

where I:Tk is the submitted candidate. Ties retain the incumbent. All frozen versions and their available

records are retained, regardless of promotion.

Algorithm 1 summarizes the procedure. Search is bounded by the configured development and iteration
budgets. When early stopping is enabled, the same selected package must achieve the required consecutive
perfect formal evaluations; a confirmation iteration re-evaluates that package without another development
attempt.

4 Experiments

4.1 Experiments Setup

Benchmarks. We conduct experiments on LIBERO-Pro [57], RoboCasa365 [30], and RoboTwin [8]. For
LIBERO-Pro, we evaluate across Spatial, Object, Goal, and Libero-10 under instruction redirection; we refer
to these four suites as LIBERO-T, and additionally evaluate on the four LIBERO-S suites, which apply
position perturbations that swap object and fixture initial positions. Each suite contains 10 tasks, evaluated
using eight scene seeds with two repetitions per seed (16 episodes per task and 160 episodes per suite).
For RoboCasa365, we consider the Composite Seen and Composite Unseen task categories. Each category
contains 16 tasks, evaluated using eight scene seeds with two repetitions per seed (256 episodes per category).
For RoboTwin, the development matrix contains 50 tasks, each evaluated in 4 randomized scenes with 2
repetitions (400 episodes per evaluated condition).

Models. We use mp5 [12] for LIBERO-Pro, RLDX-1 [24] for RoboCasa365, and LingBot-VLA [50] for
RoboTwin as the learned manipulation policies. The online planner uses GPT-5.6 Sol. The Meta-agent



Table 1 Success rate (%) on the eight LIBERO-Pro suites: the four LIBERO-T suites under instruction redirection
(top block) and the four LIBERO-S suites under position perturbation (bottom block). Hy is the initial harness and
Hvyista is the final selected harness. The baseline rows are reported on the LIBERO-T suites.

Method Spatial Object Goal LIBERO-10 Mean
LIBERO-T suites (instruction redirection)

OpenVLA [27] 0.0 0.0 0.0 0.0 0.0

o [3] 0.0 0.0 0.0 0.0 0.0

mo.5 [12] 40.0 65.0 40.0 50.0 48.8
HarnessVLA [54] 79.0 79.0 62.0 62.0 70.4
Initial harness Hy 18.8 49.4 16.3 6.9 22.8
Evolved harness Hvista 98.1 100.0 98.8 89.4 96.6
A over Hy +794  +450.6 +82.5 +82.5 +73.8
LIBERO-S suites (position perturbation)

Initial harness Hy 30.0 14.4 4.4 0.0 12.2

Evolved harness Hvyista 100.0 99.4 97.5 76.9 93.4
A over Hy +70.0 +85.0 +93.1 +76.9 +81.3

Table 2 Success rate (%) on Composite Seen and Composite Unseen task categories in RoboCasa365. Hy is initialized
from HarnessVLA. Both categories report task-specific selected harnesses with complete evaluation matrices at the
2026-10-17 reporting cutoff.

Method Composite Seen  Composite Unseen
70.5 6.8% 0.9%
RLDX-1 17.4% 6.8%
Initial harness Hy 16.4% 4.7%
Evolved harness HvisTa 24.2% 13.3%
A over Hy +7.8 +8.6

is implemented with Codex, using GPT-6 Astra in the LIBERO-Pro and RoboCasa runs and GPT-6.1 Sol
in the RoboTwin run. Alongside the learned policies, the public capability interface exposes perception and
native robot control; for RoboTwin this includes motion-planned end-effector movement, wrist rotation, and
gripper control. RoboTwin episodes are capped at 100 planner turns and 10,000 environment steps. Following
the settings in RLDX-1 on RoboCasa365 evaluation, each episode is capped at a per-task step horizon (300-
2900 steps), which bounds per-rollout cost, prevents unbounded planner exploration, and makes large-scale
harness evolution tractable under fixed compute.

Baselines. We compare our method with end-to-end VLA models, including OpenVLA [25], 7 [3], 7.5 [12],
and RLDX-1 [24], and agentic embodied systems, including HarnessVLA [54]. For LIBERO-Pro, our method
starts from a minimal harness Hj exposing only the VLA and a small set of primitive tools. For RoboCasa365,
we re-implement the HarnessVLA [54] harness on our own infrastructure as our initial harness, with prompts,
tool schemas, and the per-task memory corpus taken from the reference implementation. RoboTwin starts
from a port of the reference RPent harness, containing policy hooks, prompts, memory, and bindings to
LingBot-VLA and native perception/control tools, with no additional composed skills at initialization. The
matched before/after comparison is between each benchmark’s initial harness and its task-specific selected
version. Other baseline rows are reference results; their source evaluation protocols are not assumed to match
our development matrices.

4.2 Main Results

Overall Performance. We evaluate VISTA across three benchmarks and report both initial-harness compar-
isons and reference baseline results. As shown in Table 1, the initial harness achieves 22.8% mean success on



Table 3 Success rate (%) on RoboTwin. The development matrix contains 50 tasks, each evaluated in 4 randomized
scenes with 2 repetitions (400 episodes per evaluated condition). Hp is the initial harness and Hyigta is the final
selected harness.

Method RoboTwin
Initial harness Hy 48.5
Evolved harness Hvista 74.0
A over Hy +25.5

the four LIBERO-T suites, while the task-specific selected harnesses achieve 96.6%, a gain of 73.8 percentage
points. On the four LIBERO-S suites, the mean success rate rises from 12.2% to 93.4%; aggregated across
all eight LIBERO-Pro suites, the success rate improves from 17.5% (224/1280) to 95.0% (1216/1280). On
the multi-stage household tasks of RoboCasa365, HyisTa progressively improves the success rate from 16.4%
to 24.2% on Composite Seen, and from 4.7% to 13.3% on Composite Unseen. Both improve over Hy; the
table also includes RLDX-1 reference results [24]. On RoboTwin, the selected harness improves the aggregate
success rate from 48.5% (194/400) to 74.0% (296,/400) (Table 3).

Evolution over Development. Figure 3 visualizes how autonomous success changes over development rounds.
Each curve aggregates the retained harness scores over the ten tasks of one LIBERO-T suite; an unchanged
version carries its previous score forward. VISTA produces substantial improvements across all evaluated
suites. For the relatively easier suites, only two to three development rounds are sufficient to raise success
rates close to saturation, while the more challenging suites continue to improve over additional iterations.

100

Table 4 Recorded comparison on Goal-t00, t03, t05,
and t06. A is the selected-harness gain over Ho (percent-
age points); Token is mean cumulative Meta tokens per
task. Actual token consumption is not matched between
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Figure 3 Success rates of the retained harnesses on the Active +50.0 429M +85.9 91.6M

four LIBERO-T suites. Later points may reuse evalua-
tions of unchanged selected versions.

4.3 Ablation

Active vs. passive exploration. We compare VISTA with a rollout-only variant on Goal-t00, t03, t05, and
t06. Both conditions permit history inspection, harness editing, and autonomous candidate evaluation. Only
the active condition can open a live scene, inspect decision boundaries, and invoke diagnostic sensing or
control capabilities. Each formal evaluation contains eight seeds with two repetitions.

The comparison uses the recorded runs, whose actual Meta token consumption differs. The first two passive
rounds of Goal-t00 and Goal-t03 were conducted before the token-matching gate was introduced; later runs
used token targets. Goal-t05 also used a different provider endpoint with the closest available reasoning-effort
setting. These results therefore describe observed development outcomes, rather than a budget-matched
estimate isolating tool access. Meta tokens include cached and uncached input, output, and sub-agent usage.

Across the four tasks, Hy succeeds in 4/64 episodes. After the first round, the active and passive conditions
reach 36/64 and 29/64; after the second, they reach 59/64 and 40/64. The corresponding gains over Hy
are reported in Table 4, alongside actual token consumption. Task-level effects vary: after two rounds,
active versus passive success is 15/16 versus 0/16 on Goal-t00, 15/16 versus 14/16 on Goal-t03, 13/16 versus
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Figure 4 Harness development trajectories. (a) Representative development patterns observed during optimiza-
tion, including linear refinement, branching exploration, and branch recombination. (b) A representative trajectory
on LIBERO Goal-t08. Internal commit nodes denote small-scale active exploration and evaluation conducted by the
Meta Agent during harness development, whereas formal commit nodes start evaluations on the complete 16-instance
evaluation matrix and determine whether a candidate is promoted. Over the course of development, the harness
improves from a 50% initial success rate to 100%.

16/16 on Goal-t05, and 16/16 versus 10/16 on Goal-t06. The aggregate difference is consistent with the
value of additional interaction evidence, while the unequal resource usage and provider settings limit causal
attribution.

4.4 Analysis: Inside Harness Evolution

Development Trajectories. During optimization, the Meta Agent maintains a Git-like lineage to explore and
revise harnesses. We analyze the recorded lineages to characterize how harnesses evolve across successive
revisions. Depending on the task, we observe different development patterns. In some cases, optimization
proceeds linearly by refining the current harness. In others, the optimizer branches from an earlier revision
when the current hypothesis appears ineffective and explores an alternative direction. We also observe cases
where mechanisms developed in different branches are recombined into a new harness. Figure 4(b) shows a
representative trajectory on LIBERO Goal-t08. Starting from an initial harness with 50% formal success,
the first development round refines the placement behavior and promotes a candidate with 68.75% success.
The next round explores an alternative stopping rule, but the submitted candidate does not improve over the
incumbent and is therefore rejected. A later branch introduces a metric placement skill and reaches 100%
formal success, after which the same frozen harness is re-evaluated and again obtains 100%. This trajectory
illustrates that individual development attempts need not improve monotonically: VISTA can retain the
best-so-far harness while continuing to explore alternative hypotheses and reuse evidence from unsuccessful
branches.

Acquired Harness Mechanisms. We examine the artifacts produced during harness development to under-
stand what is accumulated through optimization. The revisions span perception interfaces, state verification,
action composition, and the allocation of control between executable skills and the frozen VLA. These cate-
gories are not mutually exclusive: a single revision may change both how an object is localized and how the
outcome of the subsequent manipulation is verified. For example, across the developed harnesses, the opti-
mizer introduces observation-dependent manipulation targets, explicit grasp and execution-state verification,
bounded recovery procedures, and programmatic action sequences that complement VLA control.

Figure 5 shows a representative example from Goal-t09. The initial harness succeeds in 0/16 episodes. In



Figure5 A representative harness development process on Goal-t09. The initial harness achieves 0/16 successes.
The first development round adds lift verification, a bounded re-localization and grasp retry, and an explicit transport-
and-release procedure, improving performance to 9/16. Analysis of the remaining failures then leads to a revision of
the lift-state interpretation and release behavior, after which the final harness achieves 16/16 on the development set.

the first development round, the meta-agent analyzes the failed trajectories and makes several concrete
changes: it requires a verified lift before transport, re-segments the carton before a bounded grasp retry, and
introduces an explicit transport-and-release procedure for placing the carton onto the rack. The resulting
harness reaches 9/16. The remaining failures expose a mismatch in the lift verification logic: lift was measured
relative to an approach pose rather than the closed-contact state from which the carton was actually lifted.
The second round therefore revises the detector to measure displacement over a continuous closed-contact
segment and resets the accumulated evidence when contact is lost, together with further adjustments to the
release behavior. After these revisions, the harness reaches 16/16 on the development set. The accepted
changes from the first round remain part of the harness in the second round, so later development builds
directly on mechanisms acquired earlier rather than restarting from the initial system.

5 Conclusion

We introduced VISTA, a framework for improving embodied agents by evolving their operational harness
while keeping the underlying model parameters fixed. Rather than treating completed rollouts as a static
source of feedback, VISTA enables a meta-agent to actively acquire diagnostic evidence, revise executable
harness components, and test intermediate solutions before submitting a frozen candidate for autonomous
evaluation. Across LIBERO-Pro, RoboCasa, and RoboTwin, this process progressively improves task success
over successive development rounds. These results demonstrate that active, execution-grounded harness de-
velopment provides a practical mechanism for converting embodied interaction into persistent improvements
in agent behavior.

Limitations and Future Works. While VISTA demonstrates substantial gains across simulated benchmarks,
our current evaluations are conducted strictly within high-fidelity simulation environments. Physical real-
robot validation has not yet been performed. Real-world deployment inevitably introduces sensor noise,
unpredictable actuation latency, and unmodeled contact dynamics. In future work, we plan to validate
VISTA on physical robotic platforms (e.g., Franka Emika arms and mobile manipulators), and evaluate
sensing, control constraints, and supervision needed for safe physical exploration.
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Appendix
A Al Assistance Disclosure

In this work, we used generative Al tools for assisting with translation, implementing partial code, supporting
qualitative analysis of failure cases, and interpreting experimental results. We have not used generative Al
tools for generating synthetic datasets, developing core theoretical or conceptual frameworks, formulating
mathematical claims, providing critical ingredients for proofs, assisting with proof writing, nor proposing or
refining the main research hypothesis. Formulating mathematical proofs is not applicable to this work.

The authors are responsible for the final manuscript, reported results, and released artifacts, including con-
tent prepared with AI assistance. Harness candidates produced by the method are assessed through the
autonomous evaluation procedure described in this paper.

B Additional Experimental Details

B.1 Infrastructure

VISTA separates harness development from autonomous evaluation through three interfaces. The meta-agent
can read previous execution records, edit a candidate package, run live diagnostics, and request autonomous
tests. The host freezes package versions, starts simulator processes, records traces, and applies the final
selection rule. Figure A1l shows the three execution paths. Historical inspection reads completed records
and does not recreate a previous simulator state. Live development starts a private scene from a frozen
harness snapshot. Autonomous evaluation starts fresh episodes with a frozen candidate and no meta-agent
intervention. All paths write records with explicit episode, request, and harness identities.

A live scene is not hot-swapped when the worktree changes. To test a later revision, VISTA starts a new
session with the new frozen package. Live observations are stored as diagnostic evidence and are not silently
added to the planner’s context. Historical depth is available only for trace modes that archive metric depth
and calibration; full_rgb records contain RGB but no historical depth.

B.2 Meta-Agent Skill and Tool Surface

The meta-agent follows the evolve-harness skill. This skill describes how to inspect history, formulate a
concrete hypothesis, revise the harness, use live sessions for diagnosis, and validate the resulting change. It
is a development protocol; it does not change the planner or VLA weights. Table A1 summarizes the main
interfaces exposed to the meta-agent.
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Execution and Evidence Infrastructure

[ Meta agent J

coding skill + structured MCP surface

[ Host-controlled interfaces ]

Historical inspection Active diagnostic development Autonomous evaluation
(recorded data only) (private scene, frozen package) (fresh scene, frozen candidate)
q o o [ live_start / live_decision } [ evaluate / evaluation_status ‘
history_* / inspect_* tools - + - + - )
l [ live_observe / live_capability } Independent RPent episode
RIS tOrC I e COr S g online agent + frozen candidate
requests - decisions - frames - actions - state - - v
live_reply / live_close p
* Fresh simulator instance ‘
sk x seed t cell
RGB always; metric depth when archived . . . (S R R G
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no simulator reconstiyction
frozen package + declared task/seed
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episode ID - request ID - harness commit - raw/processed evidence

[ Frozen model services and public capabilities ]

Figure A1 Execution and evidence infrastructure. The meta-agent communicates through a structured MCP
interface. Historical inspection reads completed records; live development interacts with a private scene created from
a frozen harness snapshot; and autonomous evaluation runs fresh episodes with no meta-agent intervention. All lanes
use request, episode, and harness identities. Evidence is written to the run store, while package freezing and formal
selection remain host-controlled. Historical depth is available only for trace modes that archive metric depth and
calibration.
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Table A1 Meta-agent interfaces in the VISTA implementation. Tools are grouped by their role in harness development.

Interface

Representative tools

Returned evidence or effect

History inspection

Package development

Active diagnostics

Autonomous testing

history_summary,
history_episodes,
history_episode,
history_decisions,
history_decision,
history_timeline,
history_frame,
inspect_decision,
inspect_harness

Coding-agent file tools,
select_parent,
budget,

submit

live_start,
live_decision,
live_observe,
live_capability,
live_reply,
live_close

evaluate,
evaluation_status

Versioned harness metadata, task/seed
identities, exact planner decisions, tool
arguments, raw and processed feedback,
physical step ranges, images, and package
contents.

Candidate edits, saved drafts, selected Git
parents, budget state, package validation,
commit identity, and submission notes.

A private frozen-package session, decision-
boundary observations, public capability
probes, optional decision replacement, and
diagnostic episode records.

A frozen candidate and fresh autonomous
episodes for specified task—seed—repeat
cells. Autonomous tests requested during
development are diagnostic evidence only.
Promotion is based on a separate host-
initiated evaluation after submission.
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The harness package itself exposes a separate runtime surface to the online agent. In the LIBERO reference
package, this surface includes native file and termination tools, image reading, an observation skill, and a
VLA-step skill. A package may additionally define a Policy with prepare_request, process_tool_result,
and optional decide hooks. These hooks operate inside the ordinary host planner loop: they can transform
the visible request or choose among bound tools, but they do not replace the host loop or change the model
weights and budgets.

The distinction between the two surfaces is deliberate. Meta tools control development and inspection;
harness tools determine what the online agent can use during an autonomous episode. A live call made by
the meta-agent therefore does not imply that the corresponding operation was available to, or selected by,
the online agent in the formal evaluation.

B.3 Git-Backed Harness History

Each frozen harness is stored as a Git commit. Ordinary revisions create parent edges, and an explicit merge
creates a commit with multiple parents. The run store attaches evaluation requests, episode records, live
diagnostics, and selection decisions to the corresponding commit.

Rejected candidates remain reachable through retained references and may be selected as later development
bases. The incumbent used for formal comparison is recorded separately from the parent selected for revision.
Thus, Git records code lineage, while the run store records the evidence and decisions associated with each
version. Reusing a file or an idea does not create a Git ancestry edge.

C Additional Quantitative Results

C.1 Complete Per-Task Results

Tables A2 and A3 report complete per-task results on the development instances of the four LIBERO-T suites
of LIBERO-Pro and RoboCasa, respectively. HO denotes the unmodified harness, while Evolved denotes the
retained champion. Both are evaluated on a 16-cell development matrix for each task.

LIBERO-Pro. Table A2 shows improvements over HO on all 40 tasks across the four LIBERO-T suites. The
suite-average success rate increases from 18.8% to 98.1% on Spatial, from 49.4% to 100.0% on Object, from
16.3% to 98.8% on Goal, and from 6.9% to 89.4% on LIBERO-10. The retained champions achieve 100.0%
success in the formal development evaluation on 34 of the 40 tasks, including every task in Object. The
task-level breakdown also reveals differences that are less apparent from the suite averages. Six tasks remain
below 100% success: two in Spatial, one in Goal, and three in LIBERO-10. In particular, LIBERO-10 T4 and
T9 remain at 62.5% and 43.8%, respectively, despite improving substantially over their zero-success initial
harnesses.
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Table A2 Per-task success rate (%) on the four LIBERO-T suites of LIBERO-Pro. 7.5 denotes the direct-deploy
baseline, HO denotes the unmodified harness, and Evolved denotes the per-task champion after evolution. A is the
gain over HO in percentage points.

Suite Method TO T1 T2 T3 T4 T5 T6 T7 T8 T9  Avg.
To5 0.0 100.0 0.0 0.0 0.0 50.0 100.0 50.0 0.0 100.0 40.0

Spatial HO 0.0 93.8 0.0 0.0 0.0 56.3 18.8 0.0 12.5 6.3 18.8
P Evolved 100.0 100.0 100.0 100.0 93.8 100.0  100.0 87.5 100.0 100.0 98.1
A +100.0 +6.3 +100.0 +100.0 +93.8 +43.8 +81.3 +87.5 +87.5 +93.8 +79.4

o5 100.0 100.0 75.0 0.0 0.0 25.0 75.0 75.0 100.0 100.0 65.0

Objiect HO 93.8 81.3 68.8 0.0 56.3 12.5 6.3 18.8 75.0 81.3 49.4
) Evolved 100.0  100.0 100.0 100.0  100.0 100.0  100.0 100.0 100.0 100.0  100.0

A +6.3 +18.8 +31.3 +100.0 +43.8 +87.5 +93.8 +81.3 +25.0 +18.8 +50.6

05 0.0 100.0 25.0 25.0 100.0 0.0 75.0 50.0 25.0 0.0 40.0

Goal HO 0.0 6.3 31.3 0.0 31.3 0.0 25.0 18.8 50.0 0.0 16.3
Evolved 100.0  100.0 87.5 100.0  100.0 100.0  100.0 100.0 100.0 100.0 98.8

A +100.0 +93.8 +56.3 +100.0 +68.8 +100.0 +75.0 +81.3 +50.0 +100.0 +82.5

05 25.0 75.0 100.0 0.0 0.0 75.0 100.0 50.0 75.0 0.0 50.0

HO 0.0 25.0 37.5 0.0 0.0 0.0 6.3 0.0 0.0 0.0 6.9

LIBERO-10 Evolved 100.0 100.0 100.0 87.5 62.5 100.0 100.0 100.0 100.0 43.8 89.4
A +100.0 +75.0 +62.5 +87.5 +462.5 +100.0 +93.8 +100.0 +100.0 +43.8 4825

RoboCasa. Table A3 reports the corresponding per-task results on Composite-Seen and Composite-Unseen.
On Composite-Seen, the evolved harness increases aggregate success from 42/256 (16.4%) to 62/256 (24.2%),
with 11 of the 16 tasks improving over HO and the largest per-task gains on PackldenticalLLunches, PreSoak-
Pan, and WashLettuce. On Composite-Unseen, the selected versions with complete evaluation matrices at
the 2026-10-17 reporting cutoff improves from 12/256 (4.7%) to 34/256 (13.3%). Here as well, the gains are
distributed across a broad set of tasks: 11 of the 16 tasks improve over HO, with the largest increases on
CategorizeCondiments and BreadSelection.
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Table A3 Complete per-task results on RoboCasa composite suites. The 75 column reports the official RC365
evaluation (per-task success rate, %). HO and Evolved report successes out of the 16-cell matrix. Both categories
report task-specific selected harnesses with complete evaluation matrices at the 2026-10-17 reporting cutoff.

Composite-Seen Composite-Unseen

Task mo.5 (%) HO Evolved A Task 0.5 (%) HO Evolved A

DeliverStraw 0 1/16 2/16 +1 ArrangeBreadBasket 2 2/16 3/16 +1
GetToastedBread 0 0/16 0/16 +0 ArrangeTea 0 0/16 0/16 +0
KettleBoiling 2 1/16 3/16 +2 BreadSelection 2 0/16 3/16 +3
LoadDishwasher 2 6/16 7/16 +1 CategorizeCondiments 0 0/16 6/16 +6
PackIdenticalLunches 4 0/16 3/16 +3 CuttingToolSelection 8 1/16 2/16 +1
PreSoakPan 26 4/16 7/16 +3 GarnishPancake 0 5/16 5/16 +0
PrepareCoffee 2 0/16 1/16 +1 GatherTableware 0 0/16 1/16 +1
RinseSinkBasin 4 6/16 7/16 +1 HeatKebabSandwich 0 0/16 0/16 +0
ScrubCuttingBoard 2 6/16 7/16 +1 MakelceLemonade 0 1/16 1/16 +0
SearingMeat 0 0/16 0/16 +0 PanTransfer 0 0/16 1/16 +1
SetUpCuttingStation 10 2/16 2/16 +0 PortionHotDogs 0 0/16 1/16 +1
StackBowlsCabinet 26 6/16 8/16 +2 RecycleBottlesByType 0 0/16 2/16 +2
SteamInMicrowave 2 3/16 5/16 +2 SeparateFreezerRack 0 0/16 0/16 +0
StirVegetables 6 2/16 2/16 +0 WaffleReheat 0 2/16 4/16 +2
StoreLeftoversInBowl 0 1/16 1/16 +0 WashFruitColander 2 0/16 2/16 +2
WashLettuce 22 4/16 7/16 +3 Weighlngredients 0 1/16 3/16 +2
Avg | Total 6.8 42]256 62/256 +20 Avg | Total 0.9 12/256 34/256 +22

C.2 Complete Evolution Details

Figure A2 presents the recorded development trajectories for the four LIBERO-T suites. The heatmaps show
the performance of the candidate evaluated in each round, whereas the curves below aggregate the best-so-far
champion scores across tasks. The right-hand panels summarize the gain of each retained champion over HO.
This distinction separates the quality of individual proposals from the performance accumulated through
candidate selection.

Across the four suites, the largest aggregate improvements occur during the early rounds, followed by smaller,
task-dependent gains. Object reaches perfect development performance, while Spatial and Goal approach
saturation. LIBERO-10 improves more gradually and retains a larger performance gap at the reporting
endpoint. The per-task trajectories further show that progress is not synchronized across tasks: some reach
high success rates within the first few rounds, whereas others continue to receive revisions throughout the
displayed development period. For example, Goal T1 reaches 100.0% only in R10.

Individual candidate scores are often non-monotonic, even when the retained champion remains unchanged.
For example, Spatial T7 reaches 87.5% in R1, but several subsequent candidates obtain lower scores without
replacing that champion. A plateau in the aggregate curve therefore does not necessarily indicate that
development has stopped; it may instead reflect continued exploration without a successful replacement.
Likewise, the non-decreasing champion curves follow from best-so-far selection and do not imply that every
proposed revision improves performance.
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Figure A2 Per-task evolution on the four LIBERO-T suites. Rows are tasks and columns are development rounds (HO:
initial harness). Solid cells report candidate successes out of 16 episodes. Dashed cells carry forward the last retained
result after development stops; they do not denote new evaluations. An em dash marks an incomplete evaluation
(LIBERO-10 task9, R10). Right: retained-harness gain over HO. Bottom: aggregate retained scores, which may reuse
earlier evaluations.
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