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Abstract

As training regimes centered on human-curated
data encounter rising costs and an increas-
ingly binding scaling ceiling, a core question
in agent learning shifts from enlarging exoge-
nous datasets to enabling agents to self-evolve
under limited exogenous supervision. Prior sur-
veys on self-evolution and self-improvement
typically organize the literature by evolutionary
stages or system architectures. While effec-
tive for summarizing implementation pipelines,
these perspectives do not offer a unified ex-
planation of what an agent actually observes
during self-improvement, nor why such sig-
nals can serve as sufficient and reliable super-
vision. To address this gap, we introduce en-
dogenous observations, defined as learning sig-
nals that arise from an agent’s own generation,
evaluation, and interaction processes rather
than exogenous labels. We systematize exist-
ing approaches into three categories—model-
internal, peer-induced, and scenario-grounded
observations—according to how these signals
are produced, and we summarize the charac-
teristic properties and typical application set-
tings of each category. Finally, we discuss key
challenges in reliability, scalability, and long-
horizon stability, and outline open directions
toward robust and sustainable self-evolving
agents.

1 Introduction

LLM-based agents have advanced rapidly through
scaling along three axes: model size, compute, and
training data (Yao et al., 2023; Robol and Giorgini,

2026; Chen et al., 2025c¢). Yet the data axis is in-
creasingly becoming the fragile one. Scaling-law
and compute-optimal training studies establish that
both data quantity and quality critically shape gen-
eralization (Kaplan et al., 2020; Hoffmann et al.,
2022), while projections of available public human-
generated text suggest that sustained reliance on
high-quality exogenous data is approaching a hard
ceiling (Villalobos et al., 2024). This constraint re-
frames the central question of agent self-evolution:
the challenge is no longer merely to collect more
labels, but to design agents capable of converting
their own actions, interactions, and failures into
reusable experience.

Existing surveys offer complementary perspec-
tives on this transition. Data-centric surveys ad-
dress synthetic data generation, annotation, and
curation (Tan et al., 2024; Long et al., 2024; Alis-
mail and Lanquillon, 2025), while self-evolution
surveys organize methods by training stage, system
component, or agent architecture (Tao et al., 2024;
He et al., 2025; Gao et al., 2026). Memory and
multi-agent surveys further illuminate important
subsystems (Zhang et al., 2025d; Wu et al., 2025;
Chen et al., 2025c). These perspectives are valu-
able, yet they typically enter the picture only after
a crucial event has already occurred: a reward has
been assigned, a critique has been written, a trajec-
tory has been stored, or a verifier has returned a
score.

We argue that self-evolution requires a more
foundational taxonomy anchored by a single ques-
tion: what does the agent observe when it im-
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Figure 1: Overview of the three endogenous observation channels, moving from self to social to world: model-
internal, peer-induced, and scenario-grounded observations.

proves itself? This is not merely an implementation
detail. A confidence score, a self-critique, a peer’s
counterexample, a compiler error, and a retrieved
document differ fundamentally in provenance, cost,
reliability, and susceptibility to gaming, and they
support distinct update mechanisms. The same
reinforcement-learning or preference-learning ob-
jective can be either well grounded or dangerously
circular, depending on whether its signal is seman-
tically grounded, socially challenged, or merely
self-confirming.

What the abstraction adds. Self-feedback, multi-
agent learning, and environment feedback name
established mechanisms; our contribution is an or-
thogonal unit of analysis. We begin one step ear-
lier than the optimizer and identify the observation
event that supplies its evidence, then compare that
event by provenance, grounding, acquisition cost,
conversion interface, and failure risk. This reveals
distinctions hidden by architecture-centric views:
the same GRPO or preference objective may be
driven by an internal confidence proxy, challenged
by an independent peer, or grounded by execution.
It also makes hybrid systems auditable without
forcing each complete system into one mutually
exclusive class.

Observation-Centric View. We define endoge-
nous observations as learning-relevant signals
elicited by an agent’s own actions and reused within
its self-evolution loop. The key claim is not that
all information must originate inside the model,
but that self-evolution changes which signals be-
come visible to the learning loop. Some obser-
vations arise from the model’s own distribution,
generated language, internal representations, and
self-constructed objectives. Others come from peer
models that critique, challenge, rank, or adjudi-
cate the agent’s outputs. Still others originate from
external substrates such as tools, tests, retrieval
systems, simulators, users, and memories. The

trace remains endogenous when it is elicited by the
agent’s action and reused by the loop, even if the
substrate that makes the trace visible is external.
A detailed definition and boundary discussion are
provided in Appendix A.1.

Based on observation provenance and formation
mechanism, we organize existing approaches into
three channels, as illustrated in Figure 1; the full
leaf-level taxonomy appears in Figure 5. Figures 2—
4 further mark the channel-specific boundary for
each class: each diagram corresponds to a distinct
source of observation and a distinct class of validity
risks.

* Model-Internal Observations: Observations
that arise from a model’s own computa-
tion and generation, including consistency
cues, uncertainty, self-reflection, self-generated
tasks, pseudo-labels, and latent evaluative sig-
nals (Liang et al., 2024).

* Peer-Induced Observations: Observations that
emerge through interaction with other models or
agent populations, such as critiques, counterex-
amples, rankings, role-specific judgments, and
group decisions (Gao et al., 2026).

* Scenario-Grounded Observations: Observa-
tions elicited through interaction with tools, val-
idators, retrieval systems, simulators, workflows,
or memory systems, including execution out-
comes, constraint satisfaction, retrieved evidence,
and interaction trajectories (Long et al., 2024).

Contributions. Our core contribution is an
observation-centric account of agent self-evolution.
First, we define endogenous observations by action
contingency, loop reuse, and non-static supervi-
sion, separating endogenous elicitation from exter-
nal grounding. Second, we organize the literature
into model-internal, peer-induced, and scenario-
grounded channels, with the full taxonomy tree
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Figure 2: Model-internal observation.

provided in Figure 5. Third, we connect represen-
tative methods in each channel to the conversion
rules that turn observations into updates, including
rejection sampling, SFT, preference learning, re-
ward modeling, RLVR, trajectory distillation, and
memory update. Finally, we synthesize design and
reporting insights about observation validity, nov-
elty, stability, Goodhart pressure, evaluator inde-
pendence, lifecycle governance, and stopping rules.
Survey scope and coding. We searched the
ACL Anthology, arXiv, OpenReview, and Crossref-
indexed venues through August 28, 2026, combin-
ing queries for agents or language models with
self-improvement, self-feedback, reflection, self-
play, tool learning, execution feedback, trajectories,
and memory, followed by citation tracing. After
deduplication and full-text screening, we retained
96 primary methods and 35 contextual sources. We
code the reusable observation rather than the whole
system: self-produced signals are model-internal,
signals formed by another model are peer-induced,
and traces returned by tools or environments are
scenario-grounded. Appendix B gives the queries,
inclusion criteria, boundary cases, and integrity
checks.

2 Model-Internal Observations

Model-internal observations are endogenously trig-
gered signals that arise from a model’s own in-
ference processes, without relying on exogenous
agents, stronger teacher models, or environment
execution. As shown in Figure 2, this channel turns
internal distributions, reflections, self-constructed
objectives, and self-evaluative signals into reusable
learning pressure. Although such observations do
not provide hard semantic verification, they are
inexpensive to obtain, highly scalable, and repeat-
edly extractable from training or decoding dynam-
ics. Recent verifier-free reinforcement learning

and unsupervised reasoning methods show that
distribution-derived rewards (Zhao et al., 2026b;
Yu et al., 2025a; Zuo et al., 2025) and entropy-
based objectives (Zhang et al., 2025a; Agarwal
et al., 2025b) can support learning under limited la-
beled supervision. Inspired by internal consistency
and self-feedback (Liang et al., 2024), we divide
this channel into @ Self-Consistency Observations
and @ Self-Optimization Observations.

2.1 Self-Consistency Observations

Self-consistency observations capture agreement,
uncertainty, and reliability cues embedded in the
model’s own outputs and decoding dynamics. Such
cues may appear as response-level agreement
across multiple samples, decoding-level stability in
logits, or reflective traces that expose uncertainty
and local inconsistency. They do not certify se-
mantic correctness, but they can indicate where the
model is unstable, under-calibrated, or internally
inconsistent. This makes them useful as intrinsic
rewards, selection criteria, or test-time adaptation
signals (Zhao et al., 2026b; Yu et al., 2025a; Zuo
et al., 2025). We further distinguish Distributional
Signals, which derive scalar pressure from proba-
bility distributions, and Internal Reflective Signals,
which use language-form critiques or correction
traces.

2.1.1 Distributional Signals

Distributional signals are self-generated rewards
derived from output probabilities, agreement, or
uncertainty. INTUITOR (Zhao et al., 2026b),
RLPR (Yu et al., 2025a), and RLSC (Li et al.,
2025b) exploit confidence-related statistics such
as KL divergence or self-assessed certainty for
reinforcement learning with minimal or unla-
beled supervision. Entropy-based variants form
a second branch of distributional observation.
EMPO (Zhang et al., 2025a) minimizes predictive
entropy to encourage decisive reasoning on unla-
beled queries, while Agarwal et al. (Agarwal et al.,
2025b) study entropy minimization across finetun-
ing, RL, and inference-time adjustment. Test-time
scaling provides another source of distributional
signal: TTRL (Zuo et al., 2025) converts major-
ity voting and Maj@N statistics into reward esti-
mates, and PEAR (Huang et al., 2025) uses phase-
aware entropy shaping to reduce redundant reason-
ing while maintaining performance. Internal-state
routing and exploration methods further learn tem-
perature policies, estimate stepwise failure risk, or
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shape advantages from uncertainty (Zhou et al.,
2026b; Ye et al., 2026c¢; Xie et al., 2026a). Re-
lated work studies internal learning-state variables
through metacognitive learning (Liu and van der
Schaar, 2025), SEAL (Zweiger et al., 2025), SE-
LAUR (Zhang et al., 2026a), and entropy-guided
privileged self-distillation (Wu et al., 2026). These
methods are scalable, but their signals remain prox-
ies that require calibration against semantic correct-
ness.

2.1.2 Internal Reflective Signals

Internal reflective signals externalize uncertainty
and inconsistency as critiques, suggestions, or re-
pair traces. Reflexion (Shinn et al., 2023) stores
natural-language reflections as reusable feedback,
and Self-Refine (Madaan et al., 2023) iterates draft
generation, feedback, and rewriting without addi-
tional supervision. Compared with scalar confi-
dence, such traces expose more structured informa-
tion: the model may identify a missing assumption,
flag a weak reasoning step, or propose a repair that
can later be distilled into training data.

More recent approaches make reflective signals
more granular or trainable. SSR (Shi et al., 2025)
localizes unreliable reasoning steps through decom-
posed sub-questions and targeted refinement, pro-
ducing interpretable correction chains. SCoRe (Ku-
mar et al., 2025) trains self-correction through
multi-turn online RL on self-generated correction
traces, reducing mismatch between correction be-
havior observed at training and test time. Loon-
gReflect instead treats reflection and backtracking
as memory-control actions and distills globally in-
formed reflection into a long-horizon search pol-
icy (Zhang et al., 2026h). Reflective signals provide
richer diagnostics than scalar confidence, but can
saturate when critiques become fluent rationaliza-
tions rather than verified corrections.

2.2 Self-Optimization Observations

Self-optimization observations use endogenous sig-
nals to construct objectives, curricula, or evalua-
tors for sustained updates. Compared with self-
consistency signals, they place stronger structure
on the learning loop: the model does not only se-
lect among samples, but also creates tasks, pseudo-
labels, reward surrogates, or verifier data that shape
later parameter updates. We divide them into Self-
Constructed Objectives, which expand training cov-
erage, and Self-Evaluative Signals, which build
evaluation mechanisms for endogenous learning.

2.2.1 Self-Constructed Objectives

Self-constructed objectives treat model generations
as learning targets. Self-Instruct (Wang et al.,
2023), Unnatural Instructions (Honovich et al.,
2023), and instruction backtranslation (Li et al.,
2024b) bootstrap instruction-response data with
limited human annotation. Their key observation
is that a model can generate candidate tasks, an-
swers, or demonstrations whose filtered subset be-
comes new supervision, thereby converting genera-
tion into a data-expansion mechanism.

Because naive self-generation can create low-
value loops, later methods introduce filtering, role
alternation, or regularization. Selective Reflection
Tuning (Li et al., 2024a) recycles only selected re-
flective traces, self-play fine-tuning (Chen et al.,
2024) alternates teacher—student roles to create
an endogenous curriculum, and Rstar-Math (Guan
et al., 2025) shows how self-evolved reasoning data
can support mathematical problem solving. SQL-
Forge combines syntax constraints, reverse trans-
lation, and iterative domain exploration to filter
and diversify self-generated Text-to-SQL data (Guo
et al., 2025). Recent optimization-oriented meth-
ods such as CREAM (Wang et al., 2025b), SS-
APO (Chu et al., 2025), and RLP (Hatamizadeh
et al., 2026) further introduce consistency regular-
ization, game-theoretic objectives, or information-
driven reinforcement signals. These methods scale
data creation, but rely on filtering to avoid drift.

2.2.2 Self-Evaluative Signals

Self-evaluative signals construct verifiers or re-
ward surrogates from model-generated data. V-
Star (Hosseini et al., 2024) trains verifiers on self-
generated correct and incorrect solutions, and Gen-
eralist Reward Models (Li et al., 2025c) suggest
that reward-relevant structure may already be latent
in pretrained LLMs. This line moves beyond using
the model as a generator: it asks whether the model
can also expose evaluator-like structure that makes
endogenous learning more selective.

Recent alignment-oriented methods strengthen
this evaluative interface. Critic-RM (Yu et al.,
2025b) augments scalar rewards with critiques,
DICE (Chen et al., 2025a) bootstraps preference
data from implicit DPO rewards, and Process-
RM (Zhang et al., 2025b) promotes process-
level scores into reusable supervision. Rubric-
guided process rewards supervise stepwise rout-
ing decisions (Ye et al., 2026b), while persistent-
consistency self-distillation weights token-level su-
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pervision by the stability of teacher-favoring sig-
nals (Lv et al., 2026). These signals make endoge-
nous learning more structured, but policy—evaluator
co-evolution must be controlled to prevent biased
self-confirmation.

2.3 Observation-to-Update Interfaces

Model-internal observations matter only after they
are converted into learning pressure. Agreement
can serve as a rejection-sampling filter, an intrinsic
reward, a preference label between traces, or a trig-
ger for test-time adaptation. A generated critique
can be stored as memory, distilled into a repaired
answer, or converted into a process-level reward.
A model-written task can become SFT data, a self-
play curriculum, or a challenge set for later verifi-
cation. Because this channel is weakly grounded,
these conversions need safeguards such as held-
out calibration, novelty filtering, or separation be-
tween generation and evaluation. Otherwise, self-
feedback may improve surface consistency while
reducing epistemic coverage, a risk consistent with
broader concerns about recursive training on gener-
ated data (Shumailov et al., 2024a,b).

3 Peer-Induced Observations

Peer-induced observations arise when a model
treats another model or multi-model system as
an interaction partner and derives signals through
feedback, questioning, adjudication, or population
dynamics. As shown in Figure 3, this channel
converts critiques, counterexamples, rankings, and
group decisions into reusable observations. Such
signals are endogenous to inter-model interaction
rather than fixed labels, and can expose errors while
reducing manual annotation (Chen et al., 2025b;
Liu et al., 2025d; Qiu et al., 2025b; Chan et al.,
2024). Unlike model-internal self-feedback, peer-
induced observation can reveal blind spots that are

not visible from one model’s own samples; unlike
scenario-grounded feedback, however, it does not
automatically provide hard semantic verification.
We organize this channel into @Dual-Agent Obser-
vations and @Multi-Agent Observations (Motwani
et al., 2025; Yuan et al., 2025; Park et al., 2025).

3.1 Dual-Agent Observations

Dual-agent observations arise when a model elicits
supervision by interacting with one peer under a
structured two-player protocol. The peer’s critique,
counterexample, score, or adversarial prompt be-
comes the signal for refinement, and the resulting
update is endogenous because it is conditioned on
the focal agent’s own artifact. Such protocols are
more controllable than larger collectives and make
role-specific credit assignment easier. They often
yield sharper error discovery than single-model
self-refinement, while avoiding the coordination
complexity of many-agent systems. Their weak-
ness is that two agents may still share model-family
biases, converge to premature agreement, or oscil-
late without an external adjudicator.

3.1.1 Symmetric Interaction

Symmetric interaction gives both agents com-
parable roles, as in debate, peer-to-peer chal-
lenge, cooperative co-evolution, or self-play. De-
bateCoder (Chen et al., 2025b) illustrates test-
case-driven debate for code generation, where
agents expose implementation errors by propos-
ing objections and tests.  Sequential coop-
erative co-evolution (Ma et al., 2024), Self-
Reflect+Debate (Ki et al., 2025), and SeRL (Fang
et al., 2025) instantiate related mutual-revision or
self-play patterns. In these settings, the observation
is not a single answer but the relation produced by
exchange: disagreement, counterargument, revised
artifact, or agreed solution.

3.1.2 Asymmetric Interaction

Asymmetric interaction assigns different roles,
such as solver—critic, teacher—student, or solver—
challenger. This separation yields clearer signal
interfaces and often improves credit assignment:
the solver produces an artifact, the critic or chal-
lenger exposes a weakness, and the learner can
attach the resulting signal to a specific revision.
Examples include Debater/Judger decomposition
for harmful content detection (Liu et al., 2025d),
teacher—student construction of challenging QA
instances (Qiu et al., 2025b), solver—challenger
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refinement for retrieval or reasoning (Hu et al.,
2025; Huang et al., 2026), and Absolute Zero’s
curriculum construction with little or no human
task data (Zhao et al., 2025).

Asymmetry is useful for constructing difficult
cases or evaluative feedback without a full environ-
ment, but evaluator or challenger bias may domi-
nate the loop if calibration and anti-collapse con-
straints are weak. Related inference-time systems
use a learned refiner or externally supplied thought
to alter a solver’s subsequent reasoning (Zhou et al.,
2026a; Liu et al., 2025b); these are useful bound-
ary cases because the observation changes behavior
without necessarily producing a persistent learner
update.

3.2 Multi-Agent Observations

Multi-agent observations emerge from systems
of three or more agents through role specializa-
tion, structured collaboration, group deliberation,
or population-level selection. They can broaden
coverage through redundancy and division of la-
bor, but the observation pathway becomes a sys-
tem property rather than a single interaction edge.
Compared with dual-agent exchange, multi-agent
settings can generate richer signals such as cross-
checking, emergent specialization, and group dis-
agreement, while also amplifying coordination
overhead, collusion risk, and reward attribution
difficulty.

3.2.1 System-Structured Dynamics

System-structured dynamics organize agents into
explicit workflows or hierarchies, such as role-
based teams, planner—executor architectures, or
generator—verifier—refiner pipelines. Automatic
role differentiation (Li et al., 2025a), sequential
multi-agent training (Motwani et al., 2025), and
centralized hierarchical planning (Zhang et al.,
2026e) show how role outputs can become struc-
tured observations for downstream agents. In such
systems, plans, critiques, verifications, and inter-
mediate artifacts form a computation graph of ob-
servations that can localize errors and distribute
expertise.

This structure improves reliability through spe-
cialization, but it is sensitive to weak links: a single
poor role can corrupt the downstream workflow.
Multi-agent protocol distillation compresses propri-
etary agents’ search, repair, and exploration traces
into supervision for an open-source policy (Liu
et al., 2026b). Recent work extends this line to-

ward robustness and persistent skill discovery (tse
Huang et al., 2025; Weng et al., 2026; Peng et al.,
2026; Alzubi et al., 2026). These methods suggest
that multi-agent observations are most useful when
the protocol records not only the final group output,
but also which role produced which intermediate
signal and how later agents used it.

3.2.2 Population Dynamics

Population dynamics aggregate signals from group
debate, evolutionary selection, or multi-agent post-
training. ChatEval (Chan et al., 2024) uses debate-
style evaluator teams, EvoAgent (Yuan et al,
2025) searches over agent configurations, and MA-
PORL (Park et al., 2025) rewards both answer qual-
ity and collaboration. Shared-Reflector (Bo et al.,
2024) further highlights the need for counterfactual
credit assignment in shared components.

Instead of a fixed workflow, population meth-
ods treat aggregate behavior as the observation:
agreement patterns, minority objections, selection
outcomes, and group-level rewards become signals
for improving agents or the collective. Popula-
tion methods improve coverage only when diver-
sity is preserved and correlated agreement is con-
trolled. Their governance challenge is therefore not
only accuracy, but also maintaining diversity while
preventing collusion, mode collapse, and runaway
compute.

3.3 Interactional Evidence and Credit
Assignment

Peer-induced observation changes the unit of evi-
dence from a single statement to an interactional
relation: critique, counterexample, rank, disagree-
ment, or revision. A useful protocol should sep-
arate the artifact being judged, the challenge or
critique, the decision rule, and the revision that
follows. Otherwise, a group reward may reinforce
persuasive style or majority agreement rather than
error discovery. Diversity is therefore a control vari-
able: homogeneous agents may converge quickly
but share the same misconception, while hetero-
geneous agents may expose more errors at higher
coordination cost. Recent safety-oriented evidence
on self-evolving agent populations further suggests
that group norms can drift, so peer-induced learn-
ing should be evaluated for both task improvement
and norm preservation (Wang et al., 2026a).

25262



p

@ Scenario-Grounded Observations c%f External Substrate

@ niciea © vrdste/ | query / act

@ Q  Retrieval

Tool API

{} compiler

© iction 0 o,

@  Simulator

g U
= ser Environment
The endogenous object is the action-contingent trace. )

k-Oriented Scenario Si

@ ;

Knowledge-Oriented Scenario Utilization

[ e o I

Figure 4: Scenario-grounded observation.

4 Scenario-Grounded Observations

Scenario-grounded observations are endogenously
triggered signals that arise when a model actively
interacts with executable environments, valida-
tors, retrieval systems, tools, or structured work-
flows (Dou et al., 2024; Wang et al., 2025a). As
shown in Figure 4, this channel uses execution,
constraints, retrieval, and trajectories as action-
contingent evidence. Although the substrate is ex-
ternal, the observed trace is endogenous when it
is elicited by the model’s own action and reused
by the learning loop. This distinction is important
because external grounding does not make the sig-
nal exogenous: the compiler, corpus, simulator, or
memory system only becomes informative after the
agent chooses a program, query, rollout, or inter-
action that produces a reusable trace. We divide
this channel into @ Feedback-Oriented Scenario
Simulation and @ Knowledge-Oriented Scenario
Utilization.

4.1 Feedback-Oriented Scenario Simulation

Feedback-oriented scenario simulation converts
model actions into adjudicable signals through ex-
ecution environments or validators. The key ad-
vantage is that the feedback is relatively hard: a
program compiles or fails, a SQL query returns
a result, a schema is satisfied or violated, and a
simulator transition can be inspected. This makes
the channel attractive for reinforcement learning,
filtering, and repair, but the resulting supervision
is only as reliable as the coverage and fidelity of
the checks (Dou et al., 2024; Lee et al., 2025).
We distinguish execution-based feedback, which
evaluates semantic consequences through running
artifacts, from constraint-based feedback, which
checks structural or protocol compliance.

4.1.1 Execution-Based Feedback

Execution-based feedback derives supervision
from compilation, unit tests, SQL results, run-
time exceptions, or simulator transitions. Step-
Coder converts compiler and test outcomes into
reinforcement-learning signals through curricu-
lum decomposition and fine-grained optimiza-
tion (Dou et al., 2024); RoboGen (Wang et al.,
2024b) uses simulator outcomes in a self-guided
propose—generate—learn loop; AutolF (Dong et al.,
2024) constructs instruction-following data from
execution feedback; and HeroSQL (Qiu et al.,
2025a) refines SQL generation through outcomes
of self-generated queries. Table-reasoning systems
likewise reuse evidence-guided intermediate table
states, rollback signals, or gold SQL execution tra-
jectories to prune large tables (Ye et al., 2026a;
Guo et al., 2026). Dr. Zero (Yue et al., 2026) ex-
tends the same pattern to tool and search behavior.
The strength of this signal is hard verification; the
weakness is sparse rewards, execution cost, and
incomplete environment coverage.

4.1.2 Constraint-Based Feedback

Constraint-based feedback uses grammar,
schema, format, or protocol checks to provide
dense validation without full semantic execu-
tion. DOMINO (Beurer-Kellner et al., 2024)
enforces constraints during decoding, while
Good-Enough (Lee et al., 2025) repairs outputs
against real-world schemas. Mechanisms (Agar-
wal et al., 2025a) studies syntactic evaluation
signals, DeepSeek-R1 (Guo et al., 2024) uses
format-oriented rewards, and StackPlanner (Zhang
et al., 2026e) applies format feedback to argument
generation for sub-agents and tool calls. Such
constraints improve structural compliance, but
need complementary evidence to ensure semantic
success.

4.2 Knowledge-Oriented Scenario Utilization

Knowledge-oriented scenario utilization uses re-
trieved evidence, tool outputs, trajectories, or mem-
ory to increase self-information gain. Unlike execu-
tion checks, these observations expose information
not known a priori, making evidence quality, tool-
use calibration, and lifecycle governance central
concerns (Qian et al., 2025; Kim et al., 2024; Wang
et al., 2024a, 2025a). This category is broader than
feedback simulation: the agent learns not only from
pass/fail outcomes, but also from what it chooses
to retrieve, store, revisit, or forget.
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4.2.1 Retrieval-Grounded Knowledge

Retrieval-grounded knowledge treats documents,
exemplars, API outputs, or tool results as obser-
vations for answering, planning, and tool selec-
tion. RaDA supports web-agent planning with re-
trieved exemplars (Kim et al., 2024), SMART cali-
brates when tools are necessary (Qian et al., 2025),
and ReAct (Yao et al., 2023) and TC-RAG (Jiang
et al., 2025) integrate retrieval with reasoning.
DFAMS uses attributed internal information flow
to align retrieval across heterogeneous knowledge
sources (Yang et al., 2026a), while ScaffoldAgent
evaluates outline edits from retrieval gain, struc-
tural coherence, and trial-generation quality (Yang
et al., 2026b). ToolBeHonest (Zhang et al., 2024),
ET-Agent (Chen et al., 2026), Tool-RO (Acikgoz
et al., 2026), Agent0 (Xia et al., 2025), and reward-
free world-knowledge exploration (Zhang et al.,
2026d) make query selection, tool choice, and ev-
idence reuse part of the self-evolution loop. The
main risk is that stale or irrelevant evidence be-
comes persistent training pressure.

4.2.2 Trajectory-Based Experience

Trajectory-based experience distills multi-step in-
teraction traces—dialogue turns, tool calls, state
transitions, failures, repairs, or successful rollouts—
into learnable data or retrievable memory (Wu
et al., 2025; Zhang et al., 2025d; Hu et al., 2026).
STE (Wang et al., 2024a) and STeCa (Wang et al.,
2025a) use trial-and-error, memory, and trajec-
tory calibration for tool learning, while Stack-
Planner (Zhang et al., 2026e), EDGE (Xie et al.,
2026b), MemO (Chhikara et al., 2025), and Live-
Evo (Zhang et al., 2026g) emphasize experience
retrieval, distillation, and online memory evolution.
The same pattern appears in software, recommenda-
tion, EDA, and harness-engineering agents (Zhang,
2026; Wang et al., 2026b; Yu and Ren, 2026; Robol
and Giorgini, 2026; Lin et al., 2026), and in recur-
sive systems such as Godel Agent (Yin et al., 2025),
Darwin Godel Machine (Zhang et al., 2026b), Po-
laris (Kakade et al., 2026), Hyperagents (Zhang
et al., 2026¢), and Autogenesis (Zhang et al.,
2026f). These observations are rich but require
provenance, update, forgetting, and rollback poli-
cies.

4.3 Lifecycle and Grounding Governance

Scenario-grounded observations require a clear
boundary between external substrate and endoge-
nous trace. A compiler, retrieval corpus, simulator,

or user environment may be external, but the obser-
vation remains endogenous when the agent chooses
the action that elicits the trace and the loop reuses
it. This distinction matters because the policy can-
not improve the corpus or test harness directly, but
it can improve when to query, what evidence to
trust, which trace to remember, and how to avoid
repeating failed actions.

This channel also creates durable state. A mem-
ory written today can shape tomorrow’s query; a
retrieved document can become stale; and a tool
API can change while the learned policy still as-
sumes the old interface. Scenario-grounded self-
evolution should therefore report tool and corpus
versions, timestamps for retrieved evidence, evic-
tion rules, conflict resolution, and rollback mecha-
nisms. Because every test, schema, retrieval result,
or simulator state is a proxy for task intent, re-
peated optimization can induce Goodhart pressure.
Recent work on unfaithful self-evolving agents
and lifelong-agent forgetting reinforces the need to
track verifier coverage, retrieval freshness, mem-
ory versioning, and preservation of old capabili-
ties (Zhao et al., 2026a; Yu et al., 2026).

5 Cross-Channel Comparison

Table 1 summarizes the central trade-off. Model-
internal observations are cheap and scalable but
can confuse confidence with correctness. Peer-
induced evidence can expose blind spots, but only
when roles, judges, and memories are sufficiently
independent. Scenario-grounded traces provide
stronger evidence, yet visible tests can under-cover
intent and retrieved or stored evidence can become
stale. A practical loop can escalate from internal
signals to peer challenge and then grounded verifi-
cation; conversely, grounded failures can be com-
pressed into reflections or peer challenges. Systems
should therefore report which channel produced
each accepted observation, how it became learning
pressure, and whether fixed-budget channel-drop
ablations preserve the gain. Appendix C.1 provides
method-level cases and a quality framework.

6 Future Work

This perspective yields testable questions rather
than only broad themes.

Selection and robustness. Under a fixed ob-
servation budget, which acceptance policy max-
imizes held-out improvement? Channel-removal
and novelty-filtering ablations should separate gen-
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Channel Typical observation

Grounding / cost

Common reuse Principal risk

Model-internal Confidence, uncertainty, self-critique,
generated tasks, latent scores
Peer-induced

group decisions

Tests, constraints, retrieval, tool traces,
trajectories, memory

Scenario-grounded

Weak / low

Critiques, counterexamples, ranks, debate, Medium / medium-high

Stronger / medium-high

Filtering, SFT, intrinsic reward, Self-confirmation,  redun-

test-time revision dancy, evaluator drift

Revision, preference learning, Correlated bias, judge depen-

group reward dence, weak credit assign-
ment

RLVR, repair, trajectory distil- Proxy gaming, stale evi-

lation, memory update dence, incomplete coverage

Table 1: Cross-channel comparison. Grounding strength and cost are relative tendencies rather than universal
rankings; hybrid systems should code each reusable observation separately.

uine capability gaps from sampling variation and
self-confirming confidence (Razin et al., 2026;
Zhang et al., 2025c). Counterfactual tests can re-
place a useful signal with a plausible but incor-
rect critique, correlated peer vote, stale retrieval
result, or incomplete verifier outcome and measure
whether the loop rejects it. Multi-cycle evaluations
should track error amplification and distributional
collapse (Shumailov et al., 2024a,b).
Composition and calibration. When should a sys-
tem escalate from inexpensive internal signals to
peer challenge or scenario-grounded verification?
Experiments should vary the amount and timing
of human labels, hidden tests, and external audits
under a fixed total budget, measuring calibration,
drift, and the marginal value of each channel (Luo
et al., 2025). Conflicting observations also require
explicit resolution and channel-level credit assign-
ment.

Collective and long-horizon limits. Peer studies
should vary model family, role, memory sharing,
and judge independence to determine when diver-
sity reveals blind spots rather than producing corre-
lated consensus (Gao et al., 2026). Repeated-cycle
studies should hold compute fixed and measure
saturation, forgetting, memory growth, evidence
aging, and rollback effectiveness. These tests can
determine whether endogenous information is even-
tually exhausted or shifts as agents and environ-
ments co-evolve (Tao et al., 2024).

7 Conclusion

This survey presents an observation-centric ac-
count of agent self-evolution. Endogenous obser-
vations are action-contingent signals elicited by an
agent’s own generation, evaluation, or interaction
and reused by the learning loop. Organizing the
literature into model-internal, peer-induced, and
scenario-grounded channels clarifies what infor-
mation an agent can obtain, how that information
becomes learning pressure, and why each channel
requires different safeguards. The goal is not a

closed self-confirming loop, but a self-evolution
process whose observations remain informative,
diverse, grounded, and auditable.

Limitations

Our taxonomy classifies observation events by
provenance rather than assigning complete systems
to mutually exclusive categories; hybrid agents can
span all three channels. The literature is rapidly
evolving and includes recent preprints, which we
use to identify mechanisms and risks rather than
durable superiority. Cross-paper quantitative com-
parison is limited by differences in models, tasks,
budgets, and protocols, so we compare numbers
only within compatible settings. Finally, source
papers often omit acceptance rates, evaluator over-
lap, verifier coverage, and memory lifecycle details,
limiting causal attribution of improvements to a spe-
cific observation channel. Collection and boundary
decisions are documented in Appendix B.

Ethical Considerations

This survey analyzes publicly available scientific
literature and does not involve new data collec-
tion, human participants, or the training or deploy-
ment of agent systems. Nevertheless, self-evolving
agents may amplify bias, privacy leakage, security
vulnerabilities, reward hacking, and other harmful
behavior when self-generated signals are treated
as reliable supervision. Our taxonomy is descrip-
tive rather than an endorsement of unrestricted au-
tonomous self-improvement. We therefore empha-
size provenance tracking, independent evaluation,
human oversight, access controls, rollback mech-
anisms, and lifecycle governance, especially for
systems that interact with users, tools, persistent
memory, or changing environments. Researchers
and practitioners remain responsible for evaluat-
ing risks in the specific domains, populations, data,
and deployment settings in which these methods
are used.
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A Definition and Taxonomy

A.1 Definition and Rules

Definition. Endogenous observations are learning-
relevant signals that arise from an agent’s own gen-
eration, evaluation, and interaction processes rather
than from labels fixed before the agent acts. This
framing covers self-generated tasks and pseudo-
labels (Wang et al., 2023; Li et al., 2024b), self-
reflection and repair traces (Shinn et al., 2023;
Madaan et al., 2023), peer feedback and group
judgment (Chen et al., 2025b; Chan et al., 2024),
and execution- or tool-grounded traces (Dou et al.,
2024; Yao et al., 2023). An observation is endoge-
nous for agent self-evolution when it is elicited by
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the agent’s own action and then reused by the same
learning loop. Let an agent with policy 7 produce
an action or artifact a; € A under context ¢;. An
observation o, € O is endogenous when

ot = f(ag, ¢, 5¢), ur = g(og, ag, c), (1)
where f is an observation channel, s; denotes the
substrate that makes the observation possible, and
g converts the observation into a reusable update
signal such as a reward, preference pair, pseudo-
label, memory entry, verifier trace, or curriculum
item. The definition has three requirements: the
signal is contingent on the agent’s action, the loop
reuses the signal to change future behavior, and the
signal is not a static label attached before the agent
acts.
Boundary of the concept. The boundary starts
from the event that creates the signal, not from
where the substrate is located. A human-written
label supplied before the agent acts is exogenous
supervision. A model-generated critique that is ac-
cepted into a repair loop is endogenous only if the
critique is conditioned on the agent’s artifact and
affects a later action. A compiler, retrieval corpus,
search API, simulator, or user environment can be
external while still grounding an endogenous obser-
vation: the program, query, rollout, or interaction
is chosen by the agent, and the resulting trace be-
comes usable only after the loop converts it into
an update. The key distinction is therefore elicita-
tion: external content does not become endogenous
merely by being present, and external grounding
does not make an action-contingent trace exoge-
nous.
Observation channels. With this boundary fixed,
the taxonomy can be read as three observation chan-
nels. First, model-internal observations arise solely
from a model’s internal computation and genera-
tion, including consistency cues, reflective traces,
pseudo-labels, self-constructed objectives, and self-
evaluative signals. Second, peer-induced obser-
vations arise from interactions among multiple
models or agents, including peer feedback, ques-
tioning, counterexample generation, adjudication,
and population-level selection. Third, scenario-
grounded observations arise when a model inter-
acts with tools, executable environments, valida-
tors, retrieval systems, structured workflows, sim-
ulators, users, or memory substrates. These are
analytical categories rather than an assumed de-
velopment path. A single system may combine

all three, but the distinction matters because each
channel has different costs, failure modes, and safe-
guards.

Observation contracts. Figure 5 is not meant to
classify methods by optimizer name. The same op-
timizer can be well grounded or circular depending
on what it observes. We therefore code methods
by four questions: what agent action made the sig-
nal observable, what substrate grounded the signal,
how the raw trace was converted into an update,
and what failure mode threatens that conversion.
This contract connects the definition to the rest of
the survey. Section 2 studies model-internal signals
that are cheap but vulnerable to self-confirmation.
Section 3 studies peer-induced signals that can ex-
pose blind spots but require diversity and credit
assignment. Section 4 studies scenario-grounded
signals that are more grounded but vulnerable to
proxy gaming and lifecycle drift.

A.2 Taxonomy

Figure 5 provides the full leaf-level taxonomy cor-
responding to the three observation channels sum-
marized in the main text.

B Survey Design
B.1 Collection and Coding

Collection. We consolidated work indexed by the
ACL Anthology, arXiv, OpenReview, and Crossref-
indexed venues through August 28, 2026. Query
families combined agent or language model with
self-evolution, self-improvement, self-feedback, re-
flection, self-play, multi-agent learning, tool learn-
ing, execution feedback, trajectory, and memory;
backward and forward citation tracing expanded
the pool. We deduplicated by DOI, arXiv identifier,
and normalized title, screened titles and abstracts,
and then inspected full texts for the observation and
update mechanism. The final bibliography contains
131 sources: 96 primary method papers represented
in the taxonomy and 35 contextual sources used
for definitions, risks, evaluation, and boundary de-
cisions.

Screening. We include a method when an agent
action elicits a signal and that signal is reused to
alter a later action, memory state, data item, ob-
jective, or policy. We exclude static supervision,
benchmark-only studies, and architecture or adap-
tation methods without such reuse. Coding op-
erates on an individual observation rather than a
whole system: a focal model’s uncertainty or cri-
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RAG (Jiang et al., 2025); DFAMS (Yang et al., 2026a); ScaffoldAgent (Yang et al.,
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STE (Wang et al., 2024a); STeCa (Wang et al., 2025a); StackPlanner (Zhang et al.,
2026e); EDGE (Xie et al., 2026b); Mem0O (Chhikara et al., 2025); Live-Evo (Zhang
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Giorgini, 2026); Godel Agent (Yin et al., 2025); Darwin Godel Machine (Zhang

et al., 2026b); Polaris (Kakade et al., 2026); Hyperagents (Zhang et al., 2026c); Au-
togenesis (Zhang et al., 2026f); AHE (Lin et al., 2026).

Figure 5: A systematic taxonomy tree of endogenous observations. The tree follows the order from self to social to
world: model-internal, peer-induced, and scenario-grounded observations.

tique is model-internal; another model’s critique,
test, or rank is peer-induced; and a compiler result,
retrieved document, or simulator trace is scenario-
grounded. A hybrid system may therefore receive
multiple codes. For example, a peer-proposed test
is peer-induced, whereas the resulting failed asser-
tion is scenario-grounded. We record the eliciting
action, grounding substrate, reused object, update
interface, and principal invalidation risk for each
primary work.

Reference integrity. For the camera-ready corpus,
titles and bibliographic identities were checked
against an authoritative landing page or registry
(ACL Anthology, DOI/Crossref, arXiv, OpenRe-
view, or publisher page). Recent preprints are used
to identify emerging mechanisms rather than estab-
lish durable superiority; quantitative comparisons
are made only when tasks, models, metrics, and
budgets are compatible.

B.2 Positioning

Existing surveys on agent self-evolution are typi-
cally organized around evolutionary processes or
system structures (Alismail and Lanquillon, 2025;
Tan et al., 2024; Luo et al., 2025), for example
by decomposing self-evolution into stages (Tao
etal., 2024), or by analyzing which elements evolve
and through which algorithms or system mecha-
nisms (Gao et al., 2026; Alismail and Lanquillon,
2025; Tan et al., 2024; Luo et al., 2025). Our sur-
vey instead begins from the observational basis of
self-evolution. The distinction has three aspects:

1. Unit of analysis. We classify the individual
observation reused by a learning loop rather
than the complete system, optimizer, or training
stage.

2. Shared comparison dimensions. We compare
heterogeneous signals by provenance, ground-
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ing, acquisition cost, conversion interface, and
invalidation risk.

3. Design implications. Treating self-evolution
as expansion of an agent’s observable world
exposes questions of information quality, long-
term stability, and cross-channel composition
that component taxonomies leave implicit.

B.3 Boundary Cases

Work that changes model capacity or evaluates out-
puts without feeding an action-contingent obser-
vation back into the learning loop is contextual
rather than part of the taxonomy. This includes
general evaluation surveys and reasoning bench-
marks (Chang et al., 2024; An et al., 2025; Liu et al.,
2026a), data-membership and machine-generated-
text auditing (Liu et al., 2025a,c), retraining-free
expert pruning (Zhou et al., 2025), and low-rank
or prompt adaptation (Chang et al., 2026, 2025;
Xiao et al., 2026a,c,d, 2025). Counterfactual vi-
sual alignment (Xiao et al., 2026b) constructs a
reusable internal signal and is included as an adja-
cent multimodal instance of model-internal obser-
vation. These decisions prevent topical proximity
from being mistaken for an endogenous observa-
tion loop.

C Analysis and Guidance

C.1 Cases and Quality

Observation quality. Quality is not one-
dimensional. Validity asks whether a signal is cor-
rect or faithfully grounded; novelty asks whether
it adds information beyond existing traces; diver-
sity measures coverage across failures, peers, and
trajectories; and informativeness estimates the sig-
nal’s expected downstream learning value. A valid
but redundant observation wastes budget, homoge-
neous peer feedback can amplify correlated errors,
and stale retrieval can turn once-valid evidence
into persistent bias. Conversely, a failed trajectory
may be highly informative when retained as a hard
negative. Evaluations should therefore report ac-
ceptance rates and fixed observation budgets, then
ablate quality filters and individual channels rather
than attributing gains to extra sampling alone.

C.2 Channel Trade-offs

Model-internal conversion. Agreement may be-
come a rejection filter, intrinsic reward, preference
signal, or test-time adaptation trigger; critiques may

become memory, repaired demonstrations, or pro-
cess rewards; and generated tasks may become SFT
data or curricula. Because this channel is weakly
grounded, calibration anchors, diversity filtering,
and generator—evaluator separation are important
safeguards. Recursive training can narrow distri-
butions and erase tail knowledge (Shumailov et al.,
2024a,b).

Peer-induced credit. Peer evidence is relational:
a critique, counterexample, rank, disagreement, or
revision. A protocol should record the artifact, chal-
lenge, decision rule, and resulting revision; other-
wise, group rewards may reinforce persuasive style
rather than error discovery. Model family, role
prompt, memory, and incentive diversity should be
treated as experimental variables, especially when
group norms can drift (Wang et al., 2026a).

Scenario-grounded governance. Tools, corpora,
tests, simulators, and memories can change after
joining the learning loop. Reports should track
versions, retrieval timestamps, memory eviction,
conflict resolution, and rollback. Strong ground-
ing also creates strong proxy pressure: visible
checks may be optimized without matching task
intent (Zhao et al., 2026a; Yu et al., 2026).

Composition. Model-internal observations are
cheap and scalable but weakly grounded; peer-
induced observations expose blind spots but require
diversity and credit assignment; scenario-grounded
observations provide stronger evidence but intro-
duce proxy gaming and lifecycle drift. Practical
systems can escalate across these channels and
should report which channel produced each ac-
cepted observation.

C.3 Coding Protocol

For each method, we record the eliciting action,
substrate, object promoted into learning or mem-
ory, and invalidation risk. This separates observa-
tion provenance from optimizer choice, since the
same optimizer can use confidence, peer critique,
execution feedback, or retrieved evidence (Liang
et al., 2024; Chen et al., 2025b; Dou et al., 2024,
Yao et al., 2023).

C.4 Worked Example

Consider a code-generation agent facing edge cases.
Disagreement among its own sampled programs
is model-internal and may trigger repair, rejection
sampling, or intrinsic reward (Liang et al., 2024;
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Case

Observation source

Grounding / cost

Update interface Task and evidence

Principal risk

INTUITOR  (Zhao
et al., 2026b)

Self- Self-written lan- Weak / low—

Refine (Madaan guage critique. medium vision

et al., 2023)

DebateCoder (Chen Peer objections and Medium / high

et al., 2025b) generated tests. lection

ChatEval (Chan Multi-agent debate Medium / high

et al., 2024) and judgments. tion

StepCoder  (Dou Compiler and unit- Strong / medium— Fine-grained RL re-
etal., 2024) test outcomes. high ward

STeCa (Wang et al., Failures, repairs, and
trajectories.

2025a)

Model confidence
and KL statistics.

Weak / low

Intrinsic RL reward
label-free gains.

Iterative test-time re- Seven generation and reasoning tasks;
source-reported improvements.

Code revision and se- Code generation benchmarks; execution-scored

outcomes.

Mathematical reasoning; source-reported

high

Aggregated evalua-

Medium-strong / Trajectory calibration
and reuse

reference judgments.

success.

LLM evaluation benchmarks; agreement with
Code generation; executable pass rates.

Tool-agent benchmarks; source-reported task

Confidence may not
track correctness.
Generator and critic
share blind spots.

Correlated agents and
extra calls.

Consensus is not se-
mantic correctness.
Sparse rewards and in-
complete tests.
Rollout, credit, and
memory costs.

Table 2: Representative observation-to-update loops. Cross-task numerical ranking is avoided because experimental
settings are not comparable.

Coding question

Model-internal

Peer-induced

Scenario-grounded

What creates it?

Sampling, self-critique, revision,
task generation, or evaluator
invocation.

Exposure to critics, challengers,
judges, teachers, or populations.

Execution, tool calls, retrieval,
simulation, memory writes, or
user feedback.

What exposes it?

Distributions, generated
language, latent evaluators, or
model-written tasks.

Peer models, role prompts,
debate protocols, and shared or
isolated memories.

Tests, compilers, APIs, corpora,
validators, simulators, users, or
memory.

What is reused?

Filtered samples, repairs,
pseudo-labels, process scores, or
curricula.

Critiques, counterexamples,
ranks, preferences, group
rewards, or revisions.

Verifier results, tool traces,
evidence, trajectories, rewards,
or memory updates.

What can fail?

Confidence amplification,
duplicates, evaluator drift, or
diversity collapse.

Correlated bias, collusion, judge
dependence, or weak credit
assignment.

Reward gaming, stale evidence,
incomplete coverage, API drift,
or unsafe persistence.

Table 3: Operational coding protocol for endogenous observations.

Shinn et al., 2023; Madaan et al., 2023). A critic
model’s adversarial input is peer-induced (Chen
et al., 2025b); executing that input and observing
a failed assertion is scenario-grounded (Dou et al.,
2024; Yao et al., 2023). The failed assertion can
then become a scalar reward, supervised repair,
preference pair, or memory item. Recording this
conversion prevents a grounded trace from being
mistaken for a well-grounded objective.

C.5 Update Interfaces

The same observation can support different inter-
faces. Execution failure, for example, may become
a reward, repair example, preference pair, or mem-
ory item; reports should therefore name both the
observation channel and conversion interface.

C.6 Evaluation

Evaluation should test whether a loop discovers
useful information, rejects misleading signals, and
remains stable over repeated cycles. We rec-
ommend counterfactual observation tests, hidden
verifier-coverage splits, peer-diversity ablations,
memory and evidence aging tests, and channel-

Interface Audit before update

Selection and Preserve hard and diverse cases;

filtering avoid retaining only high-confidence
traces.

Supervised State the acceptance rule and errors

compression inherited from accepted traces.

Preference or
reward
optimization

Test whether signals track task intent
beyond judge or verifier shortcuts.

State or memory
update

Record provenance, versioning,
eviction, conflict handling, and
rollback.

Table 4: Audit checklist for converting observations into
learning pressure.

attribution ablations. Reports should include candi-
date counts, rejection reasons, accepted observation
types, hidden-test coverage, evidence provenance,
memory growth and eviction, observation budgets,
stopping rules, and repeated-cycle failures.
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