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Abstract

Robots are increasingly able to collect their own experience, update policies, infer models of their bod-
ies, search designs, and participate in automated experiments. In parallel, AI scientists and engineering
agents are beginning to formulate hypotheses, write and execute code, coordinate simulation tools, analyse
results, and propose revised designs. These developments are usually studied in separate communities and
at different layers of the robotics stack. As a result, self-improving robot may denote anything from online
adaptation of a fixed controller to the automated design and manufacture of a successor machine, while
recursive self-improvement is often invoked without evidence that one update made subsequent research
more effective. This Survey and Perspective introduces RobotRSI, a unifying framework for autonomous
research across robot engineering and for the verified return of research outputs to robots, robot collectives,
or successor systems. We organize the field along three orthogonal dimensions: the engineering object
being improved, the research activity being automated, and the robot context in which the improvement is
produced and evaluated. The engineering scope spans morphology, materials, actuation, sensing, energy,
electronics, perception, self- and world models, control, planning, data, learning, simulation, experimenta-
tion, manufacturing, deployment, and the research process itself. We distinguish AI scientists for robotics
from robot scientists for robotics, and separate the research executor, research target, and improvement
recipient. On this basis, we synthesize progress in autonomous hardware, software, and system-level engi-
neering; analyse how constraints vary across general-purpose and specialized robots; and define evidence
requirements for local improvement, system update, loop closure, and recursive benefit. The central con-
clusion is that important local loops already exist, including autonomous policy improvement, self-model
revision, morphology search, and physical experimentation, but present evidence is fragmented across sys-
tem boundaries. Full RobotRSI therefore remains a systems-research agenda rather than a demonstrated
monolithic capability. We propose an evaluation framework, reference architecture, and testable roadmap
for connecting these local loops without conflating automation, autonomy, embodiment, and recursion.

Keywords: recursive self-improvement; autonomous robotic research; AI scientist; robot scientist; robot co-
design; evolutionary robotics; autonomous experimentation; self-improving robots; embodied intelligence;
agentic engineering.
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1 Introduction: The Vision of RobotRSI
1.1 From robots that learn to robots that research
Robotics has long pursued machines that improve through interaction. A controller may adapt to a changed
payload, a perception model may learn from deployment data, a robot may infer an altered body model after
damage, and an evolutionary process may generate a better morphology. These are consequential forms of
improvement, but they do not all automate the same work. Some update task behaviour inside a fixed engi-
neering envelope; some search an engineer-defined design space; some close a physical experiment loop; and
only a small subset returns a validated result to a deployed robot or a manufactured successor. The distinction
matters because robot engineering is not a single optimization problem. It is a coupled process of specify-
ing requirements, selecting representations, designing hardware and software, executing computational and
physical experiments, diagnosing failures, integrating components, and validating an updated system.

Early work already exposed several parts of this wider loop. Automated evolution and fabrication con-
nected virtual morphology search to physical robot construction [1]. A modular “mother robot” later assem-
bled and evaluated successive physical phenotypes, making the experiment-and-selection loop tangible while
keeping the producing robot distinct from the robots it produced [2]. Continuous self-modelling showed that
a robot could use interaction to infer aspects of its own body and recover behaviour after damage [3]. More
recent automatic design methods greatly shorten the search for physically realizable robot bodies [4], while
real-robot learning systems reduce repeated human supervision by learning rewards, practising reversible
tasks, or curating autonomous experience [5, 6]. Together, these works demonstrate that robot improvement
can involve bodies, models, data, objectives, and experimental procedures—not only policy weights.

At the same time, automated science has changed the plausible coordinator of this work. The Robot Sci-
entist lineage made a strong claim unusually early: Adam connected machine-generated functional-genomics
hypotheses to automatically selected and physically executed experiments, and later work emphasized formal
records and reproducibility; Eve extended the architecture to drug-repositioning campaigns [7–10]. Self-
driving laboratories (SDLs) broaden this digital–physical pattern through algorithmic experiment selection,
robotic execution, and iterative learning. Examples range from thin-film optimization and mobile chemical
search to language-model-mediated chemistry and autonomous inorganic synthesis [11–14]. These systems
are central precedents for embodied research, but their research target is ordinarily a biological, chemical, or
materials system; the laboratory robot is an executor, not necessarily the artifact being improved.

Contemporary AI-scientist systems extend research automation in computational domains by generating
directions, modifying code, running experiments, maintaining notes, writing manuscripts, and conducting
machine-mediated review [15, 16]. Recent surveys organize this rapidly moving area by scientific workflow,
agent architecture, capability, autonomy, and application domain [17–21]. Engineering agents likewise con-
nect language models or search procedures to finite-element analysis, control design, data curation, and ma-
terials simulation. None of these capabilities, by itself, constitutes a self-improving robot. Their importance
is compositional: they supply research functions that may be connected to robot-specific models, simulators,
test facilities, manufacturing systems, and deployment telemetry.

This paper asks what happens when these lines of work are treated as one engineering problem. We
use RobotRSI to denote the research programme in which robot-engineering activities are increasingly auto-
mated, their validated outputs update a robot system or its successors, and selected updates measurably im-
prove the system’s capacity to conduct later improvement. RSI retains its established expansion—recursive
self-improvement—but its use here is deliberately operational rather than rhetorical. An update is recursive
only when its downstream contribution to later R&D can be identified and evaluated. Repeated gains on the
same training objective, self-adaptation during task execution, or a faster base model do not by themselves
establish such a feedback relation.

1.2 Why a full-stack engineering view is necessary
The word full-stack describes the space of eligible research targets, not a requirement that every iteration
simultaneously redesign every component. A robot may be limited by sensing rather than morphology, by
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thermal capacity rather than planning, or by experimental reset rather than the learning algorithm. A credible
self-improving system must therefore decide where to spend a limited research budget and must propagate
local changes through coupled constraints. A lighter link can reduce actuator load yet increase compliance and
model uncertainty. A higher-resolution tactile sensor can improve manipulation yet change wiring, compute,
calibration, power, and thermal requirements. A new controller may perform well in simulation but fail
because the available machine cannot reproduce the assumed geometry or contact conditions. Practical work
on evolvable hardware makes this point sharply: power delivery, connectivity, manufacturing, and assembly
define a viable phenotype space that can differ substantially from the unconstrained space imagined by an
optimizer [22].

This coupling also explains why data, learning, simulation, and experimentation should not be treated
as a fourth engineering stack parallel to hardware, software, and system engineering. They are cross-cutting
means and assets. Atomistic simulation can support a material decision; finite-element analysis can support
a mechanism; system identification can update a controller model; autonomous data collection can update a
perception or policy model; and a physical test can reject any of these outputs. The research activity should
be described where its principal engineering object changes, while common orchestration, evidence, and
hand-off mechanisms are analysed separately.

A full-stack view is also broader than morphological evolution. The proposal of multi-level evolution—
from molecular and material building blocks to morphology and sensorimotor organization—established an
important cross-layer precedent [23]. Adaptive-morphogenesis research further examines machines whose
structural and actuation systems can express useful body changes on demand [24]. RobotRSI includes both
perspectives but asks a different systems question: which research activities produced a change, who or what
made the relevant decisions, how was the result validated and adopted, and did the resulting system become
better at subsequent research? The novelty claim is therefore not “the first full-stack view of robots,” but an
evidence-oriented connection between full-stack robot engineering, autonomous research, versioned system
updates, and recursive research benefit.

Prior surveys already connect several engineering layers. Li et al. organize automated morphology, con-
troller, and vision design through modular graphical representations [25]. Howison et al. describe the ex-
change between virtual design search and large-scale physical experiments in reality-assisted evolution [26].
Alberts et al. systematically map software architecture-based self-adaptation in robotics, separating the man-
aging system, managed robot, adaptation mechanism, and evaluation strategy across 37 primary studies [27].
Reviews of SDLs additionally analyse enabling hardware and software, laboratory integration, scale, safety,
provenance, and performance metrics [28–34]. A recent AI-focused RSI survey distinguishes bounded self-
refinement from changes to policies, evaluators, and the research process [35]. RobotRSI builds on all of these
connections. Its additional question is how autonomous research targets the versioned robot-engineering stack
and how an accepted output changes the system that performs subsequent engineering work, across both com-
putational and physical activities. This motivates tracing the research executor, update recipient, and later
research benefit together, rather than claiming novelty for combining body and controller design, for naming
a closed experiment loop, or for relabelling runtime adaptation as research.

1.3 Four claims that should not be collapsed
The literature uses adaptive, autonomous, self-improving, self-evolving, and recursive with overlapping mean-
ings. To prevent labels from deciding the conclusion, we separate four claims:

1. Task adaptation: a robot changes state, parameters, a model, or behaviour in response to experience or
damage and improves an operational metric.

2. Autonomous R&D: a system performs at least one consequential research decision—such as selecting
a candidate, experiment, model, design, or diagnostic—within an engineering process.

3. System self-improvement: a validated research artifact is accepted into the defined robot system, collec-
tive, or successor version and improves an evaluated property.
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a A hybrid research ecology acts on the robot-engineering stack

AI Scientist
for robots

The robot is the research target Robot Scientist
for robots

Computational researcher

design simulate analyse

Searches representations,
invokes tools, and produces
inspectable digital artifacts.

Versioned robot system Sk

Hardware & embodiment
body • materials • drives • sensors • power/compute

Intelligence & software
perception • models • control • planning • skills/data

System & lifecycle
architecture • sim/test • fabrication • operations

R&D mechanism
goals • search • scoring • tools • memory • oversight

Embodied researcher

build test measure

Acts through robots and
instruments; records physical
outcomes, faults, and costs.

candidate artifact

constraints + logs

testable artifact

measurements + failures

b Recursion begins only when a validated update changes later research

Research Rk

Question, design,
experiment, analysis

Evidence gate
Independent checks

and integration

Recipient Sk+1

Accepted robot, fleet,
facility, or successor

Later R&D Rk+1

Uses a versioned
research capability

candidate
+ evidence

accepted
change

declared
research use

Better task performance 6= better research; inherited use 6= demonstrated recursive benefit.

Test later R&D on matched problems and resources, with independent quality criteria and a version/lineage trace.

Figure 1: RobotRSI treats robot engineering as the object of a hybrid autonomous-research system. (a) The
central robot stack is researchable from embodiment through the R&D mechanism itself. An AI Scientist role produces
computational artifacts; a Robot Scientist role builds, manipulates, and measures physical artifacts. Blue arrows carry
candidate or testable artifacts toward an executor or recipient; teal arrows return recorded constraints and evidence.
The roles can be distributed across agents, robots, instruments, facilities, and people rather than residing onboard one
robot. (b) A candidate becomes system self-improvement only after validation and adoption by a declared recipient.
The dashed purple arrow records later use of an inherited research capability; a matched downstream comparison is
additionally required to claim recursive benefit. The diagram specifies interfaces and evidential conditions, not an
existing end-to-end implementation.

4. Recursive research improvement: the accepted update causally or credibly contributes to better perfor-
mance on later research or engineering tasks under a stated comparison.

These claims can coexist, but none is inferred automatically from the previous one. Self-improving se-
mantic perception during deployment, for example, provides strong evidence for autonomous model update
and downstream localization benefit [36]. It need not include autonomous selection of a new learning al-
gorithm. Likewise, a robot that adapts to damage by searching a behavioural repertoire demonstrates rapid
operational recovery [37], not autonomous redesign of the damaged component. Conversely, an AI system
may automate substantial research planning and computational experimentation while never updating a robot.
The framework in Figure 1 makes these distinctions explicit.

1.4 Scope and research questions
We study autonomous research on robot engineering. This includes research executed entirely in software,
research that uses robots as experimental instruments, and research conducted by a distributed system con-
taining AI agents, robots, simulators, test equipment, manufacturing tools, cloud services, and people. We
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do not require the physical robot to contain every research component. Such a requirement would obscure
realistic system boundaries and would exclude successor construction, fleet learning, and remotely supported
field robots. Instead, every case records three roles: the research executor, the research target, and the
improvement recipient. A laboratory manipulator that tests an underwater propulsor is an experimental ex-
ecutor; it is not thereby the robot being improved. A cloud agent that updates a fleet policy can belong to the
defined R&D system if that boundary and its dependencies are reported.

The survey is guided by seven questions:

• RQ1: What distinguishes robot adaptation, autonomous robotic R&D, system self-improvement, and
recursive self-improvement?

• RQ2: Which research activities have been automated for each hardware, software, and lifecycle engineer-
ing object?

• RQ3: How do research decisions, computational tools, physical experiments, and human expertise inter-
act?

• RQ4: How do robot morphology, task breadth, scale, environment, and system organization change the
feasible improvement loop?

• RQ5: How are local research outputs validated, integrated, and inherited by robots or successor systems?

• RQ6: What evidence and benchmarks are required to evaluate autonomy, improvement, loop closure, and
recursion?

• RQ7: Which missing interfaces and experiments most constrain progress toward sustained RobotRSI?

1.5 Contributions and organization
This Survey and Perspective makes four contributions. First, it introduces a three-dimensional taxonomy—
engineering object × research activity × robot context—that preserves full-stack coverage without turning
every method or robot class into a separate chapter. Second, it proposes a reference architecture and evidence
model that traces artifacts from problem formulation through computation and physical experimentation to
system adoption. Third, it separates evidence for operational capability, R&D autonomy, physical realization,
system update, and recursive benefit, yielding a benchmark design that reports human and resource depen-
dencies. Fourth, it derives a research agenda centred on testable missing connections rather than forecasts of
unbounded or inevitable improvement.

Section 2 defines the scope, historical foundations, taxonomy, and review method. Section 3 describes
common mechanisms of autonomous robotic R&D. Sections 4 and 5 survey hardware/embodiment and intelli-
gence/software, respectively; Section 6 connects them through system-level engineering. Section 7 compares
robot types and operating contexts. Section 8 analyses loop closure and recursion, Section 9 develops evalu-
ation protocols, and Section 10 presents the research agenda. Section 11 states the resulting perspective and
its limitations.

2 Scope, Foundations, and Review Methodology
2.1 Unit of analysis: research transitions, not paper labels
The fundamental unit in this survey is a research transition:

τ = ⟨Si, q, a, e, z, u, Sj⟩,

where Si is the source system version, q is an engineering question or requirement, a is a sequence of
research decisions and actions, e is the resulting evidence, z is a candidate research artifact, u is the acceptance
and integration operation, and Sj is the recipient version. A transition can be partial: a paper may end at a
simulated candidate z, at a physical experiment e, or at deployment in Sj . Keeping partial transitions is
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essential for a survey of an emerging system: excluding them would hide the components from which fuller
loops must be built. At the same time, the missing edge is recorded rather than imagined.

A research artifact is any persistent output that can change a system or a later R&D process: a material
recipe, CAD model, morphology, actuator specification, sensor layout, calibration, controller, policy, model,
data set, reward, curriculum, simulator parameterization, test procedure, manufacturing plan, diagnosis, code
patch, experiment log, or distilled research memory. An artifact becomes an update only after its acceptance
into a recipient version has been demonstrated. Publication of a candidate or success in an isolated simulator
is not acceptance.

A recursive relation exists when an update uk changes the effectiveness of a later research transition τk+1.
For research performance measure JR, a minimal empirical claim has the form

∆JR = JR(τk+1 | Sk+1, B,Q)− JR(τk+1 | Sk, B,Q) > 0,

where B is a matched resource and human-support budget and Q is a new or held-out distribution of
research problems. This notation does not imply that research quality is one-dimensional. It makes the
comparison conditions explicit: if the improved system receives a larger model, more experiments, easier
questions, or additional human intervention, those changes must be reported rather than attributed silently to
recursion.

2.2 Operational definitions
Table 1 defines the principal terms. The definitions are intentionally evidence-oriented. They do not attempt
to settle every philosophical meaning of self or autonomy; they state what evidence is required for the com-
parative claims made in this paper.

2.3 What is the “self” in RobotRSI?
Robotic systems are distributed. Onboard compute may run control while a remote server trains a model;
a fleet may aggregate data; a fabrication cell may construct a successor; and people may set goals, service
equipment, or approve deployment. We therefore define the self by an explicit system boundary, not by the
surface of a robot body. Three common boundaries are legitimate:

1. Individual boundary: one robot and its onboard resources. This is the strongest interpretation for in-situ
adaptation but excludes many practical training and manufacturing dependencies.

2. Collective boundary: a fleet or modular collective that shares experience, compute, components, or
control. Improvement may be inherited by many recipients.

3. R&D-system boundary: robots, AI services, simulation, laboratories, manufacturing cells, databases,
and authorized human roles form a versioned socio-technical system.

No boundary receives an automatic maturity advantage. The individual boundary may conceal human-
prepared environments; the wider boundary may truthfully include indispensable infrastructure. What matters
is that external dependencies crossing the boundary are reported. Figure 2 visualizes the roles that are often
collapsed by the phrase a robot improves itself.

2.4 Three complementary classification dimensions
2.4.1 Engineering objects: what changes

We identify 18 object families. Five concern physical embodiment: morphology/mechanisms/materials
(O01), actuation/transmission (O02), sensing hardware (O03), energy/thermal systems (O04), and
compute/electronics/communications (O05). Five concern the intelligence and software stack: per-
ception/state estimation (O06), self/world/interaction models (O07), control/motion generation (O08),
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Table 1: Operational definitions and minimum evidence requirements.

Term Operational definition Minimum affirmative evi-
dence

Insufficient by itself

Adaptation A change that maintains or
improves operation under a
changed task, body, or envi-
ronment.

Pre/post or matched compari-
son on the stated operational
property.

The method is called adaptive;
parameters change without an
evaluated consequence.

Autonomous
optimization

Candidate variables are
changed and evaluated by a
predefined algorithm with
bounded objectives and con-
straints.

Explicit variables, evaluator,
search operation, and selected
outcome.

A person manually chooses
among generated candidates.

Autonomous
R&D

The system makes one or
more consequential decisions
in problem selection, proposal,
experiment choice, interpreta-
tion, verification, or integra-
tion.

Activity-level record of the
machine decision, inputs,
tools, outputs, failures, and
human role.

One code completion, tool
invocation, or unattended pre-
determined script.

AI scientist for
robotics

A computational research
system performs scientific or
engineering reasoning for a
robot-related target.

Robot-engineering question
plus traceable computational
activities and artifacts.

A chatbot answers a robotics
question without execution or
validation.

Robot scientist
for robotics

A system involving physical
robots autonomously exe-
cutes or participates in robot-
engineering experiments.

Physical interven-
tion/measurement, decision
boundary, result, and robot-
engineering target.

A robot performs an applica-
tion task; a lab robot studies a
non-robot object.

Robot self-
improvement

A validated artifact is incor-
porated into the defined robot,
collective, or successor and
improves a target property.

Source/recipient versions,
acceptance operation, and
post-update evaluation.

A design is only simulated; a
related later paper reports a
better robot.

Recursive
robot self-
improvement

An accepted update improves
the capability or efficiency of
subsequent autonomous R&D.

Two linked research transi-
tions and a matched compari-
son of later R&D.

Repeating one training loop,
increasing task reward, or
receiving an external model
upgrade.

Open-ended
improvement

Useful novelty continues be-
yond a fixed finite target set
without a predetermined termi-
nal solution.

Long-horizon novelty, utility,
retention, resource, and failure
evidence under changing chal-
lenges.

More iterations on a fixed
benchmark or a claim of indef-
inite scaling.
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research
executor

research target

improvement
recipient

onboard
agent or robot

its own subsystem

same robot

individual robot

fleet members

shared model,
design, or memory

one or many
members

robot collective

AI agents +
lab robots

robot-engineering
object

robot, fleet,
or successor

distributed R&D system

external compute,
reset, or repair

cloud service or
human approval

fabrication, data,
or maintenance

Roles classify a case; their vertical alignment does not imply a process flow.
Autonomy and external dependence are reported for the stated system boundary.

Figure 2: Role separation under three possible system boundaries. Research executor, research target, and improve-
ment recipient are independent descriptors: they may coincide in an individual robot or be distributed across a fleet and
an R&D facility. Dotted, non-directional links identify dependencies outside the declared boundary; they do not imply
that a dependency autonomously performs research.

skills/planning/interaction (O09), and software architecture/runtime (O10). Three capture reusable learn-
ing assets and choices: data/memory/knowledge (O11), models/learning algorithms (O12), and objec-
tives/rewards/curricula (O13). Four concern experimental realization and the lifecycle: simulation/digital
experiments (O14), physical experiments/test facilities (O15), manufacturing/assembly/reconfiguration
(O16), and deployment/maintenance/fleet updates (O17). The final family is the R&D mechanism itself
(O18): problem selection, research planning, tool use, verification, budgeting, and scientific memory.

These tags are non-exclusive, but an object tag denotes what the research changes, not every tool or
subsystem it uses. A tactile-sensor project can change material (O01), sensor hardware (O03), estimation
software (O06), and electronics (O05); using an existing test fixture does not by itself make facility design
(O15) an intervention. We record supporting instruments separately. For narrative clarity a study receives
one primary location, while its records preserve additional changed objects when supported by the source.

2.4.2 Research activities: what the autonomous system does

Engineering objects should not be confused with research activities. Across any object, an autonomous R&D
system can: (A01) formulate a problem or requirement; (A02) retrieve and organize knowledge; (A03) pro-
pose hypotheses, designs, or implementations; (A04) select experiments and allocate resources; (A05) exe-
cute computation; (A06) execute physical experiments; (A07) interpret results and diagnose failure; (A08)
verify, reproduce, or compare; (A09) accept and integrate an artifact; and (A10) preserve and transfer re-
search memory. This sequence is not always linear. A failed physical test can change the model, design
space, experiment plan, or even the problem definition.

2.4.3 Robot context: where improvement must work

The third dimension records constraints rather than producing a catalogue of application areas. We separate
intended task breadth from demonstrated coverage; morphology and locomotion mode; rigid, soft, hybrid,
biohybrid, and micro-scale realization; task domain; environment; and individual, collective, or distributed
organization. A humanoid morphology does not imply a general-purpose system, and a generalist policy
does not imply that the robot’s hardware, lifecycle, or R&D process is general. Conversely, a specialized
underwater or surgical robot can support deep and sustained self-improvement within a narrow mission.
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One study, three distinct questions
Worked example: the physical program-repair experiment in LDIPS

a Object
What artifact changes?

b Activity
What decision is automated?

c Context
Where is the result tested?

Action-selection
program

State predicates
Supplied action skills

Parameters: θ 7→ θ +∆θ

O09: skills and planning
Change: program parameters
Retain: body and sensors

Supplied physical
demonstration records

Constrained
parameter synthesis

Patched
action-selection program

examples

parameter patch

A03: construct the patch
A05: execute the solver

Physical robot soccer
This experiment: physical
Other driving tests: simulated

Tag the intervention, not every tool it uses.
Simulator use alone does not imply simulator development (O14).
Program repair alone does not imply architecture redesign (O10).

Figure 3: Applying the object–activity–context taxonomy to a reported study. LDIPS’s physical repair experiment
[38] is read through three complementary views. The object tag concerns the changed action-selection program; the
activity tags identify patch construction and solver execution; the context specifies the physical soccer test. Supplied
demonstrations do not establish autonomous data collection; physical-trial execution and human roles must be recorded
separately. The paper’s simulated driving tests are a different experimental context, and neither setting establishes
general-purpose competence. The two arrows inside (b) carry demonstration examples and the resulting parameter
patch, not a causal ordering between taxonomy dimensions. The program and field drawings are original abstractions,
not copied code or measured trajectories. A study may contain additional interventions requiring their own records.

The dimensions answer different questions; they are not assumed statistically independent. Figure 3
illustrates their use with the physical program-repair part of LDIPS [38]. The changed object is an action-
selection program, the consequential computation is constrained parameter synthesis, and the tested recipient
is a soccer robot. Physical demonstrations are supplied inputs, not evidence that the system autonomously
chose and collected them. Other experiments in the same paper retain their own context and realization labels.

2.5 Historical foundations and adjacent literatures
RobotRSI is an intersection, not a replacement label. At least six traditions contribute necessary concepts
and mechanisms.

Evolutionary and automated robot design treats bodies and controllers as search variables and pro-
vides representations, variation operators, quality-diversity mechanisms, and fabrication loops [1, 2, 23]. Its
strengths are population-level exploration and explicit heredity; its physical bottlenecks include evaluation
cost, viable phenotype constraints, and the reality gap [22].

Self-modelling, resilient robotics, and adaptive control use interaction to estimate a robot’s changed
dynamics or search compensatory behaviour [3, 37, 39]. These works supply an immediate feedback route
from embodiment to models and action, although the update target is usually behaviour or a predictive model
rather than the engineering method that will design the next robot.

Continual, self-supervised, and autonomous robot learning reduces dependence on curated demon-
strations and human resets. Examples include continual semantic perception during deployment [36],
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Table 2: Dimensions used to classify RobotRSI evidence.

Dimension Principal values Reason for separation
Engineering object O01–O18, from materials and morphology

to deployment and R&D mechanisms
Identifies the artifact and subsystem that
actually changes.

Research activity Problem, knowledge, proposal, experiment
choice, digital/physical execution, interpre-
tation, verification, integration, memory

Distinguishes autonomous decisions from
unattended execution.

Research role Executor, target, improvement recipient Prevents an experimental robot from being
mistaken for the robot under improvement.

Change form Parameter, weights, program, data, geom-
etry, material, component, architecture,
process

Exposes update magnitude and reversibility.

Evidence environ-
ment

Analysis, simulation, component test, physi-
cal robot, field deployment

Prevents simulated feasibility from becom-
ing physical loop closure in synthesis.

Robot context Breadth, embodiment, scale, domain, envi-
ronment, organization

Enables comparison without forcing mutu-
ally exclusive robot classes.

Human/external
dependence

Goal, initialization, filtering, reset, repair,
approval, external services

Makes autonomy conditional on the actual
system boundary.

Feedback status Candidate, evaluated, accepted, reused in
R&D, recursive benefit evaluated

Separates local automation from loop clo-
sure.

task/undo-task practice and reward inference [5], and foundation-model-assisted collection and evaluation of
autonomous instruction-following data [6]. This tradition offers scalable experience generation and persistent
learning, while raising retention, evaluator reliability, distribution shift, and safety questions.

Embodied intelligence and adaptive morphology emphasize that behaviour is produced by coupled
materials, morphology, sensing, actuation, and environment. Multi-level evolution proposes design across
these layers [23], and adaptive morphogenesis focuses on useful structural change across time scales [24].
RobotRSI uses these accounts to avoid software exceptionalism, but adds the R&D activities and evidence
trail that produce, test, and accept a change.

Robot scientists and self-driving laboratories integrate hypothesis handling, experiment planning,
robotic execution, analysis, and knowledge revision. Adam and Eve established physically grounded, for-
mally recorded Robot Scientist cycles in biology and drug discovery [7–10]. Later SDLs joined closed-loop
optimization or active learning to modular laboratory automation in thin films, chemistry, and inorganic
materials [11–14]. Reviews of this literature expose issues that transfer directly to robotic R&D: platform
modularity, experimental-space definition, precision, throughput, human labour, safety, interoperability,
provenance, and cross-laboratory scaling [28–34]. A Robot Scientist for robotics must additionally manage
the hazards, resets, metrology, wear, calibration, and version identity of the target machines. The capitaliza-
tion is intentional here when referring to the historical Adam/Eve programme; the generic role elsewhere
need not be a humanoid or even one physical machine.

AI scientists and agentic engineering offer general-purpose research planning, coding, tool orchestra-
tion, and evaluation [15, 16]. Adjacent surveys variously organize the field around research-process stages,
agent mechanisms, autonomy levels, scientific domains, or a progression from knowledge acquisition to ver-
ification and evolution [17–21]. These are complementary views of the researcher; they do not make the
engineered robot their coverage unit. Their current evidence is strongest in computational domains. Trans-
ferring them to robotics changes the cost and consequence structure: physical experiments are slow, stateful,
destructive, difficult to reproduce, and coupled to human and facility safety. RobotRSI therefore treats them
as research coordinators whose outputs require domain solvers, instruments, validators, and controlled de-
ployment.

No single axis separates all of these literatures. Three comparisons are especially important. First, the
modular design automation survey covers morphology, controllers, vision, and their integration, including
swarm-control design [25]; RobotRSI therefore cannot claim novelty merely from spanning body and control.
Second, the reality-assisted evolution review organizes model-based search, physical experimentation, and the
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return of real data to virtual models [26]; a digital–physical loop is likewise not sufficient. Third, AI-focused
RSI work asks whether an AI system improves behaviour, policy, evaluators, or the research process [35], but
does not make the coupled hardware–software–lifecycle robot stack or embodied engineering hand-offs its
central unit. Table 3 positions the present survey using four discriminators: what is being changed, whether
physical realization is constitutive, which research decisions are delegated, and whether later R&D benefit
is part of the claim. The table reports organizing criteria of the cited syntheses, not absence of individual
counterexamples.

2.6 Review design and evidence coding
Retrieval strategy and scope. We use an object-led structured survey rather than treating the label
RobotRSI as a search term that defines a literature. The target scope is the eighteen engineering-object
families above. Retrieval combines robotics-specific searches, searches for transferable engineering methods,
and citation tracing. Automation terms include evolutionary design, Bayesian optimization, active experi-
mentation, automatic synthesis, and agentic research; an LLM is not an inclusion requirement. This choice
admits older engineering automation while preserving the distinction between fixed-objective search and
autonomous research direction.

Discovery in the present revision has two traceable components. First, targeted web and citation searches
are checked against publisher, proceedings, author, institutional, or other authoritative sources. Second, a
fixed open-index snapshot covers 42 query families spanning O01–O18 and eight robot contexts. On 8
September 2026, the executable search retrieved the top 50 relevance-ranked results per query where available
from Crossref and arXiv. All raw responses are retained with hashes, request URLs, times, provider-reported
totals, and errors. DOI/title deduplication reduced 2,695 returned records to 2,423 candidates. A deliberately
strict title rule placed 525 candidates in a priority queue by requiring both a robot/embodiment expression
and an engineering-development expression. This rule reduces workload; it is not an eligibility filter and is
not used to exclude indirect titles.

The snapshot does not constitute a completed search of every database named in the planning protocol.
Crossref’s permissive bibliographic relevance search produces very large reported hit totals, while arXiv’s
conjunctive all-term search is narrower; neither total is treated as the size of the field. Search rankings and
per-query caps are not a probability sample, and candidate overlap across query axes prevents interpretation
as object prevalence. Table 4 reports what was executed and what remains open. The accompanying con-
figuration, raw responses, screening queues, scripts, and evidence records preserve reproducibility without
converting retrieval output into included-study claims.

Eligibility and use in the synthesis. A robot-related development study is eligible when it identifies an
engineering object and implements at least one consequential development operation: proposing or searching
a design, choosing an experiment, learning from feedback, generating a development artifact, or updating a
recipient. Ordinary task execution without such a development relation is not core evidence. A manually
designed system can still enter as a foundation or comparison, provided that its role is explicit.

We assign non-exclusive use roles: A, robot-related development; B, transferable engineering methods
with a stated robotics connection; C, foundations and infrastructure; and D, evaluation and reproducibility.
These are not quality grades. A battery-chemistry laboratory can offer strong physical experimental evidence
in B without demonstrating robot self-modification; an FPGA design method can supply C evidence even
when its original implementation was manual. Domain relevance, automation, and physical realization are
assessed separately.

Publication families and evidence units. Bibliographic records identify sources, not independent exper-
iments. Preprints and final articles are linked; changed titles or venues do not alone create a new study.
Follow-up systems remain distinct when they add a method, a recipient, or a new experiment. The Robomor-
phic Computing–RoboShape progression illustrates why this matters: a proposed automation route and a later
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Table 4: Executed open-index discovery snapshot (8 September 2026). Counts describe retrieved records and screening
workload, not eligible studies or field prevalence.

Operation Fixed setting Count Interpretive boundary
Crossref discovery 42 object/context

queries; relevance-
ranked; at most 50
records per query

2,099 returned Broad top-k candidate discovery; reported
database hit totals are not used because the
bibliographic search is intentionally permis-
sive.

arXiv discovery Same 42 query fam-
ilies; all-term query;
relevance-ranked; at
most 50 records per
query

596 returned Open preprint discovery; zero or low yield for
a query is not evidence that an object family
lacks research.

Candidate reconcilia-
tion

Normalized DOI when
present, otherwise nor-
malized title

2,695 → 2,423 Removes exact DOI/title duplicates only;
conference–journal families and substantive
extensions still require manual reconciliation.

Automated workload
triage

Title contains both a
robot/embodiment
expression and
an engineering-
development expression

525 queued Prioritization only. It may omit eligible indi-
rect titles and retain ordinary task-autonomy
papers.

Targeted source in-
spections

Eight earlier revision
batches using primary
or authoritative sources

71 records Claim-bounded revision checks; not 71 dis-
tinct studies and not uniform full-text extrac-
tion.

Manual candidate
batches

High-priority strict-title
candidates; title/abstract
decisions plus selected
primary/full-text checks

29 decisions:
25 retained,
2 excluded, 2
deferred

Two purposeful batches, not a random sample;
496 strict-title candidates and indirect-title
candidates remain undecided.

Current completion
boundary

Manual eligibility,
publication-family rec-
onciliation, full-text
coding, and independent
checking

Open No PRISMA-style included-study count, cor-
pus frequency, or exhaustiveness claim is
made from this snapshot.

implemented generator should neither be merged into one undated capability nor counted as two independent
demonstrations of the same automated flow.

The coding scheme distinguishes the paper, system, version, research activity, experiment, artifact, and
supported claim. For each study-level comparison, the minimum extract is the changed object, decision
mechanism, feedback signal, evaluated endpoint, realization boundary, and human-supplied choices. More
detailed transition coding adds the source and recipient versions, integration action, later use, resource budget,
and evidence locator. An absent transition is not supplied by connecting two otherwise compatible papers.

Source inspection and uncertainty. Publisher metadata and an abstract support a bounded description of
a method, but not a claim that its full implementation was audited. Records distinguish such checks from
selected full-text inspection and completed method/appendix coding. The current supplement is a set of revi-
sion checks, not uniformly completed coding of the bibliography. Unknown implementation details remain
unresolved.

We distinguish not reported, explicitly not tested, not applicable, unavailable, and conflicting evidence.
In particular, a physical test after computational search differs from physical feedback used during search.
A generated hardware design differs from a fabricated device; a fast kernel differs from an improved robot
mission. Tables preserve those endpoints rather than assigning every work a single autonomy or maturity
score.
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a Research decisions and domain execution

Research controller
Question and goals

Evidence and proposals
Plan and budget

Stopping rule

Domain-tool interface
Digital channel
CAD, solvers, simulation
Training and analysis

Physical channel
Fabrication and trials
Robots and metrology

Experiment record
Artifact and run IDs

Observations
Uncertainty and faults
Reset and cost logs

request result

results guide the next proposal or experiment

The plan selects one or both channels; they are not consecutive stages.

b Verification and adoption

Independent checks
Validity and uncertainty

Replication and retention
Task-level checks

Acceptance and integration
Criteria and authority

Compatible release bundle

Recipient version
Robot, fleet,
or successor

Adopt and monitor

record under test

verification
evidence

accepted
update

Persistent record across both lanes. Link tool runs, observations, human actions, decisions, and releases to their
sources. Rejected or invalid candidates remain in memory; they do not become recipient updates.

Figure 4: Proposed reference architecture for autonomous robotic R&D. The upper lane separates research deci-
sions from digital and physical execution. An experiment record can guide another research iteration before its candidate
is accepted. The lower lane separates recorded results from verification and adoption: only an accepted, compatible
change set reaches the recipient. Arrow labels identify the transmitted artifact, except for the explicitly labelled proposal-
revision feedback. The persistent-record strip applies to both lanes and is not another sequential stage. The diagram
specifies functional roles; it does not assert an implementation that automates all of them.

Synthesis limits. Methods are compared within engineering-object families and then across research ar-
rangements. We do not pool heterogeneous task scores, wall-clock times, and hardware budgets into one
effect estimate. Claims about recursive benefit additionally require an identified later-research use and an
appropriate comparison, as developed in Sections 8 and 9.

Complete screening, full-corpus coding, and independent evidence checking remain open in this working
manuscript. All present extraction records were prepared by the same writing agent; no inter-rater agreement
or independent replication is claimed. Consequently, bibliography totals and the number of inspected records
are production counts, not evidence of exhaustive coverage. A review-flow figure or corpus-frequency map
will require the corresponding completed retrieval and screening records.

3 Common Mechanisms of Autonomous Robotic R&D
3.1 Comparing research systems through artifact hand-offs
The commonality among a morphology optimizer, a program synthesizer, a controller-design agent, and a
robotic test facility is not their use of the same model. Each turns a specified representation and a source of
feedback into an engineering decision. Their differences concern what is already supplied, what the machine
may change, and which observations determine the next change. This section compares those mechanisms
before examining their engineering objects in Sections 4–6.

Figure 4 provides a reference architecture for locating these decisions. Its research-and-execution lane pro-
duces candidates and observations; its verification-and-adoption lane determines whether a candidate reaches
a recipient. A paper can contribute to one hand-off without implementing the whole architecture. A solver that
constructs a controller, a fuzzer that finds a counterexample, and a robot that measures a specimen therefore
receive different descriptions, even if each runs without intervention after initialization.

The activities in Table 5 are an analytical vocabulary, not a requirement that every system execute ten
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Table 5: Activities, artifacts, and characteristic failure modes in autonomous robotic R&D.

Activity Consequential machine deci-
sion

Persistent artifact Failure or hidden dependence

Problem formu-
lation

Select bottleneck, objective,
scope, and constraints

Requirement and research
question

Easy proxy, omitted coupling,
or human-chosen real question

Knowledge
organization

Select and reconcile prior
evidence

Evidence graph, assump-
tions, design rules

Citation error, version confu-
sion, invalid domain transfer

Candidate pro-
posal

Choose model, program, mate-
rial, geometry, experiment, or
process

Executable candidate and
rationale

Invalid representation, infea-
sible design, novelty without
utility

Experiment
selection

Choose next query and allo-
cate resources

Plan, budget, stopping and
abort rules

Unsafe test, incomparable bud-
get, inaccessible measurement

Digital execu-
tion

Configure and run solver, sim-
ulation, training, build, or
analysis

Logs, checkpoints, digital
result

Tool misuse, numerical failure,
simulator exploitation, nonde-
terminism

Physical execu-
tion

Prepare, reset, intervene, and
measure

Data, specimen/robot state,
execution trace

Hidden reset, calibration drift,
wear, damage, changing envi-
ronment

Interpretation Relate observation to hypothe-
ses and subsystem causes

Finding, diagnosis, revised
belief

Confounding, post-hoc account,
evaluator-generator coupling

Verification Select baseline, replicate, test
robustness and regression

Acceptance report and uncer-
tainty

Self-evaluation bias, cherry-
picked condition, no held-out
task

Integration Decide whether and how to
update the recipient

Versioned update package
and rollback state

Interface breakage, lost capa-
bility, no deployment, unsafe
propagation

Research mem-
ory

Select reusable evidence, fail-
ure, and provenance

Curated memory and lineage Error accumulation, leakage,
lost negative results, incompati-
ble versions
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consecutive stages. Likewise, the research controller need not be an LLM: evolutionary search, Bayesian
optimization, constraint solving, differentiable optimization, and language-agent orchestration make different
kinds of decisions. The domain executor supplies the admissible computation or intervention. Separating
them helps identify whether a contribution improves proposal generation, experiment selection, execution,
interpretation, or integration.

3.2 Problem formulation and research direction
Research systems enter an engineering problem at different points. In parameter optimization, the objective
and search space can already be fixed. In program synthesis, examples and a language define which implemen-
tations are acceptable. In agentic design, a task description may require decomposition into representations
and tool calls before optimization is possible. These entry conditions determine the meaning of autonomy:
selecting a solution within a supplied problem is not the same decision as identifying which problem should
be solved.

ControlAgent illustrates requirements-conditioned design rather than open-ended problem discovery [43].
The user supplies a plant model and stability, settling-time, and phase-margin requirements. Task-specific
agents use encoded control expertise, while a Python executor evaluates proposed controllers and returns
numerical feedback. Its ControlEval benchmark contains 500 computational tasks, with feasible requirements
curated by experts. This design exposes the benefit of combining language-mediated revision with domain
computation, but it does not test discovery of the plant, mission objective, or permissible physical intervention.

Cross-disciplinary design introduces another layer of delegation. The mechatronics framework of Wang
et al. distributes a vessel-design objective among mechanical, simulation, electronics, and embedded-software
roles [44]. Section 6 examines its resulting artifacts and human dependencies. Such decomposition makes
the scope of a proposal broader than tuning one controller; it does not establish that the resulting subsystem
requirements are jointly satisfiable.

For comparison, we record the supplied mission, model, variables, constraints, examples, and evaluator
separately from the decisions made by the system. Cross-stack research direction can then be stated as a
specific additional capability: choosing whether evidence warrants a change to sensing, control, embodiment,
an experiment, or the requirements themselves. A grasp failure alone does not identify that choice; different
interventions may explain or compensate for the same observation.

3.3 Representations, hypotheses, and candidate construction
A representation determines both the inventions available to a researcher and the errors its tools can reject. Pa-
rameterized structures permit economical numerical search but exclude changes outside the parameterization.
Assembly grammars encode constructive restrictions before evaluation, as in RoboGrammar [45]. Differen-
tiable shape and control representations expose local derivatives, as in DiffAqua [46]. A freely generated
program has a different burden: it may express a wider change, but executability and intended semantics
must still be checked.

Constraint-based synthesis demonstrates how domain knowledge can reduce that burden without a lan-
guage model. LDIPS constructs action-selection programs from demonstrations, combining parameter solv-
ing, feature enumeration, and predicate synthesis [38]. Types and physical dimensions prune inadmissible
expressions; bounded search and supplied primitives define the available program space. Its guarantee con-
cerns consistency with the encoded examples and constraints, not arbitrary physical correctness. Figure 3
uses its robot-soccer repair experiment to show how changed artifact, research activity, and tested context are
coded separately.

These mechanisms differ in where engineering knowledge enters. A grammar excludes constructions,
dimensional constraints exclude expressions, a differentiable model supplies sensitivity, and an agent prompt
guides proposals. None dominates independently of the problem. Stronger structure can make search and
repair tractable while excluding useful candidates; weaker structure increases expressive freedom and places
more work on validation.
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Hypothesis generation also differs from candidate generation. A controller parameter is a proposed in-
tervention, whereas an explanation of why the robot failed predicts observations under alternative tests. A
search process may improve performance without resolving that explanation. We consequently distinguish the
artifact proposed, the explanation offered, and the experiment capable of discriminating it from alternatives.

3.4 Experiment selection, budget allocation, and orchestration
Experiment selection allocates resources between obtaining information and improving a candidate. Bayesian
physical design, multi-fidelity selection, and nested body–controller optimization make this trade-off in differ-
ent units. A printed specimen, a simulator query, and a complete controller-training run cannot be compared
by counting each as one experiment. Tables 6 and 7 identify the feedback and supplied structure behind
representative decisions.

Budget allocation can change which robot appears promising. Arza et al. compare single-phase and two-
phase body–controller search in four simulation environments [47]. Their study uses 60 runs per setting and
bootstrap confidence bands. Reducing training per body and subsequently retraining the selected body’s con-
troller improves the reported mean over both single-phase comparators in all four environments, although the
difference is not statistically significant in gym-rem 2D. The choice between retraining only at the end and
retraining every new incumbent is budget- and environment-dependent; there is no uniformly superior sched-
ule. The same study associates lower per-design training with simpler designs, measured through controllable
degrees of freedom.

The implication is methodological: early performance can measure ease of training as well as eventual de-
sign quality. A researcher selecting bodies from partially trained controllers should report both the screening
procedure and the final training used to assess the selected body. Increasing the number of designs explored
is not automatically a fair or effective use of a fixed budget.

Physical orchestration adds state that a query interface does not erase. A failed grasp can leave a dif-
ferent scene, a test can damage its specimen, and calibration or battery state can change during a campaign.
MEDAL++ makes task and undo behaviour part of autonomous practice [5]; physical facilities must simi-
larly distinguish a completed trial from readiness for the next trial. Figure 8 develops this state-management
requirement. Tool completion, experiment validity, and facility availability are different outcomes.

An orchestration record therefore needs the artifact and configuration, actual start/stop condition, obser-
vations, recovery action, and consumed resources. The appropriate stopping decision can be a successful
design, exhausted budget, unresolved model discrepancy, or a request for assistance. These outcomes should
not be silently reduced to the fraction of successful tool calls.

3.5 Computational and physical experimentation
The studies employ several evidence modalities: analysis, digital experiments, component tests, complete-
robot tests, and operational observations. They answer different questions rather than forming a universal
quality ladder. A simulation can expose an infeasible candidate economically, while a poorly controlled field
trial may not identify why a change worked. What matters is whether the experiment supports the particular
design, transfer, or deployment claim.

BEAR selects printed structures from measured mechanical behaviour, whereas FAST combines gripper
simulation and physical grasp measurements in a multi-fidelity design process [48, 49]. The former supports
specimen-level design decisions; the latter additionally couples a predictive model to a component’s task-
relevant response. Their physical interfaces impose different preparation, testing, and recovery costs. Neither
a successful specimen test nor a calibrated surrogate, by itself, establishes improvement of an integrated
recipient robot.
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Table 6: Optimization mechanisms compared by representation, decision signal, and experimental interface. These are complementary mechanisms, not entries in a shared perfor-
mance ranking. Physical claims refer to the inspected source scope; program and agentic mechanisms are compared separately in Table 7.

Tool / example Representation Next-decision signal Experiment interface Main comparison issue

Grammar search: Robo-
Grammar [45]

Graphs generated by assembly rules Learned value of partial designs Terrain-based computational de-
sign/control evaluation

Feasibility depends on the grammar; en-
coded fabricability is distinct from fabrica-
tion

Nested co-design: Evolu-
tion Gym; budget study [47,
50]

Structure and learned controller Task return after inner-loop controller
training

Shared simulation tasks; budget-
allocation comparisons

Screening effort and final retraining both
affect the selected body

Differentiable co-design:
DiffAqua [46]

Shape interpolation and control
parameters

Derivatives of simulated objectives Virtual soft swimmers; no physical
swimmers in the reported study

Local minima, parameter scaling, and hydro-
dynamic approximation

Learned latent dynamics
[51]

Task-sensitive reduced state repre-
sentation

Experience gathered during task
optimization

Particle–grid soft-body simulation Representation learning changes the informa-
tion available to optimization

Physical experiment selec-
tion: BEAR [48]

Parameterized printed structures Bayesian selection from measured
mechanical properties

Automatic printing and mechanical
testing

Specimen-level evidence; robot integration is
a separate experiment

Multi-fidelity design: FAST
[49]

Gripper geometry and a
discrepancy-aware surrogate

Selection of simulation or physical
test

Finite-element analysis and robotic
grasp tests

Account for preparation, mounting, and the
cost of both fidelities
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Digital–physical consistency concerns the variables that survive realization: geometry, material and pro-
cess, sensing and actuator response, timing, contact, and environmental conditions. Practical evolvable hard-
ware illustrates how build and connection constraints restrict the candidate space [22]. DrEureka illustrates a
complementary software route, where reward-informed randomization changes the conditions used for train-
ing before physical transfer [52]. These are different interventions on the relationship between model and
robot, not interchangeable forms of validation.

A physical platform named in an experiment does not identify who selected, prepared, or judged the trial.
In the cases below, a program may be repaired automatically from supplied demonstrations, or firmware may
be generated automatically and measured by a person. Recording those interfaces preserves the demonstrated
development contribution without converting a partially automated workflow into an unattended laboratory.
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Table 7: Program-development and agentic mechanisms: supplied structure, machine decisions, and the evidence interface. Roles can be shared with people; neither a generated
artifact nor a reported physical measurement implies an unattended end-to-end workflow.

Method Supplied structure Automated revision Feedback / evidence Interpretation boundary

LDIPS [38] Action primitives, operators, demon-
strations, bounded language

Dimensional pruning, feature/predicate syn-
thesis, parameter repair

Example constraints; simulated tasks
and physical soccer transfer

Program development, not
hardware redesign or au-
tonomous demonstration
collection

SoRTSketch [53] Finite-state sketch and parameter priors Bayesian update of transition parameters Corrected interaction traces; physical
study with ten users

User actions supply correc-
tions; missed corrections can
degrade the update

TARL [54] ROS/Python code, monitor, allowed
constant mutations

Taint-based localization and RL-guided patch
selection

Utility under nominal and modified
simulated terrain

Small simulated feasibility
case, not demonstrated physi-
cal ROS repair

ControlAgent [43] Plant, design requirements, control
expertise

Agent-directed controller revision with
Python evaluation

Model-based response criteria; Control-
Eval

Computational controller
design; plant identification
and physical deployment are
separate

Mechatronics agents [44] Vessel objective, available electronics,
expert feedback

Cross-domain proposals and firmware genera-
tion

CAD/solver outputs and physical logic-
analyzer traces

Expert-assisted simulation
and validation; no integrated
navigation benchmark in
inspected results
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3.6 Interpretation, verification, and research memory
Verification criteria follow the representation and intended claim. A constraint solver can test whether a pro-
gram matches examples; a controller evaluator can test numerical stability and response criteria; a mechanical
experiment can test the manufactured specimen. These checks are valuable but not equivalent. Trace consis-
tency does not establish correct intent, and a controller that satisfies a supplied model may still fail on the
actual robot.

Program repair makes the distinction concrete. TARL localizes changed utility along instrumented code
and searches mutations; SoRTSketch revises transition parameters from corrected interaction traces [53, 54].
Their diagnostics and patch criteria are therefore different. Section 5 compares the simulated ROS feasibility
study with the physical social-robot interaction study, including the feedback people supply. A common
comparison should identify the fault model, modifiable program region, observed repair target, and retained
behaviour, not merely whether the output compiles.

Memory likewise has several mechanisms. ControlAgent stores controller parameters and measured per-
formance rather than an entire conversation [43]. SoRTSketch’s Bayesian variant carries a parameter posterior
between interactions rather than re-optimizing against an indefinitely growing collection of traces [53]. An
evolutionary archive, a posterior, and a retrieval-based evidence store preserve different information. More
memory is not uniformly better: old evidence can be incompatible with a changed robot or environment,
while discarding it can erase regressions.

For the proposed RobotRSI architecture, experiment provenance is a separate requirement from whichever
memory the search algorithm uses. The lineage record should connect an accepted artifact to its measure-
ments, conditions, human actions, and rejected alternatives. It supports later inspection without implying
that every recorded observation was available to the learner. This separation is particularly important when
protected evaluation data must not leak into proposals.

Finally, scientific reporting is not robot acceptance. AI-scientist systems automate substantial computa-
tional research and manuscript production, while the later submission study also documents human filtering
and validation [15, 16]. Writing a credible report, passing an experimental criterion, and deploying a com-
patible robot update are three distinct outputs.

3.7 Humans, AI scientists, and robot scientists
Human involvement changes the information available to research. Demonstrations can specify behaviour that
an objective omits; interaction corrections can disambiguate a transition; an expert can supply solver boundary
conditions or identify an infeasible design. These contributions should be compared by their content, timing,
and frequency, rather than described collectively as minimal supervision.

The mechatronics case shows why task-level accounting matters: structured human assistance was needed
for turbulent-flow setup and physical signal verification, even though other design and software operations
were generated by agents [44]. In interactive program repair, user correction is itself the learning signal [53].
Removing such involvement without replacing its informational function changes the method being evaluated.

AI scientists and robot scientists are complementary functional roles, not exclusive model classes. Com-
putational agents can coordinate physical instruments, and a robot scientist can use conventional search or
statistical inference. The experimental robot can also be distinct from the robot whose body, controller, or
firmware is being developed. The consequential questions are who selects the intervention, who executes and
validates it, which recipient changes, and what remains supplied from outside the stated system.

3.8 Section synthesis
Three comparisons organize autonomous robotic R&D. First, supplied structure determines the search space:
parameters, grammars, program sketches, physical models, and expert instructions admit different revisions.
Second, feedback determines the next decision: derivatives, task return, measurement uncertainty, constraint
consistency, trace corrections, and solver diagnostics carry different information. Third, the experimental
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Table 8: Reporting human and external dependence.

Stage Examples of human or external input Required report
Scope Mission, values, forbidden modifications,

target metrics
Who defines and may change each constraint

Initialization Demonstrations, CAD, templates, datasets,
priors

Quantity, provenance, expertise, and reuse
across tasks

Candidate filter-
ing

Feasibility, aesthetics, novelty, or relevance Number before/after filtering and rationale

Experiment Setup, reset, calibration, repair, safety super-
vision

Frequency, time, trigger, and effect on data

Analysis Label correction, result selection, statistical
choices

Machine proposal versus human acceptance
or modification

Integration Review, manufacturing, assembly, deploy-
ment approval

Exact artifact and recipient; validation and
rollback owner

Infrastructure Cloud models, databases, solvers, machine
shops

Availability, version, cost, and boundary
status

interface determines cost and validity: computation, demonstrations, components, and physical robots require
different preparation and checks.

The resulting research mechanisms already automate more than policy-weight updates. They construct
representations and programs, allocate design evaluations, revise models or parameters, test software, and
connect disciplinary tools. The remaining compositional problem is to preserve these decisions and their
evidence across engineering interfaces. Sections 4–6 therefore examine both the local method and the artifact
it can actually hand to the next development activity.

4 Autonomous Research on Robot Hardware and Embodiment
Hardware makes the strongest version of the RobotRSI thesis both meaningful and difficult. A policy can
be copied into memory; a new body must be geometrically valid, manufacturable, assembled, calibrated,
powered, and shown not to violate safety margins. Hardware changes also alter the data distribution and
the meaning of software interfaces. A longer limb changes inertia and actuator demand; a compliant finger
changes contact, sensing, and the useful controller; a higher-resolution camera changes power, bandwidth,
compute, latency, and thermal load. Autonomous research on embodiment is therefore not a collection of
independent optimizers. It is a constrained, multi-fidelity process that has to preserve a system-level contract.

The literature already supplies important pieces of this process. Evolutionary robotics established auto-
matic morphology generation and physical descendants; robot co-design connects form and behaviour; au-
tonomous laboratories close experimental loops over materials; and recent engineering agents invoke CAD,
finite-element, topology, motor, or electronic-design tools. The crucial survey question is not whether each
piece can be called “AI for design.” It is where the loop begins and ends: what is allowed to change, which
decisions are autonomous, which physical activities are external, what evidence validates the artifact, and
whether a robot version actually receives it.

4.1 The hardware search space is a system contract
Let a hardware candidate be

h = (m, p, g, k, a, s, e, c, n), (1)

where m denotes material choices, p manufacturing processes, g geometry and morphology, k mechanisms
and transmissions, a actuation, s sensing, e energy and thermal design, c onboard computation/electronics,
andn communication and physical interfaces. A controller, estimator, or learned policyπ is generally required

24



a One design, three non-equivalent claims

Digital model Physical component Integrated robot

Predicted behaviour
contact and deformation
under model assumptions

Measured behaviour
grasp, wear and variability
under fixture conditions

System-level benefit
task success and resource use
with sensing and control

A shared candidate ID links geometry, material/process settings, controller and test conditions.

b Measurements can change different research objects

Physical evidence
observations, uncertainty,
specimen and setup IDs

Revise the candidate
geometry, material or process

Revise the predictor
parameters or discrepancy model

inform design choices

calibrate predictions

Either or both updates may be investigated. A revised predictor still needs held-out validation;
later R&D benefit is a separate claim, not implied by fitting the present measurements.

Figure 5: Hardware research must distinguish a predicted design, a tested component, and an improved robot.
(a) The same illustrative gripper is shown in a numerical model, a test fixture, and an integrated robot. These are
parallel evidence views, not an automatic fabrication pipeline: each claim requires its own realization and evaluation.
(b) Physical observations can inform candidate changes, predictive-model changes, or both. The blue arrows denote
evidence use, not demonstrated gains or recursive improvement. Drawings are original conceptual schematics, not
measured results; no unattended manufacture, integration, or validation is asserted.

even to evaluate h. Hardware research is thus more faithfully written as constrained co-design

maximize
h,π

J(h, π; T , E) subject to gsafe ≤ 0, gmake ≤ 0, gresource ≤ 0, (2)

where the vector objective J may include task capability, reliability, mass, energy, cost, maintainability, and
uncertainty over tasks T and environments E . This formulation exposes why a scalar task reward is an unsafe
acceptance criterion. A high-performing simulated morphology can be impossible to manufacture, overheat
its motor, obscure its sensors, or consume the payload margin.

The admissible set is itself a research artifact. It contains available materials and components, fabrication
tolerances, connector standards, service access, tool reachability, calibration procedures, and certification
rules. Work on practical evolvable hardware and manufacturability-aware initialization shows that physical
infrastructure changes which designs can be explored [22, 55]. Consequently, a RobotRSI system must be able
to distinguish three outcomes: an intrinsically poor design, a promising design outside the current production
capability, and a design whose apparent failure is caused by an invalid test or model. Collapsing all three to
a low reward teaches the wrong engineering lesson.

Figure 5 separates three claims that a hardware workflow can otherwise conflate. A numerical prediction
concerns a design under model assumptions; a component measurement concerns a realized specimen and
fixture; an integrated robot trial also depends on sensing, control, and system resources. The shared candidate
identity permits comparison but does not make these endpoints interchangeable. Measurements may motivate
a new physical design or a better predictive model. Neither update is automatically validated by the data
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that produced it. This distinction places data, simulation, and experimentation within hardware research:
they support investigation of the engineering objects rather than form a separate competing layer. Execution,
acceptance, and release are treated in Figures 4 and 11.

4.2 Materials, processes, and embodied properties
Robot materials are functional parts of computation and interaction. Stiffness, damping, friction, conductivity,
permeability, optical response, fatigue, self-healing, and biocompatibility may determine what the robot can
sense or do. The research variables span composition, microstructure, geometry, process parameters, curing
or heat treatment, and environmental history. The appropriate evaluator may therefore be a tensile test, cyclic
fatigue rig, impedance measurement, contact experiment, or complete task—not merely a database-predicted
property.

Autonomous materials laboratories demonstrate that physical hypothesis–experiment–measurement
loops are technically feasible. ARES combined an experimental planner, automated reactor, in-situ Raman
measurement, and iterative model updates for carbon-nanotube growth; its report also makes the human
boundary explicit: people selected the domain and feedback signal, initialized the data, supplied objectives,
and periodically changed them [56]. CAMEO coupled physics-informed active learning to synchrotron
characterization and retained a human expert inside parts of the loop [57]. AtomAgents illustrates a comple-
mentary computational pattern in which multiple agents coordinate retrieval, physics calculations, and alloy
analysis [58]. These are strong precedents for an AI scientist for robot materials, but they are transferable
evidence until a robot-specific requirement drives the campaign and a resulting material/process is fabricated,
qualified, and integrated into a robot.

FAST moves closer to that connection. It uses a multi-fidelity Bayesian “scientist” to choose soft-gripper
candidates for finite-element simulation or physical evaluation, automatically returns grasp data, and uses
those results in later design decisions [49]. Across the reported experiments, the platform collected 50,608
simulated grasps and 8,532 physical grasps, and used physical data to characterize and reduce simulation
discrepancy. This is unusually direct evidence of adaptive physical experimentation on a robot component. Its
boundary remains instructive: batches of designs were printed, post-processed, and mounted before automatic
testing. FAST therefore closes candidate selection, simulation, physical test, and model-update edges more
strongly than it closes unattended fabrication or installation into a successor robot.

For RobotRSI, the next connection is a requirements-to-material pipeline. A field robot might identify
seal degradation, infer whether the causal lever is geometry, material, or maintenance, commission acceler-
ated ageing tests, and propose a qualified replacement. Acceptance would require not only the target property
but process repeatability, environmental compatibility, supply constraints, and regression tests on the recip-
ient. The research output is a package—material specification, process recipe, uncertainty, provenance, and
allowable operating envelope—rather than a material name.

4.3 Morphology, mechanisms, and fabrication
Morphology research reveals three choices that shape an autonomous engineering method: the representation
of allowable bodies, the procedure for finding a controller for each body, and the source of evidence used to
select a design. These choices separate several methodological families that are often grouped under “robot
evolution.” The soft-robot design review by Pinskier and Howard makes the resulting bottleneck especially
visible: a rich material–morphology–control space cannot be explored autonomously without compatible
simulators, manufacturing throughput, and tests [59].

Population search and constructible design spaces. Early body–controller evolution connected virtual
candidates to manufactured electromechanical forms [1]. Mother Robot moved candidate construction
and evaluation into a physical modular assembly process [2]; later Bayesian experiments compared joint
morphology–control search with control-only optimization [60]. Their defining design choice is a physically
executable repertoire. A module library limits structural novelty but makes candidate construction and

26



repeated evaluation tractable. A restricted representation is simultaneously a search bias and an experimental
interface. The relevant comparison is how much useful design variation can be realized and evaluated for a
given facility budget.

RoboGrammar supplies a computational alternative: a graph grammar describes admissible assemblies,
and a learned heuristic predicts the promise of partially expanded designs to guide search [45]. The resulting
robots and controllers are evaluated on terrain tasks. This separates structural feasibility encoded in the
grammar from performance learned during search; encoding fabricable arrangements does not establish that
those candidates have been fabricated. More generally, representation quality concerns excluded designs as
well as achieved reward. An optimizer cannot discover an actuator arrangement that its grammar cannot
express.

Nested design and controller learning. Evolution Gym standardizes voxel bodies and simulated tasks,
with baseline methods that place design search outside a controller-learning loop [50]. The comparison in-
cludes genetic search, Bayesian optimization, and CPPN-NEAT, paired with PPO for control. This exposes
an evaluation issue: a body’s score depends on how well its controller has been trained. Our interpretation is
that a design that learns quickly can outrank a more capable body under a short training allowance. RobotRSI
comparisons should therefore account for controller-training effort as well as candidate count.

Differentiable co-design. Gradient methods exploit derivatives of simulated task performance. DiffAqua
parameterizes soft-swimmer shapes and actuation through interpolation between base designs, then optimizes
geometry and control jointly [46]. Its ablations identify sensitivity to gradient scaling and initialization, and
its limitations reserve physical fabrication for future work. This is computational co-design in an underwater
context. Differentiable methods support efficient local improvement when their models and parameteriza-
tions are informative; discrete changes and model discrepancy remain separate problems. Matthews et al.
complement this family with rapid automatic body design and physical tests of selected bodies [4].

Quality-diversity methods change the question from finding one maximum to retaining a repertoire of
differently structured solutions. Zardini et al. compare MAP-Elites, viability evolution with NEAT, and a
double-map method that maintains separate morphology and controller descriptors for soft tensegrity modular
robots [61]. Both tasks are evaluated in simulation. The resulting archive can support later selection under
preferences not represented by a single scalar score, but neither archive diversity nor encoded modularity
establishes fabrication or recipient integration.

Learning the representation and generating proposals. Learning-in-the-loop optimization updates a la-
tent description of soft-body dynamics as task optimization proceeds [51]. The state representation becomes
a learned object rather than a fixed input. Language-guided approaches such as RoboMoRe instead broaden
how candidate descriptions and objectives enter a co-design process [62]. These approaches operate at differ-
ent interfaces: latent learning changes the representation of experience, whereas language-based proposals
change how designs or objectives are specified. An integrated researcher could use both, but their individual
demonstrations do not establish that combination.

Across these families, the trade-off is between expressiveness, search cost, and fidelity. Graph rules
encode discrete assembly knowledge; voxel encodings admit many topologies but require repeated control
learning; differentiable representations support local search but inherit simulator assumptions; physical con-
struction tests real interactions at higher experimental cost. Table 9 separates the reported artifacts and phys-
ical evidence. The comparison concerns these interfaces, rather than an assumed progression from evolution
to language agents.

Mechanism research adds discrete topology, kinematic singularities, collision, tolerance stack-up, wear,
lubrication, cable routing, and serviceability. General mechanical-design agents can translate requirements
into parameterized structures and invoke finite-element tools [63]; topology-optimization agents aim to or-
chestrate geometry, meshing, boundary conditions, solving, and repair [64]. Their value to RobotRSI is not
that language replaces mechanics, but that it can coordinate typed tools and preserve the rationale between

27



requirements, solver inputs, failures, and revisions. Solver success alone is insufficient: boundary conditions
can be wrong, an optimized mesh may be unmanufacturable, and a minimum-mass part may have unaccept-
able fatigue or impact behaviour.

Implemented robot-specific workflows span different parts of this chain. Pastor et al. join genetic opti-
mization of a manipulator’s kinematic structure to iterative automated CAD in a five-degree-of-freedom case
[65]; the inspected publication record supports a digital design workflow, not physical construction. Robot-
Smith instead proposes task-specific tool geometries with collaborating vision–language agents, generates use
trajectories, and jointly refines geometry and use in simulation [66]. Selected tools are 3D printed and exe-
cuted by an XArm7 in a multi-stage pancake task. That physical demonstration validates a designed tool–plan
pair, while printing, mounting, and acceptance remain outside the reported autonomous pipeline; the paper’s
50.0% average success figure belongs to its simulation comparison rather than the physical demonstration.

Fabrication is therefore part of the experiment, not a printer icon between CAD and testing. A complete
record includes machine/material batch, orientation, support strategy, toolpath, post-processing, measured
dimensions, rejected builds, assembly operations, and calibration. The digital candidate and physical spec-
imen need linked identities. If a human silently reworks, selects, or mounts the successful specimen, that
intervention is part of the evidence and cost. A future self-modifying robot may use a distributed workshop
rather than carry manufacturing onboard; this is still a valid RobotRSI architecture if the workshop, human
roles, logistics, and acceptance authority are inside the declared system boundary.

BEAR offers a useful contrast with simulator-led morphology research. It combines Bayesian experiment
selection with automatic additive manufacture and mechanical testing of structures [48]. Here, fabrication
and measurement generate the observations on which the next design decision depends. The reported objects
are mechanical specimens, so the system contributes a transferable experimental method rather than evidence
of a robot receiving a new body. The connection matters for robot structures and protective components,
where manufacturing variation is part of the property being optimized.

4.4 Actuation, transmission, and compliant dynamics
Actuation research changes both a force-producing device and the operating conditions under which it is use-
ful. Motor winding, transmission ratio, elastic elements, pneumatic chambers, valves, and drivers expose
different search variables. Peak force alone is therefore an incomplete objective: a design can improve dis-
placement while consuming more energy, loading a bearing differently, or reducing its continuous operating
envelope.

Search geometry together with its actuation. Raeisinezhad et al. compare firefly search and deep rein-
forcement learning for pneumatic chamber design [67]. Analytical and finite-element environments support
different geometric freedoms. Selected silicone actuators are then fabricated and measured using digital im-
age correlation. The measured objective concerns the balance between horizontal and vertical displacement,
not simply maximum motion. Some designs remain computational only. This makes the work a design-search
study with subsequent physical validation, rather than an unattended fabrication-and-test loop.

Kaczmarski et al. use a reduced-order active-filament model for a complementary problem: choose fiber-
based actuator designs with low actuation energy while reaching a specified target [68]. An inner activation
search supplies the cost used by outer Bayesian design optimization. Evaluation is computational and as-
sumes quasi-static motion; the comparison with random search concerns the tested target-reaching problem.
The method illustrates how a cheaper mechanistic representation can expand design exploration, while its
assumptions determine which dynamics the search can discover.

Both approaches expose a consequential choice: whether to spend computation on a richer mechanics
model, a more expressive design space, or more candidate evaluations. A fair comparison needs the same
task constraint and a reported controller/activation budget. Otherwise, a body can appear superior because
more effort was spent finding how to actuate it.
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Select components under mission-derived loads. Liu et al. combine human architectural decisions with
numerical design for a heavy-duty quadruped [69]. Their motor–gear selection minimizes component mass
subject to torque, speed, and thermal constraints derived from task demands; the candidate catalogue is as-
sembled with human input. A physical prototype provides system-level testing. This is a useful hybrid engi-
neering case: computational selection sits inside a broader human-directed development process, rather than
replacing it.

At a different interface, a multi-agent motor-design system couples finite-element evaluation with a sur-
rogate to search motor parameters [70]. It expands computational design orchestration, whereas catalogue
selection chooses among already available devices. These should not be assigned the same manufacturing
boundary. Changing a motor design can also require a new inverter or cooling arrangement; changing a
catalogue choice may preserve manufacturing but still alter integration and control.

The resulting evaluation sequence runs from model identification to component tests and then integrated
duty cycles. Its purpose is to locate the source of an apparent gain: geometry, control effort, component
selection, or a changed operating limit. Overload and fatigue also modify specimens during testing, so exper-
imental history is part of the observation rather than an interchangeable repetition.

4.5 Sensing, electronics, onboard compute, and communication
The observation channel begins before model training. Modality, placement, optics, sampling, synchroniza-
tion, packaging, and calibration determine the signal available to learning. Observability-driven sensor place-
ment on a soft continuum arm evaluates reconstruction consequences on physical hardware [71]. Task-and-
sensor co-learning instead chooses sparse measurements jointly with learned representations for tactile sens-
ing and proprioception [72]. The first relies on the specified model’s information structure; the second relies
on the training tasks and data. Their common comparison should hold sensor budget and recipient conditions
explicit.

CODEI connects sensor choice and placement to the perception pipeline, planning, computation, body,
cost, mass, and energy in a mobile-robot design case [73]. This moves the objective beyond isolated recon-
struction error: a sensor that improves estimation can still be a poor system choice if its mass or compute
demand compromises the mission. Physical installation and calibration remain different operations from
selecting a configuration.

From a robot model to a compute design. Robomorphic Computing identifies a direct relation between
robot morphology and accelerator architecture [74]. Link/joint structure determines useful parallelism and
matrix sparsity. The paper evaluates an FPGA implementation and synthesized ASIC results, but explicitly
states that its proof-of-concept design flow was performed manually and leaves automation to future work.
We therefore use it as a design foundation, not as an implemented autonomous generator.

RoboShape subsequently supplies an executable generation framework [75]. It parses robot descriptions,
derives topology-based schedules and matrix operations, and generates Verilog within computing-resource
constraints. Its evaluation includes FPGA accelerators for iiwa, HyQ, and Baxter models. Computation-only
timing and host-transfer timing are separate comparisons. These are hardware-computation tests for robot
workloads, not evidence that all three physical robots autonomously replaced their onboard computers.

AutoSoC expands the coupling from a robot-derived accelerator to an algorithm–accelerator workflow
for aerial obstacle avoidance [76]. Its Air Learning component trains and validates candidate end-to-end
policies, while FlexACL generates accelerator candidates and executes synthesis and place-and-route. Six
reported candidates expose performance, area, and power choices. The endpoint is a chip layout that could be
taped out: the study does not report tape-out, physical chip measurement, or installation on an aircraft. This
is consequential digital co-design across O05, O08, and O12, with the production and recipient edges still
open.

This progression is important for RobotRSI: a domain insight becomes a repeatable engineering transfor-
mation when the representation, generation procedure, and validation interface are implemented. It need not
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be expressed as a conversational agent. A robot-body change could trigger regeneration of a compatible accel-
erator, but deciding whether that change is worthwhile and validating the full control stack require additional
research decisions.

Tool orchestration and interface scope. ChatEDA operates at another level, decomposing requirements
and invoking tools through a digital implementation flow [77]. In contrast to RoboShape’s specialized map-
ping, it orchestrates a broader tool sequence. The two approaches can be complementary: an agent can choose
and configure a domain generator, while deterministic checks establish properties that a language response
alone cannot.

Communication changes similarly span software and physical interfaces. Protocol configuration, task
allocation, transceiver choice, and link placement are distinct research objects. The examples above establish
neither autonomous radio design nor field qualification of a communication system. For distributed robotics,
subsequent studies must connect packet loss, delay, and resource use to estimator and control outcomes. This
is an outstanding coverage obligation, not evidence that communication research lacks automated methods.

4.6 Energy, thermal design, packaging, and lifecycle load
Energy research includes at least three different intervention levels: changing a material or device, optimizing
how an existing device is operated, and configuring the complete robot’s resource allocation. Conflating them
obscures both autonomy and benefit. A charging policy can improve a cell’s useful life without changing its
chemistry; a more conductive electrolyte need not improve a robot battery pack; a lower-power accelerator
can change feasible control timing rather than merely extend endurance.

Experimental duration and charging-protocol search. Attia et al. combine early prediction of battery
cycle life with Bayesian selection of charging protocols [78]. Short cycling experiments provide the feedback
used to select subsequent tests, followed by a separate validation campaign. The early predictor itself relies on
prior cells cycled to failure. Thus, reduced campaign duration depends on a previously acquired measurement
model and its training cost; it is not cost-free access to lifetime labels. This is physical optimization of an
operating protocol, transferable to robot energy systems but not a robot-level deployment study.

Composition search and downstream validation. Clio couples robotic liquid handling and metrology
to the Dragonfly experiment planner [79]. Conductivity guides search over electrolyte mixtures; selected
solutions undergo pouch-cell tests outside Clio. The preparation of feeder solutions and the separate cell-
construction procedure delimit the automated portion. This separates three artifacts: an experimentally se-
lected composition, its measured transport properties, and a battery’s downstream behaviour. For RobotRSI,
the corresponding hand-off would additionally require a compatible pack and a specified robot duty cycle.

The contrast between these studies is methodological. Early outcome prediction shortens each trial,
whereas automated preparation and measurement change how many candidates can be tested with a given
apparatus. Either can improve experimental throughput, but their costs and errors enter different parts of a
campaign. A survey should report which bottleneck is reduced instead of treating every speedup as a common
measure of research autonomy.

Thermal geometry and coupled constraints. Chen et al. integrate parametric modelling, meshing, numer-
ical evaluation, and Bayesian search for a wavy-fin heat sink [80]. The objective combines heat transfer and
pressure-drop effects; the reported optimization is computational. This supplies a transferable thermal-design
workflow, not robot cooling validation. It complements the task-derived thermal limits used in motor–gear
selection: one changes the cooling structure, while the other constrains component selection under a load
model.

At system level, CODEI exposes coupled resource choices [73]. These computational comparisons need
operating histories to support endurance or lifetime claims. Battery age, ambient conditions, transient loads,
cooling auxiliaries, and charging logistics can change the preferred design. The unresolved step is not simply
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to attach an optimizer to a thermal solver, but to connect that solver’s assumptions and predictions to the
recipient’s measured mission profile.

Table 10 compares these component and resource pathways, including whether evidence comes from
numerical analysis, a fabricated device, an instrumented campaign, or an integrated robot. It also keeps
foundational manual workflows distinct from implemented automation.
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Table 10: Component, compute, energy, and manufacturing-process research. A denotes robot-related development, B a transferable engineering method, and C a design foundation.
Roles are not autonomy levels. Physical realization and automated scope are recorded separately.

Study / role Changed object Decision or transformation Evaluated artifact / endpoint Boundary

Raeisinezhad et al. [67]
(A)

Pneumatic chamber geometry Firefly / reinforcement-learning search in ana-
lytical or FE environments

Selected fabricated actuators; measured dis-
placement balance

Physical validation fol-
lows search; some designs
simulation-only

Kaczmarski et al. [68]
(A)

Fiber actuator design Outer Bayesian search; inner activation opti-
mization

Computed energy under target-reaching con-
straint

Quasi-static model; no physi-
cal design campaign

Liu et al. [69] (A) Motor–gear choice Catalogue optimization under task and thermal
constraints

Selected components and tested quadruped
prototype

Human architecture and
catalogue preparation

Motor-design agents
[70] (B)

Motor parameters Agent orchestration, finite-element evaluation,
surrogate search

Computational motor design Manufacture and robot inte-
gration not established

Sensor optimization
[71, 72] (A)

Sensor placement and represen-
tation

Observability analysis or task-and-sensor co-
learning

Reconstruction / task evidence on soft systems Model- or task-dependent
measurement choice

CODEI [73] (A) Sensing, compute, body, deci-
sion pipeline

Constrained task-driven co-design Computational mobile-robot configurations Configuration selection is not
physical installation

Robomorphic Comput-
ing [74] (C)

Morphology-specific accelera-
tor

Manually realized proof-of-concept design
method

FPGA computation; synthesized ASIC results Automation explicitly de-
ferred in the paper

RoboShape [75] (A) Accelerator implementation Robot topology and resource limits generate
schedules and Verilog

FPGA workload tests for three robot models Kernel / host-I/O timing, not
robot field deployment

AutoSoC [76] (A) Policy and aerial-robot acceler-
ator layout

Policy training/validation plus synthesis and
place-and-route

Six digital accelerator candidates with
area/power/performance trade-offs

No tape-out, chip measure-
ment, or aircraft integration

ChatEDA [77] (B) Digital implementation flow Language-model tool orchestration EDA workflow benchmarks Fabricated robot electronics
not established

Attia et al. [78] (B) Charging protocol Early lifetime prediction guides Bayesian exper-
iment selection

Cell cycling and separate validation campaign Prior predictor-training cost;
no robot recipient

Clio [79] (B) Electrolyte composition Robotic measurement and Bayesian search Conductivity campaign; later pouch-cell tests Stock preparation and cell
testing outside automated
loop

Chen et al. [80] (B) Heat-sink geometry Automated modelling, meshing, evaluation,
Bayesian search

Numerical thermal / pressure-drop objective Computational result; robot
packaging untested

Continued on the next page
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Table 10: Component and resource research (continued).

Study / role Changed object Decision or transformation Evaluated artifact / endpoint Boundary

AM ARES [81] (B) Printing parameters Image-scored Bayesian process optimization Repeated physical single-layer print trials User-defined target, bounds,
and stopping; not robot as-
sembly
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4.7 From a promising component to an accepted embodiment
Hardware evidence should be read as a ladder of claims rather than a maturity score. Digital analysis can
show that a candidate satisfies a model. A manufactured specimen can show geometric and process feasibility.
A component test can establish a property under a protocol. An integrated robot can expose interface and
emergent effects. Field trials can reveal environment and maintenance constraints. Higher rungs do not
erase lower-rung uncertainty, and a poorly controlled field demonstration is not automatically stronger than a
replicated bench test.

For each candidate, the acceptance package should include: (i) the requirement and causal hypothesis; (ii)
immutable and modified variables; (iii) CAD, bill of materials, software/firmware interfaces, and manufac-
turing record; (iv) calibration and metrology; (v) model predictions and physical residuals; (vi) component,
integration, and regression results with uncertainty; (vii) resource and human-intervention accounting; and
(viii) recipient version, rollback plan, and post-deployment monitoring. Safety-critical changes additionally
require independent hazard analysis and an authority that is not rewarded solely for accepting its own pro-
posal.

This package distinguishes four levels of closure. Design closure produces an executable specification.
physical closure fabricates and measures the artifact. system closure installs it in a robot and passes acceptance.
recursive closure demonstrates that the updated robot or infrastructure performs later R&D more effectively
under a controlled comparison. Most existing work contributes strongly to one or two levels; combining them
is a system-integration agenda rather than a missing optimization algorithm.

4.8 Section synthesis
Autonomous hardware research is already plausible in pieces and partially demonstrated in physical loops.
The strongest evidence includes automatic physical phenotype development and adaptive soft-robot compo-
nent testing; autonomous materials laboratories and agentic engineering provide transferable mechanisms for
other hardware domains. The main gaps are typed hand-offs, unattended physical preparation, cross-domain
verification, and recipient-level acceptance. RobotRSI should therefore treat materials, fabrication, morphol-
ogy, mechanisms, actuation, sensing, energy, electronics, compute, communication, and packaging as cou-
pled research objects, while treating data, simulation, experimentation, and memory as mechanisms that run
across them. The next section applies the same activity-and-artifact analysis to intelligence and software,
where updates are easier to deploy but no less dependent on embodied evidence.

5 Autonomous Research on Robot Intelligence and Software
Software research can change either a robot’s behaviour or the procedure by which that behaviour is devel-
oped. The distinction is visible in the experiments: tuning a controller evaluates candidate gains; designing
a reward evaluates policies trained with candidate rewards; generating simulation tasks evaluates executable
environments and the learners they support. These are different levels of automation, not interchangeable in-
stances of policy learning. They also predate language-model agents: probabilistic modelling, experimental
design, automated reinforcement learning, and continual adaptation supply important foundations.

This chapter follows objects O06–O13. Data, simulation, and experimentation appear within their respec-
tive engineering loops rather than as a parallel application domain. A symptom alone does not identify the
intervention: the same task failure can arise from observation, behaviour, objective, or runtime defects. We
therefore compare what each method changes, the feedback used to choose the next step, its physical realiza-
tion, and the development choices that remain supplied. Later research benefit is considered separately in
Section 8.

5.1 Perception, representation, and state estimation
Perception research has at least three intervention points: the observations and supervision, the learned repre-
sentation, and the estimator that consumes it. A calibration change can correct systematic geometry without
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retraining a network; new labels can address a semantic error without changing the sensor; a fusion or uncer-
tainty model can change how unreliable observations affect decisions. These interventions require different
evidence. Framewise prediction accuracy, pose error, and task completion should not be treated as equivalent
objectives.

Blum et al. connect online semantic learning to indoor localization on real robots [36]. Their system
combines self-supervision with continual updates during deployment and evaluates memory replay to reduce
forgetting across environments. The important empirical connection is not simply a better segmentation
model: the updated perception also benefits localization in 3D floorplans. This is a deployment-grounded
alternative to selecting a model solely on a fixed offline dataset. Its learning construction remains supplied,
while the observations and model state change with use.

A complementary intervention is to automate development around the model. LABELING COPILOT
addresses computer-vision data curation, whereas AutoML-Agent organizes planning, implementation, and
verification across a computational learning pipeline [82, 83]. These studies concern different artifacts from
on-robot continual learning. They supply transferable methods for choosing data operations and model ex-
periments, but their cited evaluations do not establish downstream robot localization or manipulation.

The resulting research question is how to connect those choices to an embodied error diagnosis. For exam-
ple, comparing relabelling, recollection from a new viewpoint, and a representation update requires a shared
downstream test and separate accounting of annotation and robot time. Temporally adjacent observations
should remain grouped during evaluation; otherwise a curation method can appear effective through near-
duplicate train–test exposure. These are requirements of the proposed transfer, not additional capabilities
attributed to the computational agents.

5.2 Self-models, world models, and interaction models
A learned model can serve two distinct purposes: predicting a robot’s operational consequences and selecting
informative experiments about the robot. Continuous self-modelling by Bongard et al. uses physical interac-
tion to infer body structure and recover behaviour after damage [3]. Egocentric visual self-modelling instead
learns a predictive representation from onboard observations, with physical adaptation on a 12-degree-of-
freedom platform and additional simulation-specific evaluations [39]. Both connect observations to a revised
model and behaviour, but they differ in representation and sensing assumptions; they should not be collapsed
into one universal body-identification algorithm.

This distinction also prevents an ambiguity in the word “self.” The egocentric system autonomously
updates a model of the robot and uses detected anomalies to adapt behaviour, which is a consequential same-
platform development operation. It does not restore a damaged component, expand the permissible model
class, or show that the identification procedure itself becomes better at later research. Operational resilience
is therefore relevant evidence below the recursive-R&D threshold, not an exception to that threshold.

PILCO provides a complementary model-based policy-search route [84]. A Gaussian process predicts
dynamics, model uncertainty enters approximate long-horizon policy evaluation, and analytic gradients im-
prove the policy. New interaction then updates the dynamics data. The physical cart-pole experiment reports
17.5 seconds of system interaction before successful swing-up and balancing; the unicycle study is simulated.
The interaction time is a task-specific data-efficiency result, not a complete accounting of computation, setup,
or autonomous R&D labour.

The location of the probabilistic model matters. PILCO models state transitions; the controller-tuning
methods below can instead model a scalar experimental cost. The first representation supports counterfactual
rollouts but must propagate modelling error through time. The second avoids modelling the full plant but
obtains information only through evaluated controller settings. Neither representation is intrinsically a more
autonomous researcher: they expose different experiment choices and assumptions.

For research use, predictive accuracy is an intermediate endpoint. An updated contact model might alter
design rankings, while an updated body model might change the excitation selected for diagnosis. The infor-
mative comparison tests that downstream choice, including conditions outside the model’s fitting trajectories.
Persistent model state can therefore enter a recursive feedback route even when the outer learning code is
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unchanged; the downstream benefit still needs its own evidence.

5.3 Control and motion generation
Direct experimental tuning. Marco et al. combine a nominal linear-quadratic regulator (LQR) design
with Entropy Search over experimentally measured cost [85]. Tunable LQR design weights parameterize
controllers, while the performance objective remains fixed. A Gaussian-process belief guides trials toward
information about the optimum, demonstrated on a pole-balancing robot arm. The nominal model structures
the search; it is not re-identified during tuning. Failed trials can be interrupted, so nominal LQR construction
should not be mistaken for a guarantee that every physical experiment is stable.

Widmer et al. make trial safety part of Bayesian controller optimization for legged locomotion [86]. Their
evaluation includes Unitree Go1 hardware across gait settings. Compared with unconstrained informative
exploration, restricting trial selection to a probably safe region changes which uncertainty can be resolved
and how far the search can move from its starting controller. The controller family, parameterization, and
objective are still specified. This boundary is a useful design choice for scarce hardware, not a reason to
disregard the autonomous experimental decisions.

Rai et al. use simulation differently: rather than transfer a controller directly, they learn a domain-
informed feature transform that structures Bayesian controller optimization [87]. Experiments include
physical ATRIAS trials and simulated bipeds under deliberately increasing model mismatch. This makes
simulation a prior over which controllers are similar, while measured hardware cost remains the optimization
endpoint. The result supports sample-efficient tuning within expert-specified controller families; it does not
automate objective selection or body design.

These approaches trade representational breadth for testability. A low-dimensional controller family gives
experiments a clear identity and makes comparisons repeatable, but cannot discover a missing feedback struc-
ture outside that family. Model-based policy search opens a different parameterization but introduces model
and policy-class assumptions. The comparison should therefore report the search envelope alongside trial
count and performance, rather than rank methods by physical evaluations alone.

Agentic controller construction. ControlAgent uses domain expertise and computational tools within an
LLM-agent workflow to solve control-design tasks [43]. It can address construction and refinement decisions
upstream of a supplied parameter search. Its computational evaluation, however, is a different experimental
object from a legged robot operating under contacts, delays, and actuator limits. A generated controller’s
simulated response does not establish compatibility with a robot’s estimator, discretization, or runtime.

This suggests a compositional development route: an agent proposes a controller family or implementa-
tion, numerical tools check and tune it, and a bounded experimental method evaluates the physical candidate.
Such composition is a perspective, not an end-to-end system established by joining results from separate
papers. Section 6 examines the integration interfaces.

5.4 Planning, skills, and interaction
Generating executable behaviour. Code as Policies translates language instructions into programs that
compose supplied perception and control APIs [88]. Hierarchical code generation defines missing helper
functions and supports reactive or waypoint-based behaviour on real robots. This changes the executable task
program without necessarily retraining perception or low-level control. Its recursive function generation is a
property of program construction, not evidence that successive robot R&D systems improve themselves.

This is an important boundary case for the survey. Generating a program to satisfy the current instruction
is task automation. Retaining, comparing, and validating candidate program abstractions for later tasks would
add a development loop. The latter requires evidence about reuse, preconditions, and failures, rather than
simply a longer generated program.
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Synthesizing and repairing action selection. Executable policies can also be synthesized and repaired
within a constrained language. In LDIPS, physical soccer tests report attacker success of 50% before pa-
rameter repair and 64% after it; deflector success changes from 52% to 72% [38]. Repair uses ten physical
demonstration runs. These descriptive results concern supplied skills and program-parameter changes, not
new hardware or autonomous collection of repair demonstrations.

RADIUM couples failure discovery more directly to repair [89]. Approximate Bayesian inference
searches for likely high-dimensional failure conditions, with gradients from differentiable simulation or a
gradient-free alternative, and the same framework adjusts design or control variables to reduce predicted
failure. Selected repairs transfer to hardware. In the reported race-car comparison, the nominal and repaired
policies fail in 25% and 5% of 20 trials, respectively; a Robotarium experiment supplies a second physical
setting. Because simulation produces the search and repair feedback, these tests establish bounded transfer
of a repaired candidate, not autonomous physical diagnosis, a new failure specification, or full-stack robot
redesign.

RoboScribe widens the editable representation from parameters to a control program [90]. Starting from
raw, unsegmented demonstrations, abstraction refinement derives state predicates and abstract actions, then
iteratively synthesizes task programs with recurring subroutines. Its reported long-horizon benchmark re-
sults concern supplied demonstrations and simulated robot environments. The method removes a predefined-
abstraction requirement, but it does not choose the task, collect its own demonstrations, or establish physical
deployment. RADIUM and RoboScribe therefore automate different research decisions: one searches a fail-
ure distribution and repairs within selected variables; the other changes the symbolic interface through which
behaviour is synthesized.

Selecting experience to develop skills. Active selection long predates foundation-model orchestration.
SAGG-RIAC chooses parameterized goals from competence progress while learning inverse models on an
arm, a quadruped, and an arm manipulating a flexible fishing rod [91]. Hangl et al. instead use autonomous
play to compose sensing and preparatory behaviours around a human-taught basic skill [92]. Their physi-
cal manipulation trials provide success statistics, while the reported roughly 30% acceleration from active
selection is estimated in simulated convergence experiments driven by those statistics. Both systems choose
useful experience inside a supplied task/skill representation; neither autonomously invents the development
objective.

SOAR uses foundation models to organize and evaluate autonomous robot experience and then improve
an instruction-following policy [6]. It reports 25,000 real trajectories across five tabletop environments. Here
the planning machinery helps determine what the robot practices and how its experience is assessed; the
recipient of training is a policy, not a newly invented planning algorithm.

AutoRT extends experience orchestration to mobile-manipulator fleets in varied office settings [93].
Scene descriptions support task proposals, feasibility filtering, and selection among scripted, learned, and
teleoperated execution. Its collected episodes are consequently a mixture, not all autonomous demonstrations.
Besides diversity analyses, the paper evaluates RT-1 fine-tuning on two manipulation tasks. Those learning
comparisons are more directly relevant to development than diversity scores alone, but do not establish a
general improvement across the entire proposed task distribution.

The contrast is between composing an action program and organizing an experience campaign. Both
use task semantics, but the latter also determines the distribution on which later learning depends. Broad
language instructions do not by themselves establish broad robot competence. A survey of general-purpose
development must preserve the distinction between proposed tasks, feasible tasks, executed episodes, and
capabilities validated on the recipient.

5.5 Data, learning algorithms, rewards, and curricula
Searching the learning procedure. AutoRL demonstrates that upstream learning design need not depend
on an LLM [94]. Its navigation pipeline first searches reward coefficients using task completion and then
searches actor–critic layer widths with the reward fixed. Policies are trained in simulation and evaluated

38



both virtually and on a mobile robot. The architecture search varies layer widths at fixed depth; it is not
arbitrary program synthesis. Each outer candidate entails policy training, unlike controller tuning in which
an evaluation can be a physical rollout of an existing controller.

Constructing and refining rewards. Eureka opens the reward program itself [95]. Its evolutionary loop
generates executable code, trains policies, and feeds reward-component statistics and task scores back into
subsequent proposals. This exposes richer revision information than a single final score. Its main evaluation is
simulated; human input is also supported. The learned policy is the task artifact, whereas the reward program
is an upstream development artifact.

Text2Reward makes an interactive route explicit [96]. A compact environment abstraction grounds dense
reward code, execution feedback helps correct code errors, and users can critique rollout videos to revise re-
wards. Physical Franka manipulation experiments demonstrate transfer in bounded tasks. Compared with au-
tomated training statistics, human feedback can specify an intended behaviour that the initial task description
left ambiguous. It also remains a human research contribution, even when no manual reward programming
is needed.

DrEureka further couples reward construction to domain-randomization design [52]. A reward-trained
policy is tested across individual simulation-parameter values to obtain a reward-aware physics prior; those
ranges ground LLM proposals for randomization distributions. The reported transfer includes quadruped
locomotion and dexterous manipulation. This differs from simply widening every parameter range: what is
useful for training depends on the task and policy. Physical transfer evaluates that combined choice, rather
than validating reward text in isolation.

These methods optimize learning outcomes through intermediate artifacts. Reward quality is conditional
on the learner and training budget, while randomization quality also depends on the physical conditions en-
countered later. Comparisons should separate code execution, learning progress, intended behaviour, and
physical transfer. A syntactically valid reward addresses only the first of these endpoints.

Generating a curriculum or a task implementation. GoalGAN learns a generator of goals at an appro-
priate level of difficulty from policy success feedback [97]. Its simulated goal-reaching experiments vary
a parameterized subset of the state space while preserving the goal semantics and sparse success test. It
automates the distribution of practice, rather than writing a new environment implementation.

GenSim instead generates task code and retains a library used for demonstrations, policy training, and
task-generator fine-tuning [98]. The generator evaluation reports improved coding pass rates on held-out
tasks. The physical policy evaluation uses real-data adaptation and is a separate experiment. Human checking
and language–implementation mismatches remain relevant: passing runtime and demonstration-generation
checks does not ensure that the written task implements the intended instruction.

GenSim2 extends the approach toward articulated-object tasks with multimodal task proposals, plan-
ning/RL solvers, and point-cloud policy learning [99]. Human keypoint annotation and solver verification
remain in the pipeline. Its eight-task physical comparison reports mean success of 36.3% with limited real
data, 42.5% with simulation data, and 57.5% with combined data, using ten evaluation episodes per task. In-
dividual tasks do not all improve. These within-study outcomes support the generated-data pipeline under its
tested configuration; they do not rank it against GenSim’s different tasks or establish uncertainty-free transfer.

CurricuLLM generates a sequence of subtasks and compiles each subtask into reward and goal-
distribution code, while an evaluator model uses rollout trajectories to select policies [100]. The method
is compared across simulated manipulation, navigation, and locomotion settings, and a learned locomotion
policy is transferred to a Berkeley Humanoid. For that physical experiment, predefined safety and desirability
rewards and a termination condition supplement the generated curriculum. The implemented contribution is
therefore automatic curriculum construction with a bounded sim-to-real endpoint, not autonomous definition
of the safety envelope.
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Sustaining physical practice and adaptation. MEDAL++ addresses reward supervision and environment
reset together [5]. From initial demonstrations, it learns task and undo behaviour, infers rewards, and practices
on real robots without an externally imposed episodic reset after every attempt. Reported improvements over
behavioural cloning are task-dependent, spanning 30–70 percentage points. The feedback loop changes policy,
reward, and recovery behaviour within a supplied learning procedure. Reset competence is therefore part of
the learning mechanism, not merely background laboratory support.

Never Stop Learning studies a complementary offline fine-tuning route [101]. A pretrained robotic grasp-
ing system is adapted with target-domain data under visual and morphology changes, including sequential
adaptation experiments. The study also exposes an unresolved stopping problem: excessive optimization on
limited data can damage performance and subsequent adaptation. This is evidence against assuming that ad-
ditional training or another update must improve a robot. An autonomous researcher needs a way to select
checkpoints using meaningful evidence, not only an instruction to continue training.

Continual learning is consequently an evaluation problem as well as an update mechanism. Lesort et
al. organize robotic continual-learning settings around sequences of experience, resource limits, retention,
and embodied evaluation, while observing that much of the field was still evaluated on simulations or static
datasets [102]. Tree Learning provides a recent humanoid example of hierarchical parameter inheritance
and reports complete skill retention in its specified Unity comparisons [103]. That percentage is bounded to
the reported simulated tasks and baselines; without physical deployment, open-world task order, and longer-
horizon regression tests, it cannot be read as a general absence of forgetting.

RoboCat feeds experience from task-specialized policies back into generalist training [104]. Its controlled
self-data ablation and its comparison of later adaptation answer different questions. The latter evaluates
a broader-trained generalist, so the contribution of self-generated data is not isolated from all other dataset
changes. Nonetheless, later learning is actually assessed; it should not be treated as absent because the training
algorithm remains fixed.

Self-Improving Embodied Foundation Models turns predicted steps-to-go into a dense reward and success
detector, allowing several robots to collect experience for reinforcement-learning updates [105]. In three real
LanguageTable campaigns, one person monitored three or four stations and performed exceptional or periodic
resets without supplying success labels. The reported policy success increases from approximately 62–63%
to 87–88% after collecting additional Block2Block experience equivalent to about 3% of the full dataset.
This is strong evidence for a real fleet-mediated policy-update loop, but it is not unattended: goals and stop-
ping conditions are supplied, the initial stage uses imitation data, and real-world ALOHA self-improvement
remained incomplete.

Open X-Embodiment supplies a different foundation: shared data and models across robot embodiments
[106]. Such resources can initialize these loops, but collaborative collection does not imply autonomous
collection. Together, these cases distinguish data inheritance, autonomous practice, learner adaptation, and
task-generator training. Their common use of experience does not make their research outcomes equivalent.

5.6 Robot software architecture and runtime
The runtime layer determines whether a proposed algorithm can become a robot artifact. Relevant research
objects include message interfaces, sensor clocks, drivers, firmware, scheduling, build configurations, and
deployment dependencies. Failures here can invalidate conclusions drawn about a model: a delayed observa-
tion, incompatible message, or incorrect actuator conversion can produce a task failure without a defective
learning algorithm.

The architecture-based self-adaptation literature is the closest established synthesis at this layer. Alberts
et al. code 37 primary studies with 32 parameters spanning the managed robot, managing system, adaptation
mechanism, and evaluation strategy [27]. Their unit is a runtime response that changes architectural structure
or parameters under uncertainty. RobotRSI inherits that managed/managing separation but adds a different
evidential edge: a research episode must generate or select a development artifact, establish its adoption into
an identified version, and—for recursion—test its effect on later R&D. A component swap that preserves the
current mission can be important self-adaptation without satisfying either added edge.
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RoboFuzz provides an empirical example of automation at this layer [107]. It mutates ROS messages, ex-
ecutes the system, and monitors developer-specified correctness oracles. Semantic feedback, including sensor
inconsistency or control error, guides further input selection because ordinary code coverage can poorly distin-
guish robot behaviours. The framework supports simulated and physical execution modes, with target-specific
evaluation across robot software stacks. This automates counterexample discovery; it does not automatically
repair the reported bugs or independently invent the correctness specification.

ROSA changes runtime configuration rather than test input [108]. Its ROS 2 managing subsystem rea-
sons over an application knowledge base to select task-and-architecture co-adaptation plans, evaluated in an
underwater-robotics use case. This is a stronger deployment interface than switching a controller parameter
alone: components and task logic can be reconfigured together. Yet the knowledge model, permissible ac-
tions, and goals are provided by developers. Runtime architectural adaptation is an object for autonomous
research and a possible adoption mechanism, not by itself an agent that invents or improves the architecture.

The method contrasts with code-generation agents in the direction of search. A generator proposes im-
plementations intended to satisfy a task; a fuzzer proposes inputs intended to expose invalid behaviour. They
could share a development loop, but their evidence is not interchangeable. A generated test suite can miss
the same requirement as its code generator, while a failure-inducing input still needs reproduction, diagnosis,
and a validated patch. Simulation-discovered failures should retain their realization boundary until physical
relevance is checked.

From fault localization to a bounded patch. TARL instruments ROS/Python data-flow paths and esti-
mates their utility using a modified SARSA procedure [54]. Differences between nominal and changed-
environment utility identify a candidate faulty line; constant mutations guarded by the relevant condition
are then explored with an ϵ-greedy strategy. The demonstration is a small simulated shuttle task, not a physi-
cal deployment, despite its use of real ROS code. The performance monitor and mutation space are supplied.
This is a concrete repair mechanism, but its single-line feasibility result does not establish general middleware
repair or a new correctness specification.

Interaction-driven program repair. SoRTSketch takes a different route: the programmer supplies a finite-
state sketch, and Bayesian inference updates uncertain transition parameters from corrected interaction traces
[53]. A ten-participant study used a physical tablet-faced robot over four repair iterations. Users’ button
presses supplied state corrections; sensing and uncorrected interaction errors could lead to ineffective changes.
Thus, implicit feedback here does not mean feedback-free learning. Compared with TARL’s utility discrep-
ancy, the target is agreement with corrected interaction, not recovery against the same engineering monitor.
Both operate within a supplied program structure, whereas broader source-code generation also changes that
structure.

Figure 6 compares these mechanisms with LDIPS at the level of representation and feedback. Its parallel
panels do not imply a maturity order or a common performance scale.

For robot deployment, the release unit is consequently larger than a model checkpoint or source commit.
Code, dependencies, device configuration, calibration, and model state must be compatible. This chapter
identifies the development mechanisms; system-level commissioning, release, and recovery are treated in
Section 6, avoiding a separate acceptance checklist for every software object.

5.7 Synthesis of software evidence
Tables 11 and 12 organize the evidence around two complementary views: learning from robot experience,
and changing the tools or procedures that produce robot software. Membership can overlap. They compare
mechanisms and supplied assumptions, not a scalar autonomy rank or pooled performance score.

Three distinctions recur. First, the search representation determines what can change: controller weights,
dynamics models, reward programs, task distributions, environment code, or runtime inputs. Broader repre-
sentations allow different inventions but also increase the burden of checking validity. Second, the feedback
signal determines what the process can learn from: transition data, scalar return, component-level training
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Program research differs in representation, feedback, and claim boundary

a LDIPS
Physical program repair

Program
space

if p(x; θ)
then a

Examples
+ desired
− undesired

Typed synthesis
Solve parameters; enumerate

features and predicates

Action-selection patch
θ 7→ θ + ∆θ

Physical soccer transfer
Demonstrations supplied

grammar constraints

patch

b SoRTSketch
Interaction-driven repair

Program
space

Finite-state
sketch

Corrections
Next / Back

Pause /
Resume

Bayesian update
Infer uncertain transition

parameters

Updated transitions
Posterior carried to
the next interaction

Physical social robot
10 users; four iterations

prior structure user signal

posterior

c TARL
Utility-guided repair

Program
space

ROS/Python
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Evidence
Nominal vs.

changed
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Localize + search
Taint utility; RL-guided

constant mutation

Guarded code patch
Modify a localized
numeric constant

Simulated shuttle task
No physical mission shown

taint path utility gap

mutation

Representation bounds candidate changes; feedback defines the repair target; experimental context bounds the claim.

Figure 6: Three bounded mechanisms for researching robot programs. LDIPS combines a supplied language
and demonstrations to synthesize or repair action selection [38]; SoRTSketch updates transition parameters from user
corrections [53]; TARL localizes and mutates a numeric constant using monitored utility differences [54]. Arrows stay
within each method and label the artifact or evidence handed to the next operation. The panels compare mechanism, not
performance: tasks, endpoints, budgets, and realization differ. Physical evaluation in the first two panels does not make
demonstration collection or user correction autonomous, while the use of ROS in the third does not make its simulated
mission a physical test.

statistics, human critique, or semantic failure signatures. More elaborate feedback is useful only if it addresses
the relevant error. Third, the experimental unit determines the budget: a rollout, a full policy-training run, a
physical data campaign, and a software fuzzing campaign have different costs and failure modes.

The reviewed cases already exceed a picture of robots merely updating policy weights. They include
automated controller experiments, reward and curriculum construction, task-code generation, fleet experience
selection, and correctness testing. At the same time, these components do not establish a single general
researcher across perception, planning, learning, and runtime. The principal integration question is whether
the system can diagnose an unfamiliar failure, choose the appropriate intervention level, and validate the
resulting compatible robot update. The next chapter considers that system-level change set.

6 Autonomous System-Level Robot Engineering
The system-level problem in RobotRSI is to turn separately developed artifacts into a working robot. A new
gripper may demand different calibration and control; a perception model may exceed the compute or thermal
budget; a lighter body may change vibration and localization; a controller may be valid only for a hardware
revision no longer deployed. Sections 4 and 5 examined local research objects. This section asks how their
artifacts become one operable, maintainable, and identifiable robot version.

System-level autonomy is not achieved by putting independent optimizers in parallel. It requires allocation
of coupled requirements, typed hand-offs, configuration control, integrated experiments, acceptance authority,
and lifecycle feedback. The central unit is a system change set: a versioned group of hardware, software,
calibration, process, and documentation artifacts whose joint effects are evaluated on a declared recipient.
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6.1 Requirements, architectures, and resource allocation
A mission statement such as “operate longer in clutter” underdetermines the engineering response. Possible
levers include battery, mass, route planning, sensor duty cycle, compute scheduling, actuator efficiency, ther-
mal limits, or task allocation. Autonomous research direction must translate the statement into measurable
capability, environment, hazards, invariants, and budgets, then preserve traceability as requirements propa-
gate to subsystems.

Requirements allocation is a composition problem. Two components may each meet a nominal latency
limit while communication and scheduling violate the end-to-end deadline. Conversely, accepting a slower
local computation can be appropriate if it reduces sensing, transmission, or downstream planning cost. The
relevant evidence concerns the combined configuration under the mission workload, not only independent
subsystem specifications.

Architecture selection determines which changes are possible. Modularity, standard interfaces, accessi-
ble test points, replaceable parts, signed software bundles, simulation models, and telemetry can reduce the
cost of later R&D. They can also impose mass, complexity, attack surface, and performance penalties. An
architecture for self-improvement should therefore be evaluated against a distribution of future modifications,
not assumed universally superior because it is modular.

Wang et al. provide a concrete agent-assisted cross-domain example motivated by a water-monitoring ves-
sel [44]. The reported artifacts include propeller and hull designs, reuse of supplied motor-control electronics,
and embedded firmware assessed through physical logic-analyzer traces. The results section also records ex-
pert assistance for turbulent-flow configuration and further validation needs. These are useful design and
component-level hand-offs. The inspected evaluation does not provide an integrated vessel-navigation bench-
mark from which autonomous whole-system performance or development-time savings can be established.
Its lesson is to inspect the artifacts exchanged between roles, not infer integration from the agent hierarchy.

Resource allocation is part of research reasoning. Mass, volume, power, thermal capacity, bandwidth,
compute, human labour, robot hours, materials, and risk are shared budgets. CODEI demonstrates a task-
driven computational formulation that exposes choices across body, sensor, algorithm, compute, energy,
weight, and cost [73]. RobotRSI generalizes this idea from design selection to research selection: which
subsystem should be changed, at what fidelity should it be tested, and which budget is worth spending given
the expected system-level information?

6.2 Cross-component co-design
Figure 7 separates reported cross-domain artifacts from the additional evidence required for a system-level
claim. A mechanical design, generated firmware, simulation output, and physical signal trace can each be a
legitimate intermediate result while leaving integration, commissioning, and mission performance unresolved.
The system change set is therefore an evidential unit, not merely a list of files produced by different agents.

Cross-component co-design may be simultaneous, nested, or alternating. These are not obligatory succes-
sive stages. Simultaneous search exposes interaction but grows rapidly and makes attribution difficult. Nested
design optimizes a controller for every body candidate, but can hide unequal inner-loop budgets. Alternating
updates are practical yet can cycle or lock into an early architecture. The chosen scheme and its stopping rule
are therefore part of the method, not implementation detail.

Existing work supplies useful patterns. Morphology–control co-optimization demonstrates that a con-
troller optimized for an unsuitable body need not recover the best joint solution [60]. RoboMoRe treats
morphology and reward as coupled design targets [62]. CODEI joins sensor and algorithm selection with
planning and compute [73]. FAST couples physical component experiments, simulation, and surrogate cali-
bration [49]. These systems span different evidence modalities and scopes; together they motivate cross-stack
research, but they do not constitute one demonstrated universal co-designer.

Three additional cases clarify what “system” can mean. Bosio and Mueller co-optimize the attachment
layout and controller of a cooperative aerial payload system, then compare optimized and suboptimal con-
figurations on fleets of three or four quadcopters [109]. AutoSoC produces a policy and placed-and-routed
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Component artifacts and measurements are valuable intermediate evidence. A full-stack claim additionally requires an
integrated recipient and a joint evaluation.

Figure 7: From cross-domain artifacts to a system-level evidence boundary. Panel (a) is a bounded reading of
the agent-assisted vessel case reported by Wang et al. [44]: propeller/hull designs, reused motor-control electronics,
generated firmware, computational design outputs, and physical logic-analyzer traces are reported, while turbulent-flow
analysis requires expert setup. The dashed boundary is the survey’s interpretation of what the inspected results do not
establish; it is not a failed experiment in the source. Panel (b) is our proposed evidence chain for a stronger system-level
claim. Its arrows label required transfers, not outcomes already demonstrated by that study. Multiple subsystem artifacts
do not by themselves establish an integrated, unattended, or recursively self-improving robot.

accelerator candidates but stops before chip fabrication and aircraft installation [76]. RobotSmith physically
combines a generated tool with a generated use plan, while the manipulator platform and production opera-
tions remain supplied [66]. These are genuine cross-component relations with different recipients and missing
hand-offs; none should be inflated into autonomous whole-robot engineering.

Two further computational cases expose scale and representation boundaries. Vanteddu et al. keep CAD
geometry inside the iRonCub co-design loop: a multi-objective evolutionary search changes selected links for
flight performance and automated finite-element analysis rejects candidates that violate a structural margin
[110]. SwarmCoDe jointly evolves morphology, planning, heterogeneity, and population composition for
simulated swarms under fabrication budgets [111]. The first strengthens the hand-off from control-oriented
parameters to mechanically inspectable geometry; the second changes the recipient from one body to a pop-
ulation design. Neither abstract establishes automated fabrication or commissioning, so both remain digital
system change sets rather than realized successors.

Attribution requires disciplined comparisons. If body, policy, data, and compute all change, an end-
to-end gain supports the change set but not a claim that each part improved. Factorial or staged ablations,
interface-level measurements, and matched-budget baselines can locate contributions. In some settings the
interaction is the result: neither a new body nor controller works alone. The evidence model must represent
such non-additivity instead of forcing credit to one artifact.

Co-design also needs fidelity allocation. A planner can screen thousands of candidates with analytic or
learned models, test tens in high-fidelity simulation, and fabricate a few. Physical residuals should update
both candidate beliefs and the fidelity model. A different morphology may have a different reality gap, so
a single global simulator correction can be misleading. The ARE framework highlights this heterogeneous
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reality-gap problem for evolving populations [112].

6.3 Manufacturing, assembly, and reconfiguration
Manufacturing converts design uncertainty into physical variation. Autonomous system engineering must
plan processes, schedule equipment, inspect output, handle build failure, assemble and route components,
install firmware, and link measured artifacts to digital versions. A printer that runs unattended automates one
operation; it does not close the chain if a person selects parts, removes supports, reworks interfaces, mounts
electronics, or decides which build is acceptable.

AM ARES makes process development, rather than only part production, an explicit automated activity
[81]. It adjusts printing parameters using image-based feedback against a user-defined single-layer target.
Campaign execution includes allocating unused substrate locations and cleaning the dispensing tip. The user
supplies the parameter bounds, objective, and termination conditions. This is a physical process-optimization
loop with an engineered reset mechanism, not autonomous robot assembly. Compared with geometry search
over a fixed manufacturing process, it changes the process that realizes a candidate; those two intervention
levels can therefore require different validation records.

Automatic manufacture of evolved forms and Mother Robot established early links from computational
search to physical descendants [1, 2]. More recent practical evolvable-robot work makes the facility con-
straints explicit [22]. The ARE project describes RoboFab, in which an arm retrieves components from fixed
locations, uses printers for custom body parts, and assembles from a genome; the reported arm operates with-
out vision using predetermined placements [112]. This is valuable infrastructure evidence and also a warning:
fixture accuracy and predefined component banks are part of the phenotype representation. The 2024 frame-
work presents continued software–hardware orchestration as a direction; it should not be cited as proof that
unrestricted continuous physical evolution is already closed.

Physical growth and replacement versus autonomous design choice. Robot Metabolism uses extendable
Truss Links with magnetic connectors to demonstrate morphology formation, damage recovery, replacement
of a depleted module, and robot-assisted assembly [113]. All physical experiments are operator controlled
through direct commands or preprogrammed scripts; slopes and obstacles are part of the designed apparatus.
The contribution is a physical mechanism for bodily change, not an autonomous discovery loop. It comple-
ments evolutionary construction systems by changing who can perform assembly: another robot of the same
module family can help realize a configuration.

The comparison suggests two distinct research questions. One concerns selecting a useful morphology;
the other concerns whether available robots and equipment can realize its transitions. A constructible design
may have an inaccessible assembly sequence, and a physically possible transition may be hard to discover or
repeat. For RobotRSI, assembly affordances, fixtures, and recovery procedures should therefore be evaluated
with the design representation. They are not incidental preparation hidden between a digital candidate and
its fitness score.

6.4 Calibration, commissioning, and system validation
Calibration is an especially concrete form of robot-directed experimentation: the target is an identifiable robot
model, the intervention is a pose or excitation, and the returned artifact changes how subsequent motions or
measurements are interpreted. Three method families make different parts of this workflow economical.

Choose measurements using a predictive model. Daş and Burdick learn residual kinematic errors with
Gaussian processes and use GP-UCB to select measurement configurations [114]. This avoids restricting
correction to a revised Denavit–Hartenberg parameter vector. Comparisons against random sampling, ex-
pected improvement, and a D-optimal method use three simulated arm geometries. The lander motivation
and named Barrett WAM geometry do not make these physical or space-deployment experiments. The contri-
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bution is adaptive error-model learning; its sensing assumptions and workspace coverage delimit the reported
correction.

Yang et al. instead select eye-in-hand calibration views by predicted reduction in parameter uncertainty
[115]. The reported comparison uses synthetic data and image/pose datasets acquired with an EPSON ma-
nipulator, with held-out measurements for evaluation. The study assumes unconstrained transitions between
candidate views and does not charge for path planning. Camera intrinsics are calibrated separately. Thus,
informative view selection is demonstrated, but collision-aware autonomous execution and complete com-
missioning are additional interfaces.

Selingue et al. close more of the physical calibration loop by combining geometric identification with a
Gaussian-process model of residual position error and an active-learning stopping rule [116]. Experiments
on two manipulators report a 97% error reduction with fewer than 30 measurements for GPR training. The
design parameters and stopping condition were tuned on an existing measured dataset, so the result supports
data-efficient execution of a supplied hybrid method rather than autonomous invention of the method. Ko-
lakowski provides a different recipient boundary: a mobile robot maps a furnished apartment and collects
radio fingerprints to automate calibration of an indoor positioning system [117]. There the robot is the exper-
imental executor, while the calibrated infrastructure and its learned radio map are the principal recipients.

These methods optimize different quantities. An error-correction model needs samples that explain resid-
ual behaviour; a parameter-estimation method needs measurements that constrain its chosen geometric vari-
ables. Neither objective automatically minimizes total calibration time. A distant informative pose can be
expensive or unreachable, and a small posterior uncertainty can coexist with an incorrect model class. Com-
parisons should therefore separate measurement count, travel/execution cost, predictive accuracy, and down-
stream task performance.

Change the measurement apparatus. MUKCa takes a complementary route: a two-socket fixture con-
strains the end-effector, and optimization adjusts the nominal kinematic model using recorded joint configura-
tions [118]. Users guide the robot in a back-drivable mode and trigger observations. Evaluation spans Franka,
KUKA, and Kinova platforms; insertion and motion-retracing tests on a Franka examine consequences be-
yond calibration residuals. This reduces dependence on external metrology, not the human role in choosing
and collecting configurations. Its physical fixture and parameter optimizer could support an active procedure,
but that combination should not be credited to the reported implementation.

Together these cases show why calibration autonomy has several axes: selection of configurations, execu-
tion of measurements, parameter/model estimation, and verification of the corrected recipient. Better experi-
mental design, cheaper fixtures, and a better estimator are complementary interventions, not interchangeable
autonomy levels.

Commission the configuration, not only the estimator. A useful calibration file must be associated with
the actual sensors, joints, mounting, firmware, and payload. Commissioning additionally checks timing, lim-
its, interfaces, and retained capabilities. A model update can pass held-out geometric tests while failing an
integrated motion task; conversely, a compliant controller may mask a geometric error. The proposed accep-
tance record therefore distinguishes parameter fit, independent measurement, and task-level validation.

Reset and recovery are also experimental conditions. MEDAL++ learns undo behaviours for non-episodic
practice [5]; FAST uses a structured gantry, object array, and tool-changing setup for repeatable component
testing [49]. These are different ways of restoring a usable trial state. A comparison of calibration or design
algorithms should account for that restoration work rather than treating each physical measurement as an
equally priced query.

Table 13 collects the proposed hand-off requirements. It is an engineering contract, not an empirical
assertion that every cited system implements every row. Study-specific realization and human boundaries are
compared in Table 14.
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Table 13: Minimum hand-off contracts for autonomous system-level robot engineering.

Hand-off Required artifact Acceptance evidence Frequent hidden depen-
dency

Requirement →
subsystem

Capability, environment, haz-
ard, resource budget, interface
and testable criterion

Traceability from system
objective to allocated con-
straint

Human resolves ambigu-
ous or conflicting values

Design → fabrica-
tion/build

Typed CAD/code, bill of mate-
rials/dependencies, tolerances,
process and version

Feasibility checks and
reproducible build record

Manual repair, part selec-
tion, credentials, propri-
etary tooling

Build → commis-
sioning

Physical/software identity,
measured deviations, firmware
and calibration state

Interface, timing, cali-
bration and basic safety
checks

Cable routing, mounting,
charging, cleaning and
datum setup

Commissioning →
experiment

Valid initial state, protocol, re-
set/recovery, instrumentation
and stop rules

Pre-flight checks and mea-
surement integrity

Human resets, scene
preparation and rare-fault
recovery

Experiment → ac-
ceptance

Raw data, uncertainty, fail-
ures, resources, baseline and
regression results

Independent criteria on
target gain, invariants and
retention

Selective reporting or eval-
uator coupled to generator

Acceptance → de-
ployment

Signed release, compatible
recipient, rollout, monitoring
and rollback plan

Canary/shadow evidence
and post-update health

Manual approval, access
control and undocumented
configuration

Deployment → later
R&D

Versioned traces, intervention
and maintenance history, neg-
ative evidence

Evidence is at-
tributable to a known
robot/environment ver-
sion

Fleet heterogeneity and
policy-dependent sam-
pling bias

6.5 Deployment, maintenance, and fleet updates
Lifecycle development includes learning to compensate for damage, selecting a different available configura-
tion, physically replacing a module, and sharing an update across robots. These interventions change different
artifacts and should not all be called self-repair.

Learn around damage without restoring the body. Reset-free Trial-and-Error combines a simulation-
built behaviour repertoire, Gaussian-process outcome learning, and Monte Carlo tree search [119]. Unlike
episodic recovery, trials continue from the current state while the robot navigates around obstacles. Physical
tests use a hexapod with one removed leg, external motion capture, and five repetitions of each arena condition.
In the first reported physical condition, median episodes per target are 13 for RTE (interquartile range 12–14)
and 28 for planning without the learned correction (24–31). These are recovery trials, not replaced hardware
or autonomous field servicing. Precomputing the repertoire and providing localization remain part of the
resource boundary.

This case illustrates how deployment and experimentation can coincide: the action both advances a task
and informs the damaged-robot model. Its benefit concerns operational recovery. A later research-efficiency
claim would require a separate comparison, rather than interpreting reduced episodes during the same adap-
tation campaign as unrestricted recursive improvement.

Reconfigure from supplied design knowledge. The UX-1 metacontrol system uses a functional knowledge
model and diagnostic events to select a thruster-allocation configuration, then sends the resulting matrix to
the low-level controller through ROS [120]. The reported fault experiments are software-in-the-loop tests
in Gazebo for surge and heave, not physical flooded-mine trials. Available function designs are specified in
advance. We therefore treat this implementation as enabling runtime infrastructure: it links diagnosis to a
configuration change, but does not autonomously invent or test new alternatives. This boundary is useful
precisely because a future researcher could propose alternatives for such a controlled adoption interface.
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Repeated trials depend on the state of the physical facility

Prepare the trial
Build or configure

Calibrate and admit

Execute and measure
Observe the candidate
Keep interrupted traces

Restore the facility
Reset objects / fixtures
Replenish / recharge

admitted trial
ended or
stopped

Readiness
checks pass?

inspect state

yes: facility available for the next specified trial

Restoring test capacity does not imply candidate acceptance.
Repeated trials alone do not demonstrate better research.

Suspend physical trials
Service or external assistance

A new readiness check
is required before restart

no

Record throughout the cycle: candidate and configuration IDs; facility state; measurements and validity;
interruptions, reset and service time, resource use, and human actions. Recording is not conditional on release.

Figure 8: Physical experiment continuity is a state-management problem. This proposed facility workflow sep-
arates an admitted trial from restoration, readiness checking, and suspension when the facility cannot continue. The
return arrow denotes renewed experimental availability, not recursive research improvement or candidate acceptance.
Readiness is specific to the next experiment and does not replace its preparation and admission checks. The suspension
branch has no automatic restart; service must be followed by another readiness check. The recording strip applies to
every stage, including failed or interrupted attempts, and is not another stage in a serial pipeline. Deployment and ver-
sion lineage are treated separately in Figures 4 and 11. This is a conceptual workflow, not a claim that a cited facility
implements every operation autonomously.

Physical module replacement is a third intervention. Robot Metabolism demonstrates that suitable con-
nectors and morphology permit this operation, but its operator-controlled experiments are not autonomous
maintenance planning [113]. Behavioural compensation, rule-based reconfiguration, and material replace-
ment can be combined; their individual reports do not establish that combined system.

Learn collectively while accounting for version lag. Yahya et al. distribute guided policy search across
local robot workers and a shared parameter server [121]. Their four-robot door-opening study evaluates one
learned policy on an unseen door; local policies begin from kinesthetic demonstrations. Worker-count and
asynchronous-speed comparisons are conducted in simulation. Concurrent collection and optimization im-
prove utilization while introducing stale policy/data versions. This is a concrete mechanism for collective
policy development, not a validated fleet-wide hardware/software rollout process.

The distinction matters for interpreting scale. More robots can reduce elapsed training time while in-
creasing total robot-hours, apparatus cost, or support effort. A shared model can also inherit site-specific bias
from uneven contributions. Fleet-level comparisons need both a recipient outcome and an account of which
versions collected the data, supplied the gradients, and received the update.

From recovery episodes to lifecycle evidence. The selected literature supports bounded calibration, recov-
ery, reconfiguration, and collective learning. It does not yet substantiate every deployment practice proposed
for RobotRSI. Staged releases, compatible configuration manifests, monitored exposure, and recoverable up-
dates are requirements of the perspective rather than capabilities inferred from a policy-learning experiment.
Longitudinal evidence should connect repeated faults, maintenance actions, wear, and intervention costs to
design changes. Shorter downtime alone cannot distinguish a durable improvement from deferred mainte-
nance.
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6.6 Comparative system-level cases
Figure 8 isolates a facility-level condition that a software research loop can overlook: completing a measure-
ment does not make the apparatus ready for another experiment. Object positions, charge, fixtures, calibration,
and wear can change during a trial. Restoration must therefore be followed by a readiness check, with sus-
pension and service when it fails. This feedback maintains experimental capacity; it is not evidence that the
research procedure has improved. Candidate acceptance and release are separate decisions.

The facility boundary may include cloud compute, external workshops, and people; physical co-location
is not required. Its records should connect the trial and candidate identities to both measured outcomes and
the work needed to obtain them. Keeping only successful, completed trials can hide failed builds, interrupted
tests, and manual recovery. In the proposed workflow, recording spans preparation, execution, and restoration
rather than occurring only after a release. This makes experimental throughput and reproducibility assessable
without assuming that every operation is autonomous.

Table 14 compares selected system-engineering pathways. Construction, active calibration, damage re-
covery, runtime reconfiguration, and collective learning operate on different experimental units. The table
distinguishes implemented development from enabling physical or software infrastructure, and reports realiza-
tion independently of that distinction. This prevents a manually directed physical transition from outranking
a computational research method simply because only the former involves hardware.

Three integration patterns emerge. First, same-platform adaptation updates software or calibration on the
deployed robot and is comparatively reversible. Second, facility-mediated succession produces a component
or child robot using external manufacturing and test infrastructure. Third, fleet-mediated development aggre-
gates experience, trains centrally, and releases to multiple recipients. A complete RobotRSI architecture may
combine all three, but its identity and recursive claims must specify which actor researches, which artifact
changes, and which version benefits.

6.7 Section synthesis
Autonomous system-level robot engineering is the discipline of closing hand-offs. Requirements must be
allocated across shared budgets; hardware and software changes must be co-designed or their assumptions
made explicit; fabrication, calibration, reset, and recovery must be part of the experimental boundary; and
acceptance must produce a versioned, monitorable, reversible update. The comparison identifies different bot-
tlenecks: evolutionary construction restricts bodies to what a facility can build; active calibration economizes
measurement selection; contact fixtures reduce metrology requirements; online recovery learns around dam-
age; metacontrol connects diagnosis to supplied configurations; and asynchronous learning shares experience
across recipients. Their open interfaces concern the cost and validity of moving from one such capability to
another, not simply the absence of a more powerful optimizer.

The feasible chain depends strongly on robot type and operating context. A factory manipulator can rely
on fixtures and external infrastructure; a soft microrobot, surgical platform, underwater vehicle, planetary
rover, or distributed fleet cannot share the same modification, reset, and acceptance assumptions. Section 7
therefore treats robot context as an axis that conditions every loop rather than as a list of application examples.

7 RobotRSI Across Robot Types and Operating Contexts
The same research mechanism can have different engineering meanings on different robots. A Bayesian
optimizer may choose a flight experiment, a simulated catheter design, or a controller for a swarm. A learned
representation may be updated on a field robot or on a workstation receiving microscopic images. Comparing
these systems requires more than an application label: the experimental boundary determines what is changed,
where evidence is obtained, and who can use the result.

We describe context using
c = (b, e, p, s,m,w, o, i), (3)
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where b is intended task breadth, e embodiment family, p physical realization, s scale, m mission, w operating
world, o organizational scale, and i available infrastructure. These coordinates are multi-label, not disjoint
robot classes. A soft medical device can be millimetre-scale, externally actuated, and optimized in a labora-
tory; a general-purpose mobile manipulator can still be evaluated in a narrowly specified office setting. We
use this model to compare research arrangements, not to infer autonomy from morphology.

7.1 Task breadth and specialization
Intended generality versus tested breadth. General-purpose development concerns a distribution of tasks
and conditions, not simply a long list of instructions. The experience systems in Section 5 illustrate different
dimensions of breadth. SOAR spans language-conditioned tabletop activities; AutoRT coordinates mobile-
manipulator experience with mixed execution modes; RoboCat studies generalist training and subsequent
adaptation; and Self-Improving Embodied Foundation Models examines autonomous practice from a broadly
pretrained policy [6, 93, 104, 105]. These are complementary experiments, not successive points on one
generality scale. Task proposals, feasible executions, training examples, and validated recipient capabilities
remain different sets.

Specialized engineering can expose a comparatively clear experimental question. FAST searches soft-
gripper designs within an instrumented component workflow [49]; safe Bayesian locomotion tuning tests
a bounded controller interface [86]. Their narrow scope makes some comparisons tractable, while leaving
transfer to other objects, terrain, or robot versions unresolved. Conversely, broad task descriptions expand
neither a platform’s physical action space nor the permitted research changes by themselves.

For a general-purpose RobotRSI system, choosing the intervention level becomes part of research. A
failed household task may call for additional data, a different gripper, new sensing, or a change in planning.
A study that optimizes one of these objects should identify that scope rather than inherit the breadth of the
overall mission. Retention and held-out task families then test whether the update broadens capability or
merely moves performance between tasks.

7.2 Embodiment, physical realization, and scale
Embodiment constrains the search representation. On articulated platforms, changes to body geometry,
sensing, and control can sometimes be represented as separate variables, although their effects remain cou-
pled. Soft devices put material and geometry assumptions directly inside the motion model. Ghoreishi et al.
optimize a soft catheter’s design in an outer Bayesian loop while an inner gradient-based optimization selects
actuator moments [122]. The objective concerns alignment with specified vessel shapes under a planar defor-
mation model. The reported evaluation is numerical, before manufacturing, rather than autonomous catheter
redesign during a procedure. This is a concrete medical-robot co-design method with a computational real-
ization boundary.

Soft robotics also illustrates why a robot category is not a method category. The autonomous soft-design
literature spans parametric search, simulated morphology–control co-evolution, learned models, and aspi-
rations for high-throughput manufacturing [59]. Zardini et al.’s tensegrity study occupies the simulated co-
evolution part of that space [61], whereas FAST uses adaptive physical testing of printed grippers [49]. Their
shared material compliance does not make their feedback, facility, or realization boundaries equivalent.

In aerial engineering, the recipient’s payload and energy budgets can change which algorithms are feasible.
AutoPilot explores combinations of autonomy computation and UAV design assumptions across vehicle sizes
[123]; AutoSoC couples an obstacle-avoidance policy to an accelerator layout but stops before silicon and
vehicle integration [76]. Bosio and Mueller instead alter a cooperative vehicle–payload layout and controller
and evaluate the resulting arrangement in flight [109]. These cases respectively end at system design-space
exploration, placed-and-routed compute candidates, and a physically assembled multi-UAV recipient. The
object and endpoint must therefore be recorded independently of the shared aerial context.
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Microscopic robots need not contain the learner. Muiños-Landin et al. combine real artificial microswim-
mers with externally controlled reinforcement learning [124]. Their navigation experiment includes Brownian
motion and supports collective learning through external control. The relevant learning system consequently
includes the observation and control apparatus, not just the particle. This demonstrates physical learning at
small scale without establishing onboard computation, autonomous fabrication, or biomedical deployment.

Xu and Zhu provide a contrasting LLM-based route [125]. Their swimmer models interact with a
prompted LLM through action and displacement histories in a computed hydrodynamic environment. The
published method also supplies history clearing when progress stalls and numerical transformations for the
interface. It demonstrates gait acquisition for model swimmers, not experiments on fabricated microrobots.
Thus, physical embodiment and agentic decision-making are independent descriptors: a simulated LLM
study is not more physically closed than an externally mediated particle experiment.

Scale also changes the appropriate recipient. A fabrication recipe can improve a batch of microscopic
devices even when individual devices cannot be rebuilt. A large field robot may instead retain its body while
changing software or calibration. The full-stack vision includes both arrangements, but their lineage and
evaluation units differ: design, specimen, individual robot, and population should not be silently interchanged.

7.3 Missions, environments, and experimental conditions
Experiment location is a methodological choice. Ryou et al. optimize quadrotor trajectory timing using
feasibility evidence at different fidelities [126]. The physical campaign combines simulation with motion-
capture flight experiments; it does not run all three proposed fidelity levels in every campaign. Flight data
influence trajectory selection, so hardware participates in the search rather than serving only as a final demon-
stration. The platform, controller, waypoints, and feasibility limits are supplied. This illustrates how a de-
manding mission can motivate selective physical experimentation.

RADIUM presents the complementary order: it searches and repairs against simulated failure distribu-
tions and then subjects selected policies to physical race-car and Robotarium tests [89]. In Ryou et al., flight
observations enter the candidate-selection loop; in RADIUM, hardware evaluates transfer after simulator-
driven repair. Both contain physical trials, but only the former uses those trials as within-campaign research
feedback.

Underwater fault recovery can motivate the opposite allocation. Ahmadzadeh et al. search control policies
on a Girona500 dynamics model after a specified thruster failure [127]. Their comparison of derivative-free
search methods and policy representations is evaluated in simulation. The approach is intended to avoid
costly learning on a damaged vehicle, but does not demonstrate sea trials or a fully validated onboard fault-
identification loop. The methodological point is still relevant: when physical trials are scarce, deciding which
uncertainty can be resolved computationally becomes central.

Field experience supplies changing supervision. COTRATE learns traversability assessments from pro-
prioceptive and inertial signals and uses them to train a visual model with feature replay [128]. Its preprint
evaluates data from Spot and Husky across eleven terrains. A manually selected reference terrain anchors the
scores. Its path-effort metric uses terrain-specific motor-current estimates and path distance; it is not a direct
measurement of total energy consumed by an autonomous research campaign. The case connects changing
field experience to perception updates while exposing assumptions behind the feedback signal.

These examples distinguish three placements of learning: physical experiments selected during a cam-
paign, model-based search intended for constrained operation, and continual updates from encountered ex-
perience. Their budgets cannot be compared using iteration counts alone. One iteration may consume flight
time and recovery labour, another simulator evaluations, and another a batch of logged sensor data.

Reset and irreversibility. A scene is not necessarily restored when a trial ends. Terrain is disturbed, bat-
teries discharge, fixtures drift, and specimens may be consumed. MEDAL++ shows that undo behaviour
can be learned as part of physical practice [5]; Figure 8 separates restoration from readiness and candidate
acceptance. For experiments that cannot be repeated on the same specimen, comparisons require matched
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Table 15: Conditional implications of operating context for autonomous R&D. These are design questions, not universal
claims or an ordinal difficulty scale.

Context condition Likely bottleneck Required evidence practice Enabling design response

Fixture-rich laboratory Overfitting to instrumenta-
tion, layout, or reset

Report fixture dependence;
test held-out layouts and
degraded sensing

Versioned fixtures, randomized scenes, auto-
matic exception logs

Production factory /
logistics site

Downtime and non-
stationary workload

Exposure-normalized com-
parison; staged release and
rollback

Shadow trials, canary cells/robots, production
telemetry

Home or public human
space

Safety, privacy, diverse
objects and users

Consent-aware data lineage;
near-miss and intervention
accounting

Conservative authority, privacy filters, remote
recovery

Remote field, underwa-
ter, or space

Delayed evidence, weak com-
munication, costly retrieval

Predeclared abort limits;
uncertainty and missing-data
treatment

On-board diagnosis, fault containment, digital
rehearsal, sparse uplink

Medical or safety-
critical intervention

Irreversibility and tightly
constrained authority

Traceable specimens, formal
acceptance, independent
oversight

Simulation/phantoms, bounded adaptive param-
eters, certified fallback

Soft, micro, or batch-
fabricated systems

Specimen variation, yield,
metrology, simulator discrep-
ancy

Batch statistics; process
and specimen identity;
destructive-test account-
ing

Automated fabrication/metrology, multi-fidelity
surrogate calibration

Fleet deployment Confounding by site, age,
maintenance, and exposure

Randomized or defensible
assignment; version and
exposure logs

Cohort registry, federated evidence, staged fleet
release

specimens or a design that accounts for changing state. Such controls belong to the proposed evaluation
protocol, not to every cited implementation.

Table 15 retains the broader implications for medical, production, remote, and batch-fabricated settings.
These are engineering questions rather than claims of autonomous R&D already demonstrated in every do-
main. In particular, a simulated underwater study, an outdoor navigation dataset, and a medical design model
cannot collectively stand in for evidence about space, nuclear, agricultural-production, or clinical systems.
Those contexts require their own source-level assessments.

7.4 Individual, collective, and distributed systems
A collective can receive automatically designed software. AutoMoDe generates swarm control software
by composing supplied behavioural modules into probabilistic finite-state machines [129]. Topology, con-
ditions, and parameters are searched against a mission objective, with aggregation and foraging evaluated
on e-pucks. The researcher is the design system, while decentralized robots execute the resulting controller.
Distributed operation therefore need not entail distributed research.

This differs from fleet-mediated experience collection such as AutoRT. A swarm-design objective con-
cerns the joint behaviour produced by interacting controllers; a data fleet can instead aggregate episodes for
a shared learner. For the first, robot count, density, communication, and arena geometry affect the collective
outcome. For the second, robot/site exposure and the composition of the training data affect the recipient
model. Neither arrangement guarantees that every participating robot benefits equally.

Self-Improving Embodied Foundation Models makes this collective-learning boundary measurable: three
or four LanguageTable stations contribute autonomous practice to a common update while one person per-
forms monitoring and resets [105]. The fleet is the experimental executor and data source; the shared policy
is the changed recipient. This differs from a swarm whose inter-robot interaction is itself the task behaviour
and from a population that inherits distinct body designs.

Infrastructure is part of the experimental system. The division between executor, target, and recipient
introduced in Section 2 is especially useful here. Microscopic learning can use external observation and ac-
tuation; flight optimization can use motion capture; evolutionary construction can use printers, component
banks, and assembly robots [112, 124, 126]. These dependencies make particular experiments possible. The
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a Transfer the controller: reuse a result

Controller CX

Developed for
platform X

Compatible interface
Map sensor/action signals
No new controller search

Y
CX load CX

Test on recipient Y

b Transfer the design method: generate a new result

Design method M
Search procedure
and representation

Design for the recipient
Search with a model of Y

Generate controller CY

Y
reuse M load CY

Test on recipient Y

Compare under a common recipient test: task, conditions, and metric. Report new search cost separately.
Reusing M does not mean improving M ; recursive benefit requires evidence about later research.

Figure 9: Transferring a result is different from transferring its design method. This conceptual comparison is
informed by the swarm experiments of Kegeleirs et al. [130], not a reproduction of their setup or results. In (a), an
existing controller crosses a compatible interface; in (b), a reused method searches with the recipient’s model. The blue
arrows denote the labelled artifact hand-offs, not performance gains. The two generic robot glyphs denote separate tests
on the same recipient platform type Y , not robot construction or succession. Compatibility is an assumption to verify
in both routes. The common-test and cost-accounting strip states this survey’s comparison requirements; method reuse
alone establishes no recursive improvement.

relevant question is which capabilities the declared system possesses, not whether all computation is physi-
cally inside the recipient.

Operational distribution and authority distribution should also be distinguished. Remote computation
says where an algorithm runs; it does not say who selects the objective, permits a trial, changes an instrument,
or accepts an update. These roles may remain human, automated, or mixed. Table 16 compares selected
arrangements using the actual research object and realization boundary rather than a scalar autonomy score.

7.5 Transfer and inheritance
Transfer the result or transfer the method. A useful distinction is between reusing a controller developed
elsewhere and rerunning a transferable design procedure for the recipient. Kegeleirs et al. test both on func-
tionally comparable e-puck and Mercator platforms [130]. Their physical experiment uses three robots per
swarm, whereas a larger experiment uses pseudo-reality. The comparisons generally favour designing for the
recipient over importing a controller from the other platform. This supports method reuse under the tested
correspondence, not a claim that the design method improved itself.

Figure 9 abstracts the two comparisons. Method transfer may preserve a useful search representation while
adapting the resulting artifact to the new body. Artifact transfer avoids that new search cost but can inherit
mismatched assumptions. A fair comparison should report the cost of recipient-specific design alongside
deployment performance; a stronger controller is not automatically the cheaper transfer strategy.

An artifact’s role depends on its later use. Datasets, policies, calibration priors, surrogate models, test
procedures, and experiment generators can all be inherited. They are not permanently divided into operational
artifacts that cannot support recursion and research artifacts that necessarily do. A policy used to perform the
mission is an operational capability; the same policy used to reset experiments can become a research instru-
ment. A dynamics model can likewise support control or the selection of informative tests. The recursive
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Table 17: Selected inheritance mechanisms and evaluated endpoints. Artifact type does not determine whether it serves
operation or later research. A downstream benefit must be established at the claimed recipient and use; these studies do
not share a single recursive-improvement metric.

Study and inherited object Recipient comparison Evaluated endpoint Boundary

Open X-Embodiment [106]
Multi-robot experience and
policies

Cross-embodiment training
and robot-task evaluation

Policy performance with
pooled experience

No automatic research-
selection claim follows

COTRATE [128]
Visual terrain representation

Cross-platform tests on
Spot/Husky

Traversability estimates and
proxy-based path effort

Compatible terrain
responses; not total
measured energy

Swarm transfer [130]
Controller or design method

Imported controller versus
recipient-specific search

Collective mission perfor-
mance on recipient platforms

Method portabil-
ity, not method self-
improvement

RoboCat [104]
Generalist model and accumu-
lated experience

Later adaptation of successive
model versions

Bounded new-task adaptation
performance

Data ablation and adap-
tation tests do not iso-
late one total-budget
effect

GenSim [98]
Task library and trained gen-
erator

Generator tests on held-out
task specifications

Task-code generation metrics;
separate robot-policy experi-
ments

Code metrics omit se-
mantic errors; physical
adaptation is a distinct
test

question concerns the downstream use and effect, not the filename or whether the outer algorithm changed.
Table 17 separates demonstrated transfer endpoints from later-research claims. RoboCat and GenSim

provide bounded comparisons involving later adaptation or generator performance, as discussed in Sections 5
and 8. Their evidence should be preserved without merging all changes into an undifferentiated claim of
improving research efficiency.

Inheritance also has a compatibility cost. A visual model can be transferred between robots with differ-
ent terrain responses; an evolved controller can be deployed at a different density; a calibration prior can be
attached to changed hardware. These transfers call for tests of the relevant correspondence, including neg-
ative transfer and retained capabilities. Cross-platform reuse demonstrates neither unlimited generality nor
inevitable progress over successive versions.

7.6 Comparative synthesis
Three contextual distinctions cut across the engineering objects. First, where experiments occur determines
the information and cost available to research: a simulator, an instrumented component bench, a flying vehicle,
and logged field experience expose different discrepancies. Second, what physically changes distinguishes
policy updates, new device designs, specimen batches, and constructed descendants. Third, what is inherited
distinguishes an existing artifact from a procedure that can generate a recipient-specific artifact.

These distinctions allow specialized and general-purpose systems to be compared without ranking whole
domains. They also prevent a collection of partial loops from being presented as one universal implemen-
tation. The selected studies establish several useful combinations of context and autonomous development,
but uneven coverage remains a limitation of the present evidence base. Section 8 examines the additional
evidence needed when a transferred or updated capability is claimed to improve subsequent R&D itself.

8 Closing the Loop: Recursive Robot Self-Improvement
Robot self-improvement is often illustrated as a single circular arrow. That picture suppresses the hardest ques-
tion: what returns, to which version, and with what demonstrated consequence? Repeating a fixed optimizer
can produce increasingly capable controllers. Updating a robot can improve its task performance. Improving
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a laboratory can increase experimental throughput. None alone establishes that the system became better at
conducting subsequent robot R&D.

We distinguish recursive use from demonstrated recursive benefit. Recursive use occurs when an output
of research episode k changes a capability used in a later research episode. Demonstrating benefit additionally
requires evaluating the downstream effect. Neither requires self-containment, unrestricted self-modification,
monotonic gains, or exponential growth. A distributed facility with declared human authority can instantiate
this feedback. Conversely, on-board learning does not establish it merely by improving task performance. A
fixed outer algorithm may still update a learned research model or memory; the relevant question is what
capability changes and how it affects later research.

8.1 From local improvement to system updates
Let Sk be the recipient robot system, Rk the research process, Pk the problem distribution, Bk the resource
budget, and E a protected evaluation protocol. A local research episode produces an artifact and evidence

(zk, Dk) = Rk(Sk, Pk, Bk), (4)

followed by an acceptance decision ak. If accepted, integration creates

Sk+1 = U(Sk, zk, Dk, ak), (5)

where U includes configuration, calibration, regression tests, release, and rollback information. This is a
system update. It supports self-improvement only when the intended recipient improves under a defensible
comparison, rather than when a candidate merely scores well inside its search loop.

Task benefit and research benefit are different outcomes. Define VE(S) as capability under the protected
evaluation and JE(R;S, P,B) as the value of the validated artifacts produced by a research process under a
fixed problem distribution and budget. Then

∆task = VE(Sk+1)− VE(Sk), (6)
∆R&D = JE(Rk+1;S, P,B)− JE(Rk;S, P,B). (7)

The quantities may be vector-valued and include safety, retention, uncertainty, human labour, physical wear,
and compute. A positive∆task does not entail positive∆R&D. Conversely, a better calibration rig may improve
later evidence without immediately increasing task performance.

Identity matters in Equation (5). A software update on the same serial-numbered robot, a newly manufac-
tured body controlled by inherited software, and a child platform assembled by a parent facility are different
succession relations. The artifact ledger should state which hardware, software, data, calibration, research
tool, and evaluation versions constitute Sk and Rk. Otherwise, claims of “the robot improved itself” can
silently switch recipients between rounds.

8.2 Recursive pathways
Figure 10 separates four claims that circular diagrams often collapse: task use, task benefit, recursive use,
and recursive benefit. It then identifies three carriers through which a versioned capability can enter a later
research process. The figure is a claim map, not a temporal loop or maturity ladder.

Task improvement and repeated optimization. Evolutionary manufacture [1, 2], safe controller tuning
[86], and autonomous practice [5] can produce better robot artifacts. This task-level result is valuable regard-
less of whether a later research effect is measured. Repeating the procedure does not by itself identify that
effect, but describing an optimizer as fixed is also insufficient to rule it out: its surrogate, archive, or exper-
imental policy may change with experience. The task row in Figure 10 additionally distinguishes installing
an accepted update from demonstrating its benefit under a protected comparison.
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a Four distinct claims: destination is not demonstrated benefit

Evidence that the update reached a use Evidence that the update improved an outcome

Task
Task use

Accepted update zk is installed in
declared recipient Sk+1

Task benefit
Protected comparison supports

∆task > 0

Later
R&D

Recursive use
A versioned capability from episode k

is used by Rk+1

Recursive benefit
Matched later-R&D comparison supports

∆R&D > 0

task
test

R&D
test

Moving right is an evidential escalation; it is not automatic.
Task and later-R&D claims are logically independent.

b Three carriers can establish recursive use

Digital research capability
Model, code, data, or simulator;

search policy or memory

Embodied R&D capability
Sensing or manipulation;

fabrication, measurement, or reset

Successor inheritance
Tools, skills, or evidence;

interfaces or component libraries

Later research Rk+1 uses the changed capability
at the same system, an embodied laboratory, or a successor/facility

tool use embodied use transferred use

The routes may overlap, and each requires a version/lineage trace.
Only the right-hand claim in panel (a) requires demonstrated downstream benefit.

Figure 10: Claim semantics and carriers of recursive robot research. Panel (a) distinguishes two destinations and
two evidence levels. Installing an update for task use is not a task-benefit result, and using an inherited capability in
later research is not evidence that later research improved. Moreover, task benefit and research benefit need not coincide.
Panel (b) groups three non-exclusive ways in which a changed capability can enter Rk+1. Dashed purple arrows denote
conceptual later-research use; they do not denote a reported implementation or a measured gain. The version/lineage
record establishes recursive use, whereas the matched comparison in Figure 12 tests recursive benefit.

Research-method and tool feedback. Evidence updates a surrogate, simulator, evaluator, acquisition strat-
egy, reset policy, or code-generating agent used in later episodes. FAST, for example, couples physical results
to model calibration and later design selection [49]. This is a direct route to research feedback. Yet model
updating alone is not proof of benefit: a calibrated model can become overconfident or narrow the search in-
correctly. The later campaign must be compared against the prior research process under matched conditions.

Embodied capability feedback. An improved robot may collect higher-quality data, manipulate a broader
set of specimens, repair its test scene, carry better instruments, or fabricate more complex candidates. SOAR
links autonomous experience collection to an improved instruction-following policy [6]; an additional recur-
sive edge would be established if that recipient policy demonstrably improved the efficiency or reach of a
later data-and-research campaign. Similarly, damage adaptation restores behaviour [3, 39], but it becomes
research-capability feedback only if the restored or enhanced platform subsequently performs better diagnosis
or experimentation.

Successor and population inheritance. A facility or parent system can transmit genomes, controllers,
component libraries, failure records, or experimental procedures to physical descendants. Mother Robot
makes physical succession tangible within a bounded construction grammar [2]; ARE proposes longer-lived
software–hardware integration and population management [22, 112]. A descendant with higher locomotion
score is an improved artifact. A recursive-R&D claim additionally requires that inherited research capabilities
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enable that descendant or facility to generate stronger subsequent descendants or evidence.
Computational self-improvement provides a useful comparison. The Darwin Gödel Machine evolves

coding agents that modify their own implementation, maintaining an archive and evaluating changes on coding
tasks [41]. Hyperagents makes both the task agent and its modification procedure editable and reports transfer
of meta-level improvements across computational domains [42]. These are relevant evidence for research-
process modification; they are not physical robot experiments. Their transfer to robotics requires testing
changes under fabrication, reset, measurement, integration, and recipient constraints that coding benchmarks
do not supply.

The three carriers in Figure 10 can coexist; they are not a maturity ladder. Direct method feedback may oc-
cur without hardware succession, while a successor may inherit both digital tools and embodied experimental
skills. The unit of analysis is the particular inherited change and its downstream effect, not the visual presence
of multiple generations. Here Rk includes persistent learned state as well as program code. Rewriting the
outer algorithm is consequently neither necessary nor sufficient for recursive benefit.

8.3 Persistent knowledge, versions, and successor systems
Multi-round research requires memory that survives beyond a chat transcript or model checkpoint. At min-
imum, the ledger links requirements, hypotheses, candidates, code/CAD/data, tool and simulator versions,
physical specimens, calibrations, trial conditions, raw observations, analysis, human interventions, decisions,
and recipient releases. Negative results and invalid trials are first-class records: without them, a later system
repeats unsafe experiments or learns a biased map of the design space.

Research memory has four distinct roles. Reproduction memory recreates a result. Decision memory
explains why a candidate was selected or rejected. Transfer memory states where an artifact is compatible.
learning memory supplies data for improving later research choices. A repository can satisfy the first role
while failing the other three. Natural-language rationales should point to machine-checkable artifacts and raw
evidence rather than replace them.

Successor identity should use explicit parentage. Let

Πk→k+1 = {z, source(z), recipient(z), compat(z), test(z)} (8)

be the inheritance manifest. It records copied and transformed artifacts, compatibility assumptions, and accep-
tance tests. This prevents a software policy from being attributed to a body on which it was never evaluated,
and prevents an updated simulator from silently changing the benchmark used to declare progress.

Figure 11 is a reporting template, not an empirical history. Its manifest matrix exposes asynchronous
changes: a hardware revision may persist through several controller updates, while research tools or policy
change less frequently. The release lineage distinguishes configurations actually adopted from candidates only
tested and rejected. Both kinds of event retain their evidence, human actions, and costs. Repeated evaluator
IDs make the protected comparison explicit; if the protocol changes, a new comparison or a justified bridge
study is needed. A version ledger establishes identity and provenance, not recursive benefit by itself.

Fleet and population settings need lineage at two levels. The individual lineage records the exact hardware
and software state producing each observation. The research lineage records which observations and tools
produced an update. A centrally trained release may have hundreds of robot ancestors and thousands of
recipients. This is compatible with RobotRSI, but it makes phrases such as “the robot learned from itself”
too imprecise for evidence.

8.4 Cross-stack research direction and budgeting
Once several layers are mutable, the system must allocate research rather than only optimize within a chosen
layer. A navigation failure might arise from camera placement, vibration, synchronization, representation,
localization, planning, tyre wear, or an evaluator that rewards unsafe shortcuts. Research direction is the
decision to spend budget on discriminating among such explanations and then select an intervention scope.
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a Snapshot manifests include candidates that never reach deployment
Illustrative IDs only; a new label means a changed artifact, not necessarily an improvement.

Baseline
release S0

Accepted
release S1

Rejected
candidate C2

Accepted
release S2

Hardware H1 H1 H2 H2

Software M1 M2 M2 M3

Data / knowledge D1 D2 D3 D3

Research tools T1 T1 T1 T2

Research policy R1 R1 R1 R2

Evaluation E0 E0 E0 E0

E0 is applied to each tested configuration; research-tool updates do not silently replace it.

b Release lineage and rejected attempts are different records

S0

baseline
S1

accepted
S2

accepted

C2

test candidate
Rejected

retain evidence

release next accepted release

propose reject

Every event links to: source manifest, trial and decision records, human actions, costs, failure reasons, and recovery or
rollback actions.

Figure 11: Version manifests and release lineage for multi-round RobotRSI. The upper panel records asynchronous
artifact versions, including the rejected candidate C2. Identical IDs mean unchanged artifacts; different IDs do not es-
tablish causal independence or improvement. In this illustrative history, C2 tests new hardware with the earlier software
and is rejected; a later compatible combination becomes S2. The lower panel distinguishes accepted release succession
from a rejected attempt. It is not a complete research dependency graph: knowledge from rejection can inform later
proposals without deploying the rejected configuration. Evaluation version E0 remains fixed across this comparison.
All IDs and outcomes are hypothetical.

Let candidate research programs q ∈ Q each contain a target, method, fidelity sequence, stopping rule,
and expected cost. A bounded selector can use

q∗ = arg max
q∈Q

[
E
[
∆V | q,Hk

]
+ λE

[
∆I | q,Hk

]
− µ>E

[
C(q)

]]
, (9)

subject to hard safety, authority, and compatibility constraints. ∆V is recipient capability gain, ∆I is durable
information or future R&D value, C is a vector of compute, robot hours, materials, human time, delay, and
risk, and Hk is research memory. The expression is a design abstraction, not a claim that these quantities are
already calibrated for general robotics.

Information value prevents exclusive focus on immediately deployable performance. A diagnostic experi-
ment, new sensor test point, or negative result may be valuable because it reduces uncertainty for later choices.
At the same time, speculative future value should not override safety or become an unfalsifiable justification
for resource use. Prospective predictions should be logged and scored against realized downstream benefit.

Cross-stack proposals complicate attribution. If a lighter body, new camera, larger model, controller, and
test protocol change together, later gains could arise from any component, their interaction, or a relaxed eval-
uation. Matched-budget ablations, staged integration, factorial designs where feasible, and frozen external
evaluation are required. The unit of acceptance may still be the joint change set, but the evidence should not
allocate causal credit unsupported by the experiment.

Research direction can itself become a recursive target. A later selector might use accumulated failure data
to choose more diagnostic experiments or more productive engineering layers. To demonstrate this, it must
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face new, predeclared problems and compete with the earlier selector or appropriate heuristics. Retrospective
stories about why the chosen direction was sensible are not sufficient.

8.5 Evidence of loop closure
Positive bounded evidence must be retained alongside missing tests. RoboCat evaluates later adaptation,
while GenSim evaluates a trained task generator [98, 104]. Neither result should be discarded because it falls
short of the full-stack vision. Table 18 distinguishes these observed endpoints from the additional causal and
resource controls needed for the broader claim.

A loop-closure claim consists of edges. For episode k, the record should establish: problem → candidate;
candidate→ executable artifact; artifact→ observation; observation→ analysis; analysis→ accepted update;
update → recipient; and, for recursion, update → changed later research followed by changed later research
outcome. Each edge needs a producing actor, artifact identifier, recipient, and evidence location.

The representative systems in Table 18 have different recipients and endpoints. MEDAL++ links physi-
cal practice to policy improvement; FAST uses component measurements in design/model decisions; SOAR
uses autonomously collected real-robot experience to improve a policy; Mother Robot realizes physical de-
scendants; and egocentric self-modelling supports damage compensation [2, 5, 6, 39, 49]. These distinctions
matter more than whether each workflow can be drawn as a circle. An artifact update can be established
without a prospective comparison of its effect on later research.

Three evidence grades are useful. A reported edge is explicitly implemented and evaluated in one defined
system version. An inferred edge is plausible from reported artifacts but lacks direct tracing or comparison. A
proposed edge is part of an architecture or research agenda. Inferences and proposals are scientifically useful
when labelled; they become misleading only when drawn with the same status as observed hand-offs.

The table therefore keeps reported downstream outcomes separate from proposed additional tests. Robo-
Cat and GenSim supply bounded positive outcomes relevant to later adaptation and generator development;
other rows establish different forms of robot improvement. An unreported comparison is not a failed experi-
ment. These selected cases support a comparison of claim boundaries, not a prevalence estimate for the field;
corpus-level coverage requires the screening and coding described in Section 2.

Table 18 pairs each cited system with our interpretation of its supported claim. It also prevents an in-
valid construction: taking design generation from one paper, automated manufacture from a second, and au-
tonomous evaluation from a third and presenting the composite as an implemented RobotRSI system. Cross-
paper composition belongs in the reference architecture and research agenda, where its missing interfaces
remain visible.

8.6 Limits of sustained improvement
Sustained improvement faces limits that software-only accounts often hide. Physical experiments consume
energy, specimens, robot life, and calendar time; manufacturing introduces drift and yield loss; sensors and
objectives are imperfect; maintenance changes the platform; and deployment distributions move. As capa-
bility rises, evaluation may become harder because failures are rarer, interactions longer, and the system can
exploit weaknesses in its own evaluator.

Monotonicity should not be assumed. A change can improve average performance while increasing tail
risk, help new tasks while causing forgetting, or reduce present cost by creating maintenance debt. Version
acceptance therefore needs a vector of improvement, safety, retention, and lifecycle criteria, plus a rule for
incomparable trade-offs. Archives and rollback protect software, but physical alteration or wear may be only
partly reversible.

Resource growth is another limit. If each round requires a larger model, richer simulator, more elaborate
facility, or more human verification, task performance may rise while autonomous research efficiency falls.
External compute and people are legitimate resources; hiding them is not. Net recursive benefit should include
transferred initialization cost, fixed facility cost, marginal trial cost, and the burden of validating a more
complex research system.
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Goodhart effects can occur at both loops. The inner loop exploits a task metric; the outer loop can exploit
a research-productivity metric by producing many trivial candidates, avoiding hard problems, or redefining
success. Protected evaluators, independent acceptance, surprise tasks, negative-result audits, and periodic ob-
jective review mitigate but do not eliminate this risk. The authority to modify evaluators and safety constraints
should be separated from routine optimization.

Finally, recursion and acceleration are distinct. A system can improve its research procedure once with
a small, bounded benefit; this is recursive feedback. Accelerating improvement would require evidence that
the rate or efficiency of valid R&D itself increases across multiple comparable rounds. No such conclusion
follows from a rising task-performance curve alone. Section 9 develops evaluation protocols capable of testing
these claims.

9 Evaluation and Benchmarking
Evaluation is the mechanism that turns a circular architecture into a falsifiable claim. RobotRSI requires at
least three separable questions: did the recipient robot improve, did the autonomous R&D process produce
valid improvements efficiently, and did an update to that process cause better subsequent R&D? A single
task-success number answers none of them in isolation. This section defines units, metrics, controls, and
benchmark families for comparing heterogeneous systems without forcing them into an unjustified total score.

9.1 Claims, units, and reporting
The evaluated unit must match the claim. A paper may report several system versions; a system may contain
multiple agents and robots; a research episode may include many trials; a candidate may be tested at several
fidelities; and a release may update many recipients. Counting papers as successful R&D episodes or treating
individual trials as independent systems inflates evidence.

We recommend a claim tuple

Γ = (X,A, T,R,C,B,H,E,K), (10)

where X is executor, A autonomous activity, T research target, R recipient, C context, B resource budget, H
human/external contribution, E evaluation protocol, and K number and lineage of rounds. Every quantitative
result should be traceable to this tuple and a version manifest. “Autonomous” is not a property to attach once
to the whole paper: problem definition may be human, candidate selection automatic, reset manual, and
release jointly authorized.

Missing and negative states need distinct codes. Not reported, not tested, not applicable, explicitly manual,
failed, and outside the system boundary are not zeros. Likewise, unsuccessful candidates are observations,
not missing data. They affect yield, cost, safety, and the evidence available to future rounds.

Claims should be evaluated at their asserted scope. A component force test supports a component claim;
a full robot task supports an integrated-capability claim under the tested conditions; a field release supports
operation under its exposure distribution. Generalization requires declared held-out dimensions. Recursion
requires later research tasks and a causal comparison, not merely several points on one training curve.

9.2 Capability and research metrics
Robot capability should be a vector, for example

v = (vtask, vsafety, vrobust, vretention, vlifecycle), (11)

reported with task distribution, experimental unit, repeats, uncertainty, and aggregation rule. Average success
can conceal catastrophic failures; peak performance can conceal instability; performance on the modified task
can conceal forgetting. Safety constraint violations and near misses should be reported separately from reward,
not absorbed by an undocumented penalty.
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Research effectiveness concerns the artifacts produced, not the fluency or activity of an agent. Useful
endpoints include the probability that a proposed candidate passes independent validation; best validated
improvement at a fixed budget; cost or time to a predeclared acceptance threshold; calibrated prediction
error; and the number of distinct problems solved without changing the external protocol. A basic yield is

Yvalid(B) =
Nindependently accepted(B)

Nexecuted candidates(B)
, (12)

but numerator and denominator must define whether simulation screens, repeated trials, invalid builds, and
safety aborts count. When no candidate succeeds, time-to-threshold is censored rather than assigned an
arbitrary maximum.

Efficiency remains a resource vector. Compute-hours, energy, robot-hours, number of resets, specimens,
material mass, machine occupancy, wall-clock delay, human time by role, and physical damage are not gen-
erally convertible to one currency. Pareto comparisons are appropriate only when protocols and resource
definitions match. Facility initialization should be separated from marginal episode cost, while amortization
assumptions remain visible.

Human independence should also remain disaggregated. Hours of expert problem formulation, teleopera-
tion, fixture preparation, exception recovery, labeling, design repair, safety review, and release approval have
different implications. A short high-skill intervention can determine the entire research direction; thousands
of low-skill minutes can dominate scalability. Both frequency and time, plus trigger conditions, should be
reported.

Recursive benefit is measured prospectively. For research processes R0 and R1, the primary estimand on
held-out research problems is

δrec = Ep∼Ptest [JE(R1; p,B)− JE(R0; p,B)] , (13)

with identical budget and protected evaluatorE. Confidence intervals should reflect variation across problems
and independent system runs, not only repeated task trials for one selected artifact. Reporting results per
problem prevents a few easy tasks from dominating.

9.3 Existing benchmarks and platforms
Current benchmarks cover useful slices of RobotRSI but not the entire claim. Meta-World contains 50 simu-
lated manipulation tasks and explicitly separates multi-task training and held-out meta-learning tasks, making
it relevant to fast skill acquisition and generalization [131]. ManiSkill2 spans 20 manipulation task families,
more than 2,000 object models, multiple robot configurations, and rigid/soft-body simulated manipulation
[132]. BEHAVIOR-1K defines 1,000 everyday activities over diverse simulated scenes and objects and in-
cludes an initial mobile-manipulator sim-to-real study [133]. These benchmarks evaluate behavior learning
under defined simulators; they do not by themselves test autonomous selection of engineering problems, phys-
ical redesign, manufacturing, release, or improvement of the research method.

Domain research systems provide complementary platforms rather than standardized leaderboards. Safe
Bayesian optimization on a quadruped exposes constrained physical tuning [86]. MEDAL++ exposes au-
tonomous practice and reset burden [5]. FAST exposes multi-fidelity physical component design and lab-
oratory throughput [49]. Mother Robot and ARE/RoboFab expose constructible morphology and facility-
mediated succession [2, 112]. SOAR exposes large-scale autonomous real-robot experience collection [6].
Their metrics and boundaries differ, so cross-paper success rates should not be ranked.

Agentic engineering benchmarks are informative for the research-process layer. ControlAgent reports
automated control-system design and an evaluation suite for controller reasoning/code [43]; AutoML-Agent
evaluates full-pipeline machine-learning automation [83]; AI Scientist evaluates computational idea, code,
experiment, manuscript, and review workflows [15]. They test parts of research work but omit the stateful
physical robot experiment and integration boundary. RobotRSI benchmarking should connect such research
tasks to physical evidence without erasing the difference between generated artifacts and deployed robots.
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Table 19: Metric families and minimum reporting protocol for RobotRSI claims. Metrics are retained as a dashboard
unless an application supplies a justified utility function.

Claim family Suggested endpoint Statistical unit and compari-
son

Required uncertainty Major con-
founder

Recipient improve-
ment

Task, safety, robustness,
retention vector

Robot or independently built
specimen across held-out condi-
tions; predecessor baseline

Across instances, seeds,
sites, and task conditions

Changed eval-
uator, easier
exposure, cherry-
picked best arti-
fact

Research validity Independently accepted
candidate yield; calibrated
predicted gain

Candidate nested in episode;
external acceptance compared
with stated prediction

Binomial or hierarchical
interval; calibration curve

Repeated tests
counted as new
discoveries

Research efficiency Best valid gain at fixed
budget; censored time-to-
threshold

Independent research problem
under identical budget rules

Across problems and full
pipeline repetitions

Hidden initializa-
tion, parallelism,
or failed builds

Human dependence Time and frequency by role
and trigger

Intervention event and episode;
compare matched authority
boundaries

Distribution and tail
recovery burden

Excluding setup,
reset, expert
direction, or
review

Transfer/retention Held-out recipient gain and
old-capability change

Task/body/site/version bound-
ary; from-scratch and no-
transfer baselines

Across transfer targets, in-
cluding negative transfer

Shared test data
or incompatible
hardware versions

Recursive benefit δrec on new research prob-
lems

Research problem and indepen-
dent process run; R1 versus
frozen R0

Interval across problems
and runs; failure probabil-
ity

More budget,
evaluator drift,
leakage, self-
selected easy
tasks

Acceleration Change in valid R&D rate
across comparable rounds

Round within calibrated prob-
lem families; predeclared stop-
ping

Trend uncertainty and
sensitivity to difficulty
model

Increasing re-
sources or de-
creasing task
difficulty

Evolution Gym adds a complementary benchmark in which the robot body itself can change [50]. It
therefore tests a different engineering variable from policy-only manipulation suites. A RobotRSI benchmark
can draw on both, but should also expose the research decisions and physical adoption steps required by its
claim.

Table 20 is deliberately a capability map. A benchmark designed for manipulation performance should
not be criticized for omitting fabrication; its role is to show which additional modules and controls a RobotRSI
evaluation must supply. A complete benchmark can be compositional, provided version identities and infor-
mation flow across modules are controlled.

9.4 Protocol for recursive improvement
Figure 12 specifies a prospective experiment. Start with a base research process R0. During a development
phase it may improve a robot, collect memory, and produce a candidate update u to its own model, tool, facility
procedure, embodied capability, or research policy. Freeze both R0 and the updated process R1. Then assign
held-out research problems drawn from a distribution not used to construct u, using matched starting robots,
information, tools, wall-clock rules, and resource vectors. A protected evaluator judges the resulting artifacts.

At least four baselines are needed. The no-update baseline reuses R0. The more-budget baseline gives
R0 the additional resources spent producing u, distinguishing recursion from scale. The random or heuristic
update baseline tests whether any perturbation or ordinary engineering rule would help. The human-designed
update baseline locates the autonomous system relative to available expert practice; it is not required to prove
superhuman performance.

Ablations isolate the returned artifact. If R1 changes a simulator, data memory, robot body, experiment
tool, and research policy, construct feasible partial variants or staged introductions. When interactions make
independent ablations invalid, report the joint change and test predicted interaction signatures. The evaluator
and test distribution must not be revised by the process being scored. If evaluator improvement is itself the
target, a higher-level protected audit is required.

Information leakage is especially dangerous. Held-out research problems should be generated or se-
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a Construct the research-system update on development problems

Baseline R0

development
problems

Candidate update u
tool, model, body,

or research
procedure

Freeze both systems
R0: without u

R1: incorporating u

research instantiate

b Compare subsequent research under matched conditions

Held-out problems
Ptest

Matched starting
robots, information,

and budget B

Baseline arm
research with R0

Updated arm
research with R1

Evaluate artifacts
with protected E

score JE(R0)

Evaluate artifacts
with protected E

score JE(R1)

Paired comparison
δrec

Across-
problem and
across-run
uncertainty

artifacts

artifacts

Additional controls: artifact ablations; baseline with more budget; heuristic or human-designed updates.
Log development cost, failed candidates, human interventions, and any information accessible to either arm.

Figure 12: Proposed evaluation of recursive research benefit. Development produces an update; the evaluation
phase compares research with and without that update. Both arms receive matched research problems and starting
conditions. The same protected evaluator judges the artifacts produced by each arm, and the paired difference estimates
later research benefit. Comparisons and uncertainty are computed over research problems and independent runs. This
protocol is a proposed experiment, not a reported RobotRSI result.

questered before the recursive update; benchmark solutions, evaluator code, and acceptance thresholds should
be access-controlled where appropriate. Foundation-model pretraining and web retrieval may contain task
information and should be declared, not treated as automatically disqualifying. The comparison asks what
information and tools each condition had, not whether it learned in an artificial vacuum.

Repeated rounds require stopping rules. Predeclare maximum rounds, total and per-round budgets, failure
and safety termination, and whether unused resources carry forward. Report every release and rollback. A
claim of acceleration requires comparable problems or a calibrated difficulty model across rounds; progres-
sively easier self-selected problems cannot support it.

9.5 Resources and reproducibility
Reproduction of autonomous R&D has two levels. Outcome reproduction recreates the accepted robot artifact
and its evaluation. process reproduction reruns the research system and characterizes the distribution of
proposed and accepted artifacts. Stochastic search can reproduce an outcome distribution without producing
the same design. Both are scientifically meaningful when the claim and seed policy are explicit.

The release package should include source code and prompts, model and dependency identifiers, container
or environment specification, CAD and bills of materials, fabrication settings, firmware, calibration, raw
and processed data, invalid/negative trials, experiment orchestration, safety and reset procedures, evaluator,
random seeds, and the version graph. Proprietary components can be described by interfaces and hashes
when redistribution is impossible, but the limitation should remain visible.

Physical reproducibility requires tolerances. A CAD file does not encode material batch, printer state,
assembly force, wiring, wear, temperature, or calibration. Report measured as-built properties and specimen
identity. For fleet data, report hardware revisions, exposure, site, and maintenance. For human involvement,
provide role, qualification, time, decision, and trigger rather than the phrase “minor assistance.”

Statistical analysis should follow the hierarchy of the experiment. Trials are nested within candidates,
candidates within research episodes, and episodes within problems or system instances. Selecting the best
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Table 21: Resource and reproducibility ledger. Raw units and missing values should be published; monetary conver-
sions and amortized summaries are optional derived views.

Resource/artifact Minimum quantity or identifier Boundary detail Reproduction evidence

Compute and services Device/model/API version;
compute-hours; energy where avail-
able

Training, search, simulation, infer-
ence, failed jobs; concurrency

Environment lockfile/container,
seeds, calls, code and logs

Robot and facility Robot-hours, trials, resets, machine
occupancy, charging

Setup versus active trial; remote
services; operator presence

Hardware revision, orchestration,
fixture and reset protocol

Manufacturing Build count, material, machine time,
yield, rework, discarded specimens

Automated versus manual fabrica-
tion/assembly/inspection

CAD/BOM, process settings, tol-
erances, as-built measurements

Human contribution Minutes/hours by role; count and
trigger of interventions

Problem definition, preparation,
recovery, labeling, analysis, accep-
tance

Decision log, qualification, infor-
mation visible to human

Failures and risk Invalid trials/builds, aborts, damage,
near misses, recovery time

Inclusion rule and severity;
whether cost is censored

Raw event/telemetry links, inci-
dent and rollback records

Data and knowledge Dataset/log/checkpoint hashes,
provenance, licenses

Pretraining, retrieval, fleet/site
exposure, negative results

Raw/processed mapping, schema,
lineage and access date

System release Code, model, firmware, CAD, cali-
bration and evaluator versions

Exact executor, target, recipient,
dependencies, authority

Signed manifest, acceptance
suite, release/rollback trace

candidate and then computing error bars only over its task trials ignores research-selection variance. Bootstrap
or hierarchical models may be appropriate, but the sampling unit and selection procedure matter more than a
particular statistical technique.

9.6 Benchmark proposals
We propose a tiered benchmark family rather than one monolithic arena.

B1: bounded artifact research. The system receives a new requirement for one mutable object—controller,
perception module, sensor layout, gripper geometry, or energy schedule—plus fixed tools and a budget. It
must formulate candidates, execute permitted digital and/or physical tests, and return a versioned artifact with
evidence. Hidden test conditions measure validated improvement, safety, retention, and resource use.

B2: diagnosis and layer selection. The robot exhibits a held-out failure whose cause may lie in hardware,
software, calibration, or environment. The system chooses diagnostic experiments and an intervention layer.
Matched fault families and protected ground truth evaluate diagnostic information gain, unnecessary modi-
fications, and accepted system recovery. This tests research direction rather than search inside a disclosed
parameter space.

B3: cross-stack change set. The task requires a coupled update such as sensor–model–compute, body–
controller, or tool–skill–calibration. Candidates pass simulation, component tests, integration, and retention
gates. Interfaces and budgets are standardized while designs remain open. The main endpoints are validated
system Pareto improvement and attribution quality.

B4: facility-mediated physical succession. A bounded modular or soft-robot grammar supports automated
manufacture/assembly, commissioning, and testing. Invalid builds, reset, tool failure, and human recovery
count. The recipient is a newly realized component or robot, and the benchmark evaluates both artifact quality
and closed hand-offs.

B5: recursive R&D transfer. After completing development problems, the system may return exactly one
research-capability update. Frozen R0 and R1 then address sequestered problems under equal budgets follow-
ing Figure 12. Success requires positive recursive uplift with uncertainty, no unacceptable retention/safety
loss, and a causal ablation of the returned update.
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Each tier can be instantiated for manipulation, locomotion, aerial systems, soft robotics, or field inspection
without assuming identical physics or costs. A common claim tuple and resource ledger allow structural
comparison, while domain metrics remain local. Multi-site replication should be introduced after within-site
repeatability, since transport of fixtures, materials, and tacit procedures is itself an important test.

Tables 19 and 21 specify the reporting protocol: recipient capability, research effectiveness, resource
use, and across-round evidence remain separate endpoints. Benchmark releases should publish task-level
results, sampling units, uncertainty, failed and invalid trials, human and external contributions, and versioned
artifacts. These records support appropriate Pareto comparisons without concealing incomparable resources
in an undocumented total score.

Evaluation should make ambitious RobotRSI claims harder to state casually and easier to establish in-
crementally. A system can earn strong evidence for bounded physical research, cross-stack integration, or
research-method transfer without claiming the terminal vision. The next section turns these measurable gaps
into a research agenda.

10 Perspectives and Research Agenda
The central opportunity in RobotRSI is to make robot development cumulative across engineering layers
and across generations. The studies reviewed here supply concrete starting points: physical morphology
search, model-based damage adaptation, autonomous reward and policy learning, multi-fidelity component
experiments, software–hardware co-design, and agentic computational research. Their combination requires
research on interfaces and evidence as much as on stronger candidate generators. This section develops a
testable agenda from those connections. The proposals are hypotheses motivated by the surveyed systems;
they are not claims that the suggested experiments have already succeeded or that no related work exists.

10.1 Research direction and cross-domain reasoning
A robot that can optimize a specified controller is already useful. A robot that can determine whether its
performance problem is caused by control, sensing, embodiment, or calibration addresses a different and po-
tentially more consequential capability. The next research problem should therefore be selected from a model
of system-level bottlenecks and uncertainty, grounded in operating failures and engineering requirements.

One tractable starting point is a library of controlled faults spanning several layers: shifted camera extrin-
sics, delayed observations, actuator friction, payload mismatch, contact-model error, and task-distribution
shift. The autonomous researcher receives telemetry and tools but not the fault identity. It chooses inter-
ventions that discriminate among explanations, then proposes a bounded change set. Evaluation measures
diagnostic accuracy, information gained per experiment, unnecessary modifications, and accepted recovery.
A layer-blind optimizer, fixed diagnostic tree, and expert engineer provide complementary baselines.

The main hypothesis is that a structured causal representation of requirements, interfaces, and failure
mechanisms can reduce the research budget relative to indiscriminate search. The hypothesis is refuted if
diagnostic overhead exceeds the saved experiments, if performance depends on leaked fault labels, or if the
method selects useful questions only inside its development library. CODEI and body–controller co-design
illustrate relevant coupling structures, while RADIUM demonstrates that simulator-driven failure search can
feed bounded policy or design repair [60, 73, 89]. None establishes autonomous diagnosis across unfamil-
iar engineering layers; RADIUM begins with a specified system, simulator, parameterization, and failure
criterion.

Research direction should also represent uncertainty about the objective. Operators may ask for longer
endurance, smoother motion, better contact quality, or lower maintenance burden. These requests can con-
flict and can change when a candidate is physically realized. A productive system exposes the trade-off and
requests a decision at the appropriate authority boundary, while continuing experiments whose value is ro-
bust across the unresolved preference. Learning operator preferences is a possible research object, but the
system’s own metric cannot become the sole justification for redefining success.
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10.2 Robots and infrastructure designed for modification
Physical self-improvement will initially be constrained by what can be accessed, measured, replaced, as-
sembled, and validated. Evolvable hardware and RoboFab demonstrate the importance of component banks,
interfaces, power, and fabrication rules [22, 112]. This suggests a design objective for future modification
cost, alongside present task performance.

A minimal experiment compares otherwise matched robot modules with different service and measure-
ment affordances: keyed connectors, machine-readable identity, accessible calibration targets, self-test mo-
tions, standard tool interfaces, or replaceable sensor mounts. Over a sequence of predeclared changes, mea-
sure change time, assembly success, calibration error, human recovery, and retained task capability. The
result may favor a less modular design if added mass, compliance, or interface failures outweigh the R&D
savings. Modularity is a testable trade-off, not a universal optimum.

Engineering interfaces should carry semantics as well as geometry or data types. A sensor driver needs
units, timing, frames, calibration dependencies, and failure behaviour; a CAD artifact needs material, toler-
ances, assembly and inspection assumptions; a model needs operating domain, training lineage, and uncer-
tainty. Machine-readable contracts can let conventional optimizers, language-model agents, manufacturing
tools, and validators cooperate. A useful near-term deliverable is a small interoperable tool suite supporting
one complete change, including rejected candidates and rollback.

The system boundary can grow incrementally. A robot may first research software using an external test
cell, later learn to reset that cell, and eventually select or fabricate its own tools. Each addition should have
a measurable purpose and a declared resource cost. A large automated facility is justified by the research it
enables, rather than by the number of operations it can perform unattended.

10.3 Autonomous physical research
Physical research autonomy depends on trial preparation, execution, measurement, reset, and exception han-
dling. These activities determine both throughput and bias: an agent that experiments only on easy-to-reset
objects may produce an apparently strong policy with narrow coverage. MEDAL++ shows the value of learned
reversibility, while FAST shows how an engineered apparatus can support repeated component measurements
[5, 49]. Combining these lessons motivates experiments on the research value of improved reset and instru-
mentation.

Consider a robot gripper-design campaign with fixed geometry bounds and physical test budget. One con-
dition uses a manually maintained reset protocol, another a fixed automatic fixture, and another a learned reset
procedure. All candidates are validated on a common independent rig. The primary endpoint is accepted-
design gain per total facility-hour, including failed reset, cleaning, reassembly, and human intervention. A
downstream campaign with new objects tests whether the improved procedure transfers. This directly exam-
ines a recursive pathway from robot skill to better experimentation.

Measurement quality deserves equal attention. An autonomous campaign can optimize the artefacts of
a sensor, fixture, or analysis script. Repeated standards, blind reference specimens, uncertainty calibration,
and disagreement between independent instruments can detect this. Instrument and evaluator improvements
should be validated outside the same optimization loop that selected them. Research on active metrology may
be especially valuable where one additional measurement can reject an entire family of invalid designs.

Physical exception recovery is also an engineering target. Useful benchmarks include a misplaced speci-
men, failed connector, sensor dropout, charging failure, clogged printer, or non-reversible object interaction.
Recovery quality should include correct refusal or escalation when the available evidence cannot establish a
safe state. Long unattended duration alone is a weak objective if the system silently stops collecting informa-
tive data or excludes difficult experiments.

10.4 Knowledge accumulation and cross-robot development
A fleet can accumulate more observations than a single robot, but observations do not automatically become
reusable engineering knowledge. Open X-Embodiment shows the scale of cross-robot data sharing, while
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Table 22: Failure mechanisms and proposed discriminating tests. Examples are analytical risks motivated by the indi-
cated research settings, not measured failure frequencies.

Location Observable symptom Competing explanation Proposed distinguishing test and context

Objective/reward Search reward rises; protected
task score falls

Reward shortcut versus invalid
external test

Evaluate unseen trajectories with indepen-
dent task criteria; reward-design setting
[95]

Candidate/realization High simulated score; re-
peated build failure

Infeasible geometry versus pro-
cess variation

Build reference geometry; inspect as-built
tolerances; evolutionary fabrication [22]

Simulator/model Ranking reverses on physical
tests

Reality gap versus measurement
drift

Test blind reference specimens and model
residuals; component design [49]

Experiment/reset Fewer useful trials despite
unattended runtime

Scene drift versus policy degrada-
tion

Alternate reference policy and fixed reset;
autonomous practice [5]

Evidence/selection Reported gain fails indepen-
dent replication

Selection bias, evaluator noise, or
distribution shift

Rerun entire search across held-out prob-
lems and seeds; agentic research [15]

Integration Component improves; robot
degrades

Interface, timing, calibration, or
interaction error

Staged substitution and end-to-end traces;
co-design [73]

Inheritance New task improves; older
tasks regress

Negative transfer versus changed
hardware/site

Version-controlled retention and transfer
ablations; shared data [106]

Outer research loop Apparent productivity rises
each round

Better R&D versus easier tasks or
more resources

Sequestered problems and frozen-process
comparison; self-modifying agents [42]

autonomous collection systems such as SOAR supply routes for extending experience with less repeated
human demonstration [6, 106]. The next step is to preserve why an experiment was run, what it ruled out,
and which versions can use its conclusion.

Three transferable knowledge units are promising: failure explanations with discriminating tests; design
surrogates with declared validity regions; and research procedures with measured cost and reliability. A cross-
robot experiment should compare raw shared data, unstructured textual memory, structured evidence records,
and no transfer. Held-out embodiment and site combinations reveal whether the benefit reflects reusable
engineering relationships or a shared visual/task distribution.

Negative evidence is particularly valuable but difficult to transfer. A controller failure can arise from a
bad design, a faulty specimen, poor calibration, insufficient inner-loop training, or a broken evaluator. The
memory must record the uncertainty of the explanation. Treating every failure as a universal prohibition can
prune viable designs; treating it as uninformative wastes resources and can repeat damage. A useful research
objective is calibrated reuse of negative results under changing compatibility assumptions.

Knowledge accumulation also needs a mechanism for correction. An inherited result may be invalidated
by a later instrument calibration, software bug, or new body revision. A dependency graph should identify
affected claims, recipients, and experiments for reassessment. Versioned retraction and revalidation are as
important as knowledge addition for sustained RobotRSI.

10.5 Reliable evidence and long-horizon evaluation
As a research system becomes more capable, the evaluation boundary must remain informative. A planner
may exploit reward shortcuts; a design optimizer may exploit simulator error; an agent may select easier
questions; and a fleet update may change its own exposure distribution. These are possible mechanisms, not a
causal sequence. Figure 13 develops one concrete diagnostic example: the same two candidates reverse rank
between simulation and physical tests. The crossing identity lines visualize the mismatch without assigning
a cause. Revising the simulator is only one possible response. Reference specimens can expose instrument
drift, as-built measurements can expose realization errors, and blinded repeats can test whether the ranking
is stable. The appropriate intervention depends on evidence that discriminates among these explanations.

Diagnostic tests need not identify a unique cause. Model error and fabrication variation can coexist, and a
stable reference specimen does not validate every measurement channel. The proposed loop therefore retains
unresolved alternatives and selects further informative tests when justified by cost and risk. It does not turn a
plausible explanation directly into an authorized repair. Figure 13 shows identity, alternatives, and sequential
evidence use within one case; Table 22 retains the detailed comparisons across the broader engineering stack
instead of repeating them inside the figure.
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a A ranking reversal is an observation, not its explanation

Same candidates and
score direction;
test context changes.

Simulation Physical test
higher

lower

A

B

B

A

identity lines;
no causal arrows

b Competing explanations require different probes

Observed reversal
Cause unresolved

H1 Model error
Probe: residuals on

new designs

H2 Measurement drift
Probe: reference +

independent readout

H3 Realization error
Probe: replicas +
as-built properties

H4 Selection / noise
Probe: blinded

randomized repeats

Dotted spokes denote alternatives, not causes already identified; several explanations may coexist.

c Revise the explanation before choosing a repair

Choose a probe
Competing predictions

Cost and permissible risk

Run controlled trial
Versioned conditions

Raw observations retained

Reassess explanations
Support, conflict,

or unresolved ambiguity

test plan observations

unresolved questions

Figure 13: Diagnosing a sim-to-real ranking reversal without assuming its cause. Panel (a) is a hypothetical ordinal
example; dashed lines preserve candidate identity across contexts and have no arrowheads. Panel (b) associates the same
observation with four competing explanations and one discriminating probe for each. The dotted spokes are non-causal
relations, and the list is not exhaustive. Panel (c) is the only process graph: a controlled test returns observations and,
when ambiguity remains, unresolved questions motivate another test. None of these observations directly authorizes a
component repair. Table 22 extends the hypothesis–test pairing across the engineering stack.

Long-horizon evaluation should follow a sequence of accepted and rejected versions with periodic pro-
tected challenges. One useful protocol interleaves ordinary research tasks, deliberately difficult tasks, instru-
ment checks, and retention probes. Researchers should record both realized utility and the system’s predicted
gain before each experiment. This exposes overconfidence, easy-task selection, and degradation of research
memory even when average task reward rises.

The protected evaluator must have a defined lifecycle. Keeping it fixed supports comparison, but even-
tually reveals only performance against a stale distribution. Updating it supports relevance, but changes the
meaning of progress. A practical solution is to retain an immutable comparison suite and introduce sepa-
rately versioned challenge suites, reporting both. Evaluator changes require independent review and cannot
be retroactively applied only to favorable rounds.

Computational systems that edit their own agents provide relevant experimental ideas. DGM and Hyper-
agents investigate self-modification and meta-level improvement [41, 42]. In robots, the same questions must
be tested with material cost, instrument error, irreversible operations, and system commissioning included.
A successful result in that setting would establish a more specific and useful contribution than a broad claim
of autonomous scientific intelligence.

10.6 A testable research roadmap
The agenda is organized around testable research questions rather than a single development sequence.
Callable tools, physical experimentation, integration, evidence reuse, and research-policy revision can be
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investigated in parallel. Their dependencies must be specified for the particular robot and experiment: a
software-only study need not await autonomous fabrication, and an accepted robot update need not improve
subsequent research. Table 23 makes the proposed intervention, comparison, resource boundary, and
possible disconfirmation explicit for each question.

Table 23 gives six minimal experiments. Each declares a mutable artifact, comparison, budget boundary,
success criterion, and a result that would weaken the hypothesis. They are intended as reusable patterns for
different robot types, not a proposed universal benchmark ranking. The scale should be small enough to repeat
across laboratories: a bounded gripper family, a modular sensor mount, a quadruped controller interface, or
a controlled mobile-robot fault set can supply strong evidence before complete autonomous factories are
available.

The progression should be judged by closed, validated hand-offs. An initial milestone is one accepted
robot update with all human actions counted. A second is a coupled hardware–software update with compati-
ble calibration and retained capabilities. A third is a reusable research artifact that improves a new campaign
under matched budget. A fourth is replication on a different robot or site. These are evidence milestones
rather than an obligatory order for every project.

Community infrastructure can make such work easier to compare. Shared artifact schemas, reference fix-
tures, open negative-result logs, standardized reset events, and versioned evaluation tasks lower the burden of
process reproduction. Their utility should itself be measured: a schema that researchers cannot populate reli-
ably or a fixture that excludes most relevant bodies can undermine the intended comparison. Initial standards
should therefore emerge from concrete multi-system trials.

10.7 Trustworthy and controllable development
The freedom to study an engineering object should be separated from the authority to change a deployed sys-
tem. RobotRSI benefits from a declared modification envelope: accessible artifacts, permissible experiments,
resource limits, acceptance authority, and recovery options. These bounds make the research objective con-
crete and the resulting evidence interpretable. They need not prevent useful autonomous decisions within the
envelope.

The research process can propose changes to safety monitors, evaluators, or release procedures, but such
proposals require a separate validation route. A generator cannot establish its own permission by writing a
persuasive justification, and improved task reward cannot justify bypassing an independent acceptance gate.
The appropriate division of responsibility depends on the context: a simulated controller study and a physical
intervention around people have different consequences and test requirements.

Security is part of the engineering interface. Research agents ingest papers, repositories, logs, sensor
streams, and generated code; these inputs may be incorrect or adversarial. Tool permissions, executable
isolation, provenance, integrity checks, and bounded physical commands help prevent an external artifact
from becoming an unauthorized system action. A useful test measures whether the researcher identifies a
corrupted measurement or malicious instruction without abandoning valid neighboring evidence.

Controllability also requires resource and state observability. Operators need to know which robot version
is active, what experiment is running, what changes are pending, and how to stop or recover it. A stopping
mechanism must remain effective after software updates and physical reconfiguration. Rollback is meaning-
ful only if the predecessor state is reproducible; irreversible wear or manufacturing changes should have a
recovery plan expressed in physical terms.

Finally, data, designs, model weights, and contributed research knowledge carry provenance and licensing
constraints. Recording origin and permitted reuse is part of inheritance. These requirements can be imple-
mented in the same artifact manifest used for technical compatibility, helping the system distinguish a valid
engineering possibility from a permitted deployment action.

The resulting perspective is deliberately ambitious about scope and precise about evidence. Every layer
of robot engineering can be a research target, but a convincing contribution need not modify every layer. It
should demonstrate a consequential autonomous decision, a traceable artifact, a validated recipient effect,
and, when recursion is claimed, a measured improvement in later research. Table 24 ties the main synthesis
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Table 24: Main synthesis statements and their evidence boundaries. Conclusions concern the cited mechanisms and
do not estimate prevalence across an exhaustive corpus.

Synthesis Representative support Supported scope Remaining evidence obliga-
tion

Robot improvement has many
mutable targets

Morphology, models, policy, re-
wards, and grippers [2, 39, 49, 95]

Existence of autonomous deci-
sions across several engineering
objects

Exhaustive coverage and
measured coupling across
the full stack

Physical experimentation can
enter an automated loop

Construction, test rigs, and
task/undo practice [2, 5, 49]

Bounded physical execution with
declared facilities

Full preparation, recovery,
manufacturing, and integra-
tion autonomy

Cross-stack interfaces determine
recipient validity

Co-design and evolvable produc-
tion [73, 112]

Concrete coupled constraints and
facility architecture

Sustained, version-controlled
whole-system releases and
retention

Knowledge can improve capabili-
ties across tasks/robots

Shared datasets and autonomous
experience [6, 106]

Operational data/model learning
and transfer

Prospective transfer of
engineering and research
capability

Recursive process modification
has computational precedents

Self-modifying coding agents and
editable meta procedures [41, 42]

Computational agent improve-
ment in reported domains

Equivalent causal evidence
through stateful robot experi-
ments and deployment

General-purpose and specialized
robots require context-specific
loops

Manipulation, locomotion, soft
components, and UAV co-design
[49, 86, 123]

Different feasible update, test,
and infrastructure boundaries

Cross-context replication
under comparable resource
accounting

statements to their support and remaining limits.

11 Conclusion
RobotRSI frames the long-term development of robots as autonomous research across the complete engineer-
ing stack, with validated results returning to a robot, a collective, a research facility, or a successor version. Its
scope includes the physical body, intelligence and software, system integration, experimental infrastructure,
manufacturing, maintenance, and the research process. Full-stack scope means that any of these can be a
target; it does not require every iteration to redesign them all.

The survey’s seven questions lead to a connected account. Adaptation, autonomous R&D, system im-
provement, and recursive benefit require distinct evidence (RQ1). Autonomous decisions already appear in
morphology search, component experimentation, perception and self-model updates, reward and controller
design, data collection, and computational co-design (RQ2). AI scientists, robotic instruments, conventional
optimizers, and human expertise can share the research workflow, so decision and execution roles must be
reported separately (RQ3). Task breadth, embodiment, scale, environment, organization, and infrastructure
determine the feasible experiment and update boundary (RQ4).

The remaining connections concern integration and accumulation. A candidate becomes a system im-
provement through an identified recipient, compatible configuration, calibration, acceptance, and post-update
evaluation (RQ5). Evaluation must report task capability, research validity, resources, human contribution,
retention, and prospective recursive uplift under matched conditions (RQ6). The most actionable research
opportunities connect diagnosis to layer selection, design to autonomous physical realization, experience to
reusable engineering knowledge, and an accepted update to stronger subsequent research (RQ7).

Representative systems demonstrate meaningful local and physical loops. Their results should retain their
own boundaries: a better policy, a calibrated simulator, a fabricated morphology, and a self-modifying com-
putational agent are different achievements. The evidence considered here does not establish one continuously
operating system that autonomously researches, realizes, validates, and inherits improvements across the full
robot stack. Nor does it justify predicting inevitable acceleration. It does support a concrete experimental
programme in which these connections can be built and tested individually and in combination.

The defining milestone for recursive RobotRSI is therefore an attributable change in later research capa-
bility. A robot that resets experiments more reliably, a facility that fabricates a broader valid design family,
or a research agent that chooses better diagnostic experiments can all contribute. Their value is established
when a subsequent, independently evaluated campaign produces stronger validated outcomes at a compara-
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ble resource and human-support budget. That criterion turns the vision of continually evolving robots into
an engineering and scientific question that can be answered with artifacts, experiments, and reproducible
evidence.
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