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Figure 1: Overview of self-improvement paradigms for modern Al agents. We categorize
existing methods into two primary pathways according to what is modified. The first
pathway is Foundation Model Improvement, where the model parameters are updated
from 6; to 6;,1 using intrinsic generative demonstrations D;, intrinsic evaluative feedback
e, or extrinsic exploratory experience ;. The second pathway is Scaffolding Improvement,
where the operational scaffold is updated from ¥; to 2;;1 through non-parametric changes.
Across scaffold components, a generic update signal S; is instantiated to drive improvements
in prompts p;, memory m;, tools T, or the full scaffolding %;.
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Abstract

Self-improving autonomous agents are moving from research prototypes
to deployed systems. The primary goal is controllable evolution, or adapta-
tion, from experience with minimal or even no human input. This survey
frames modern self-improving agents as adaptive systems that convert
experience into accumulated capability gains. We offer a system-level
framework that represents a modern agent as a configuration coupling a
foundation model with an operational scaffold of prompts, memory, tools,
and control logic. Within this framework, self-improvement is formalized
as a self-induced update operator that obtains and commits updates to
model parameters or scaffold components. We organize prior work by
update target and by the signals that drive change, then review applica-
tions and discuss evaluation, before closing with open problems and future
directions. For convenience, we track technical updates on this GitHub

page.
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1 Introduction

"The first ultraintelligent machine is the last invention that man need ever make.”
— 1. J. Good (1966)

The development of artificial intelligence (Al) technology has driven a paradigm shift
in agentic systems (Shoham, 1993; Maes, 1994; Wooldridge & Jennings, 1995; Yao et al.,
2022; Wang et al., 2024a), from earlier narrow systems built around task-specific models
or hand-engineered modules to modern agentic systems powered by foundation models
(FMs), including large language models (LLMs) and vision-language models (VLMs), where
natural language serves as a shared interface for representation, reasoning, and control.
Progress in foundation models has produced a qualitative shift in generalization, yielding
striking successes across a wide range of domains, most notably code generation (Chen
et al., 2021), language understanding (Hendrycks et al., 2020), and mathematical and for-
mal reasoning (Wei et al., 2022). These advances have brought a long-standing question
to the foreground: the prospect of Al systems that improve themselves. Fundamentally,
self-improvement is an inherently self-referential process. It defines a system'’s capacity to
autonomously inspect, evaluate, and deliberately modify its own underlying optimization
mechanisms and operational logic. Good articulated possible consequences of machine
self-improvement (Good, 1966), describing the possibility of an “Intelligence Explosion”
once machines acquire the capacity to design more capable successors. Early work on
concrete self-improvement algorithms dates back to Schmidhuber’s self-referential learning
framework (Schmidhuber, 1987), which introduced mechanisms in which a system gen-
erates and evaluates modified descendant versions of itself. Establishing the theoretical
ceiling of this pursuit, the Godel Machine (Schmidhuber, 2003b) introduced a fully self-
referential algorithm designed to rewrite its own code whenever it can mathematically
prove an expected-utility improvement. While a persistent lineage of research success-
fully demonstrated neural networks (NNs) learning to program other networks via fast
weights (Schmidhuber, 1992), advancing to self-referential systems capable of modifying
themselves (Schmidhuber, 1993; Irie et al., 2022), and acting as meta-learning systems to
discover their own learning algorithms (Hochreiter et al., 2001; Schmidhuber, 2004; Kirsch
& Schmidhuber, 2021; 2022; Irie et al., 2025), parallel efforts introduced incremental self-
improvement, establishing the ability to enforce long-term reward accelerations through
the success-story algorithm for undoing policy self-modifications through backtracking
(Schmidhuber, 1994; Schmidhuber et al., 1996; 1997). However, scaling these visionary
mechanisms into open-ended agents was historically constrained. Traditionally, systems
were forced to search through vast, low-level spaces of assembly-like code or raw synaptic
weights. Today, modern FMs alleviate this historical bottleneck by introducing natural
language as a unified, highly capable semantic medium for reasoning, policy execution,
and self-modification. By drastically reducing the search space for viable modifications,
this language-native paradigm has drawn intense recent attention, with growing evidence
demonstrating that FM-based self-improving agents can yield substantial empirical gains
(Yuan et al., 2024b; Acikgoz et al., 2025; Qi et al., 2025; Zhang et al., 2026d).

To function autonomously in concrete environments, the FM serving as the cognitive core
is typically enveloped by an operational scaffold, a structured framework comprising
instruction schemes (Yuksekgonul et al., 2024; Guo et al., 2024), memory systems (Chhikara
et al., 2025; Zhang et al., 2026e), tool interfaces (Qiu et al., 2025c; Wolflein et al., 2025),
and control logic (Hong et al., 2023; Zhuge et al., 2024a; Xiong et al., 2025). Recently,
such an operational scaffold is often also referred to as an agent harness (Rajasekaran,
2026; Trivedy, 2026; Zhang et al., 2026b; Zhong & Zhu, 2026), while this survey uses the
term scaffold to emphasize the modifiable structures surrounding the foundation model.
Operationally, this scaffold acts as a controller that constructs context, selects actions, and
enforces constraints. This modern architecture was conceptually foreshadowed by the
"learning to think" framework (Schmidhuber, 2015), where a general-purpose controller
learned to dynamically query, or "prompt," a predictive world model to generate reasoning
sequences akin to a modern "chain of thought" (Wei et al., 2022). Building upon this core-
and-scaffold architecture, the integration of these classical control principles has crystallized



into an emergent paradigm, which we refer to as FM-based self-improving agents. Because
modern agentic systems comprise both the aforementioned neural core and scaffold, we
organize this survey around a unified taxonomy with two primary pathways, as illustrated
in Fig. 1 and summarized chronologically in Fig. 2. The first pathway, which we call
foundation model improvement, aims to achieve a slower but more stable form of long-
term consolidation by updating the underlying model, thereby amortizing capability gains
across varied tasks (Huang et al., 2023; Zhao et al., 2024b; Wang et al., 2025d; Xiao et al.,
2025; Bougie et al., 2026). The second pathway, which we call scaffold improvement, is
typically faster and more easily reversible; it improves the agent by updating structural
components, including prompts, memory, tool interfaces, and end-to-end control logic,
to reshape the agent’s effective observation and action semantics (Fernando et al., 2024;
Chhikara et al., 2025; Wolflein et al., 2025; Zhang et al., 2026d; Borthwick & Ash, 2026).
Although these pathways differ in their targets of modification, both are fundamentally
driven by learning signals extracted during interaction. Accordingly, our taxonomy further
refines these methods by separating what is updated from where the improvement signals
originate, providing a common language for comparing disparate methods on a consistent
footing. Fig. 3 provides a unified taxonomy of this survey.
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learning capabilities of static LLMs across related surveys.

(Tao et al., 2024). However, existing reviews often treat foundation model fine-tuning
and agent scaffolding as isolated topics, lacking a unified formal perspective. Furthermore,
few trace the conceptual roots of self-improvement back to classical Al To bridge this
gap, our survey provides a rigorous and systematic positioning of these modern agentic
systems. We offer a comprehensive taxonomy under a unified formalization, clarifying their
historical evolution and providing a clear, forward-looking roadmap for self-improvement.
Concretely, our main contributions are as follows:

¢ Historical Context and Evolution. We trace the evolutionary roots of self-improving
systems from classical Al to modern FM-based agents, establishing a clear trajectory
for how foundational learning mechanisms have adapted to the agentic era.

* A Unified Formalization and Systematic Taxonomy. Under our proposed for-
mulation, we systematically categorize mechanisms into two distinct pathways:
foundation model improvement and scaffold improvement (covering prompt opti-
mization, memory evolution, tool governance, and full-scaffold redesign).

¢ Empirical Landscape, Evaluation Paradigms, and Frontiers. We integrate the
classification system with practical applications (such as software engineering, web
navigation, and scientific discovery) and critically analyze current evaluation proto-
cols. By comparing mechanism-level benchmarking and end-to-end evaluation, we
highlight the security factors and challenges that need to be considered in achieving
reliable, continuous self-improvement.

The remainder of this survey is organized as follows. Section 2 traces the historical context
and theoretical foundations of self-improving systems. Section 3 introduces the systems view
of foundation-model-based agents and formalizes the problem setting. Section 4 presents our



unified taxonomy, outlining the two primary pathways for improvement. These pathways
are subsequently surveyed in depth: Section 5 covers updates to the underlying foundation
model, while Section 6 focuses on structural modifications to the surrounding scaffold.
Section 7 reviews practical instantiations across representative domains. Section 8 discusses
protocols and benchmarks for evaluating these systems. Finally, Section 9 synthesizes open
problems and safety considerations, followed by concluding remarks in Section 10.
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Figure 2: Timeline and taxonomy of self-improvement in foundation-model-based agents
(2023-2026). Representative works are positioned by publication year. The left lane denotes
foundation-model improvement (), while the right lane denotes scaffolding improvement
(X). The AGI signpost highlights the field’s long-term aspiration toward increasingly general
agentic intelligence.

2 Historical Context and Theoretical Foundations

Self-improvement is not unique to modern foundation models; it is a foundational objective
of artificial intelligence. Whereas standard machine learning optimizes parameters within
a fixed architecture, true self-improvement demands that a system explicitly inspect and
rewrite its own operational logic, heuristics, or learning algorithms. As illustrated in Figure 4,
the mechanisms have been successfully instantiated across several historical paradigms. By
tracing this intellectual lineage, we clarify how earlier systems achieved self-improvement
within bounded domains, and how modern foundation models now provide a highly
expressive, general-purpose substrate to scale these established principles into open-ended
and real-world environments.

2.1 Foundational Concepts (1790s-1960s)

The mathematical roots of error-driven adaptation extend back to early optimization frame-
works. The method of least squares (Legendre, 1805; Gauss, 1809)l demonstrated how

IThe first famous example of pattern recognition through an NN dates back over 200 years:
the rediscovery of the dwarf planet Ceres in 1801 through Gauss, who collected noisy data points
from previous astronomical observations, then used them to adjust the parameters of a predictor,
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Figure 3: A unified taxonomy of self-improving agents spanning foundation-model updates,
scaffold updates, and evaluation benchmarks.

parameters of what’s now known as “linear neural networks” can be systematically ad-
justed to minimize errors. As highlighted in historical retrospectives, this established a

which essentially learned to generalize from the training data to correctly predict the new location of
Ceres (Schmidhuber, 2022).
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mechanism that is still heavily used today and serves as the very foundation of all neural
networks, including deeper ones (Schmidhuber, 2022).

Throughout the mid-20th century, these concepts of adaptation continued to evolve, acting
as conceptual precursors. Cybernetics popularized the feedback view of adaptive behavior
in closed-loop systems (Wiener, 1948), while Ashby’s work on homeostasis emphasized
internal state adjustment to maintain viability under perturbations (Ashby, 1952). Alan
Turing’s “child machine” proposed a model whose internal configuration could be shaped
through training and external feedback, such as reward and punishment (Turing, 1948; 1950).
Early systems, from Rosenblatt’s perceptron (Rosenblatt, 1958) to Samuel’s checkers program
(Samuel, 1959), provided concrete demonstrations of how performance feedback could
change future behavior. However, while these mid-century milestones demonstrated that
behavior could optimize over time, their underlying architectures and learning algorithms
themselves remained strictly fixed. Consequently, they are best understood as advanced
learning systems, rather than fully self-referential, self-improving systems.

The formal basis for transcending fixed learning rules and enabling true self-reference
followed a distinct trajectory. In the early 1930s, Kurt Godel founded modern theoretical
computer science and identified fundamental limits of any type of computation-based Al
(Godel, 1931). He introduced a universal coding language based on integers, using it to
represent both data and programs in axiomatic form. By famously constructing formal state-
ments that talk about the computation of other formal statements—especially self-referential
statements—Godel provided the theoretical blueprint for programs capable of manipu-
lating their own code (Schmidhuber, 2022). In the 1960s, Good (Good, 1966) introduced
the visionary prospect of an “Intelligence Explosion,” hypothesizing that machines might
one day acquire the capacity to autonomously design more capable successors. However,
while this narrative highlighted self-improvement as an ultimate pursuit in Al, it remained
a conceptual idea without a formal mathematical or algorithmic framework. Translating
this speculative concept into actual deployable mechanisms would require the subsequent
development of explicit structural and algorithmic self-modification frameworks.

2.2 Symbolism and Heuristic Self-Modification (1960s-1980s)

As symbolic Al rose to prominence, self-improvement was reinterpreted as the ability to
manipulate explicit representations of knowledge and strategy. A key conceptual precursor
was von Neumann'’s theory of self-reproducing automata. Originating in the late 1940s
and later published in 1966, it distinguished a constructive mechanism from a symbolic
description that can be copied and varied (Von Neumann et al., 1966). Myhill (1964)
abstracted self-reproduction into a rigorous formal framework, emphasizing how systems
can use symbolic descriptions to generate copies or variants of themselves. Together, these
concepts clarified how a system can generate successive versions of increasing complexity
by editing the descriptions it interprets. A similar approach in symbolic artificial intelligence
is to treat problem-solving heuristics as first-class objects that can be examined, modified,
and recombined.



Lenat’s Automated Mathematician (AM) system exemplified this approach by using heuris-
tics to propose, extend, and evaluate candidate concepts, effectively searching over symbolic

programs that encode mathematical ideas (Lenat!, 1984). EURISKO pushed further by
representing heuristics themselves as manipulable Lisp objects, allowing the system to
generate, modify, and test its own problem-solving strategies (Lenat, 1983; Lenat & Brown,
1984). However, as emphasized by Schmidhuber (1987), the practical success of systems like
EURISKO depended heavily on the user serving as an external evaluation signal, interpret-
ing outputs and manually pruning unproductive heuristic drift, rather than on the system
possessing a truly autonomous closed-loop credit assignment mechanism. This historical
limitation underscores a challenge that persists in modern agentic systems, namely the need
for robust internal evaluation signals and verification procedures to sustain autonomous
recursive self-improvement.

2.3 Connectionism and the Emergence of Meta-Learning (1980s—2000s)

The resurgence of connectionism shifted the emphasis from hand-coded heuristics to learn-
ing dynamics as the substrate of improvement. Self-improvement was consequently re-
framed as explicitly optimizing the learning process itself, encompassing the optimizer,
inductive biases, and adaptation rules. Schmidhuber (1987) introduced self-referential
learning frameworks in which evolutionary processes could optimize not only candidate
solutions but also the learning procedures that generate them, making the learning system
itself the object of search. Along a complementary line, Bengio et al. (1991) demonstrated
that synaptic learning rules need not be fixed; by parameterizing these rules, the optimizer
itself becomes a learnable object.

Schmidhuber introduced fast-weight programmers (FWPs) as a broad class of networks
(Schmidhuber, 1991a; 1992; 1993). A representative early instance—retrospectively identified
as the 1991 unnormalized linear Transformer (ULTRA) (Schlag et al., 2021)—features a
“slow” neural network that learns by gradient descent to program the “fast weights” of
another network through additive outer-product updates. The explicitly self-referential
version followed in work on self-referential weight matrices, where a network learns to
modify its own fast weights while receiving feedback signals such as errors or rewards as
inputs, making the learning dynamics themselves part of what is optimized (Schmidhuber,
1993). This line is important for self-improvement because it moves self-modification into a
continuous program space, rather than restricting it to symbolic code rewriting. Recent work
has revisited this direction in scalable self-referential neural architectures, including modern
self-referential weight matrices that learn to modify themselves (Irie et al., 2022), recurrent
fast-weight programmers and their self-referential extensions (Irie et al., 2023; 2021), and
self-referential networks that meta-learn continual learning algorithms (Irie et al., 2025).
Such mechanisms suggest a possible additional meta-level for self-improving foundation
models, where the foundation model itself may become part of the modifiable substrate
rather than remaining only a frozen component.

This period also consolidated learning to learn as a framing for self-improvement. In rein-
forcement learning (RL), the 1994 paper introduced an RL machine as an early recursive
self-improving agent that alter parts of their own learning strategy to shift inductive bias
over a single lifelong interaction stream (Schmidhuber, 1994). The same underlying idea
was later described using related terminology, including environment-independent rein-
forcement acceleration and the success-story algorithm (Wiering & Schmidhuber, 1996;
Schmidhuber et al., 1996; Schmidhuber & Zhao, 1996; Schmidhuber et al., 1997). Thrun
and Pratt likewise emphasized learning reusable inductive biases across task distributions
(Thrun & Pratt, 1998). Related neuroevolution work such as NeuroEvolution of Augmenting
Topologies (NEAT) improved neural architectures by expanding network topology under
performance-driven selection (Stanley & Miikkulainen, 2002). AIXI formalized an uncom-
putable upper bound on optimal sequential decision-making in computable environments
(Hutter, 2000). Furthermore, Schmidhuber (2003b) introduced the Gédel Machine, a fully
self-referential, self-improving machine that is theoretically optimal. A Godel Machine
operates in a single-life reinforcement learning environment (Schmidhuber, 1994) and it-
eratively searches for candidate self-modifications, adopting a modification only when it
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can prove that doing so will improve its expected cumulative future reward. To establish
this improvement, the proof must reason about future rewards while accounting for all
possible subsequent self-modifications. The machine is fully self-referential in the sense
that every component of the Godel Machine is itself subject to modification, including the
self-modification generator and the theorem prover.

2.4 Formal and Architecture-Level Self-Improvement (2000s-2020s)

From the mid-2000s onward, research followed two main tracks: (i) analyzing the theoretical
limits of self-improvement, and (ii) building practical mechanisms to automate architecture
design. Philosophical analyses began to explore the trajectory of these systems, debating
the existential risks of the technological singularity (Subramanian, 2010). In theory, Orseau
and Ring pointed out that when agents interact with limited resources and irreversible
actions, they face significant risks such as self-deception, reward tampering, and fatal
errors (Orseau & Ring, 2011). Related research formalized how agents can safely model
their environments and themselves without generating logical paradoxes. For instance,
Fallenstein et al. (Fallenstein et al., 2015) introduced reflective oracles to reason about
probabilistic programs that call themselves, while logical induction offered a mathematical
approach to updating beliefs under self-referential uncertainty (Garrabrant et al., 2020).
Complementary work on proof-producing reflection in higher-order logic studied how
reflective reasoning can be embedded in formal proof systems, providing a technical route
for agents or theorem provers to reason about their own reasoning steps (Fallenstein &
Kumar, 2015).

Together, these frameworks clarified the gap between ideal models and practical deploy-
ments, demonstrating the necessity of safe and constrained self-modification. Early attempts
to bridge this gap computationally, such as the endeavor to implement Godel machines,
sought architectures where agents could mathematically prove the optimality of their own
code updates (Steunebrink & Schmidhuber, 2012). At the architecture level, Nivel et al.
proposed bounded recursive self-improvement, where reflective mechanisms and value-
driven scheduling support self-modification under designer-imposed constraints (Nivel
et al., 2013). In engineering, automated design has matured into Neural Architecture Search
(NAS), where controller learning proposes architectures that can directly optimize task
performance (Zoph & Le, 2017). Meanwhile, scalable algorithms such as self-play in rein-
forcement learning demonstrated how agents can generate increasingly difficult curricula
from their own behavior, thus achieving continuous capability growth without human
supervision (Silver et al., 2017b). Ultimately, these theoretical and engineering advances
have laid the foundation for modern agent systems centered on foundation models.

2.5 Scalable Foundation Models and Agentic Systems (2020s—Present)

The classical vision of autonomous agents—capable of perceiving, acting, and learning
in open-ended environments—found a scalable, modern substrate in foundation models
(FMs). Powered by the immense knowledge compressed during large-scale pretraining
and the flexibility of a unified natural-language interface, FMs function as the cognitive
engines of contemporary agentic systems. Crucially, the emergence of these systems fun-
damentally reshaped the paradigm of self-improvement, decoupling it into two distinct
but complementary mechanisms: rapid, training-free adaptation and persistent parameter
optimization.

Within this modern paradigm, the most immediate form of self-improvement occurs with-
out computationally expensive weight updates. Because scalable sequence models facilitate
broad generalization, agents can achieve rapid, training-free adaptation by dynamically
revising their plans, prompts, and memory representations on the fly. This short-horizon
self-improvement relies heavily on in-context learning, which effectively functions as a
form of meta-learning. Mechanistically, this adaptation is mediated by the attention mecha-
nism’s key-value cache, acting as an associative memory that generates transient, context-
dependent weight changes during sequence processing. This functional equivalence directly
connects modern in-context learning to the 1991 fast-weight programmers (formally identi-
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fied as unnormalized linear Transformers), in which networks similarly learned to induce
rapid parameter changes during inference without requiring standard gradient descent
(Schmidhuber, 1991a; 1992; 1993; Schlag et al., 2021).

Complementing this fast, in-context adaptation are slow improvement loops designed to
permanently internalize new capabilities. Reinforcement learning from human feedback
(RLHF) and its variants achieved this by converting interaction traces and preference signals
into persistent parameter updates (Ouyang et al., 2022). Parallel methodologies advanced
partially self-supervised alignment by enabling models to critique their own outputs and
provide Al feedback (Bai et al., 2022). Meanwhile, frameworks like Reasoning and Acting
(ReAct) and Reflexion build these loops on top of contextual execution, converting execution
errors into natural-language reflections (Yao et al., 2022; Shinn et al., 2023). Recent systems
pushed this further by maintaining skill libraries, curricula, and evaluation harnesses,
spanning open-ended embodied learning (Wang et al., 2023), software-engineering agents
with instrumented interfaces (Yang et al., 2024; Zhang et al., 2026d; Wang et al., 2026b), and
explicitly self-improving computer-use agents that iterate data, reward models, and policies
over generations (Xiao et al., 2025; Sun et al., 2025b). Overall, the modern era reframes
self-improvement as nested loops across parameters and scaffolding, renewing classical
questions about control, evaluation, and safety at scale.

3 Definitions

3.1 Formulation of Agentic Systems

We begin by clarifying the formal definition of an agent. The core of an autonomous agent
lies in perceiving its environment, updating its internal state, and performing actions to
achieve a specific goal. While such systems have driven decades of Al research, this survey
focuses exclusively on a contemporary class: foundation-model-based agents, which utilize
large foundation models as their central cognitive engines. Crucially, they leverage natural
language as a unified interface to integrate perception, reasoning, and tool manipulation.
Because a foundation model fundamentally operates as a stateless inference engine, achiev-
ing autonomy requires coupling this cognitive core with a persistent, interactive scaffold.
Therefore, we formally define the configuration of a foundation-model-based agent at time
step f as:

A = (6, Z), (1)

where 6; encapsulates the neural parameters of the foundation model, and X; denotes
the agent’s dynamic operational scaffold. The scaffold X specifies how the foundation
model is conditioned, grounded, and connected to the external world. Concretely, it can be
decomposed as

Zt = (ptr my, 7—tr gt)/ (2)

where p; denotes structured prompts or system instructions, m; denotes memory mecha-
nisms and their retrieval and update policies, 7; denotes the set of external tools together
with their invocation interfaces, and g; denotes additional control logic such as routing,
scheduling, or safety constraints. The interaction between these components and the model’s
internal parameters is illustrated in Figure 5, which provides a schematic overview of an
FM-based agent within our proposed formalism. Together, 6; and X; determine how the
agent reasons, plans, and acts.

During execution, to bridge this intrinsic configuration with the external environment,
the agent maintains an ephemeral execution state X; (e.g., key-value caches, intermediate
plans, or short-term working memory) that evolves as it processes an interaction stream. To
connect this structural definition to observable behavior, it is beneficial to clarify how the
agent’s configuration generates its action selection mechanism. Although the foundation
model parameters 6; implement a general generative distribution, the agent’s realized
behavior is jointly determined by both 6; and its operational scaffold . Accordingly, we
denote the induced policy of the agent based on the foundation model as:

n@tlzt(At | Xf)r 3)
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where A; denotes the action produced by the system at time step t. Here, the conditioning
on X; captures the transient context of the ongoing interaction. While X; may strongly
influence immediate behavior, it is inherently ephemeral. It is typically discarded or reset
once an immediate goal is reached or an external task boundary is crossed, and therefore
does not constitute part of the agent’s intrinsic architecture. In contrast, the parameters
(6t,X¢) represent the agent’s intrinsic configuration over time. While a standard agent may
adapt to novel situations by dynamically updating its transient state X; (e.g., in-context
examples), its underlying capabilities remain bounded by its fixed initial setup.
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Figure 5: Schematic of an FM-based agent under our formalism.

3.2 Formal Definition of Self-Improvement

Building upon the formal configuration A; = (6;, %), we formalize self-improvement in
foundation-model-based agents (SI-FMA) as a process of persistent, endogenous adaptation.
Rooted in the foundational principles of explicitly self-referential meta-learning (Schmidhu-
ber, 1987; 1993; Schmidhuber et al., 1997), a self-improving agent actively leverages signals
induced by its own execution—such as interaction outcomes, critiques, verification results,
or proposed edits—to durably modify its underlying computational components.

Self-improvement as a self-induced operator. We conceptualize self-improvement
through a self-induced operator U that updates the agent’s intrinsic configuration. Let
7, x, denote the agent’s induced policy. We formalize this process by factorizing the
self-improvement step into an execution phase and an update phase:

Aia = U( A, €(70,5,:20,C1) ), @

where £ denotes an agent-executed procedure that produces a learning signal (e.g., interaction
trajectories, reflections, critiques, or proposed edits) by running the induced policy against a
task context C¢ (e.g., a task distribution, a user interaction stream, or a self-play environment).
The scaffold X is included as an explicit argument to £ to permit direct self-inspection (e.g.,
critiquing prompt templates or auditing tool configurations).

The system-level update rule ¢/ then applies this self-generated signal to modify the agent’s
intrinsic components (6 or X). Unlike the routine evolution of the transient state X; (e.g.,
merely accumulating dialogue history or working memory), the operator ¢/ commits durable
changes. Crucially, in line with lifelong meta-learning principles, while these updates are
not strictly irreversible and may be undone, they allow the agent to consolidate successful
strategies into an increasingly stable policy over its interaction stream (Schmidhuber, 1994;
1995; Wiering & Schmidhuber, 1996; Schmidhuber et al., 1996).

Two modes of self-reference in SI-FMA. SI-FMA may be self-referential in multiple,
qualitatively distinct senses. In the first mode, the agent’s policy is executed to indirectly
induce improvement by generating experience or auxiliary artifacts that serve as learning
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signals. Self-generated trajectories, evaluations, preferences, or synthetic labels give rise
to a learning objective that is subsequently consumed by an update rule, such as an ex-
ternal optimization procedure acting on the foundation model parameters ;. This mode
realizes self-improvement at the distributional level: the agent’s behavior shapes the data
and supervision that determine its future parameters.

In the second mode, the agent’s policy is executed to directly implement improvements by
modifying components of its own operational definition. Through its actions, the agent may
edit prompt templates, manage or reorganize memory, reconfigure tool interfaces, or alter
control logic, thereby explicitly updating the scaffolding ¥; that governs future execution.
In this case, self-improvement is realized through direct, action-level self-modification.

These two modes correspond to distinct but complementary paradigms. Foundation model
improvement realizes self-improvement through self-induced learning in parameter space,
whereas scaffolding improvement realizes self-improvement through direct self-modification
in execution space. Together, they capture the principal mechanisms by which FM-based
agents may alter themselves over time.

Foundation model improvement. In foundation model improvement, self-improvement
targets the parameters of the underlying foundation model while holding the agent-level
scaffolding fixed. Starting from an induced policy 7y, 5, the agent is repeatedly executed in
the environment, generating self-induced experience through its own interaction trajectories.

We abstract this process by a self-induced update operator that maps the agent’s current
configuration to an updated set of model parameters:

0111 = Ug (01, E(119,5,:26,Ct)),  Tpp1 = X, 5)

where C; is the task or deployment context defined above, £ denotes the execution of
the agent under its induced policy in C;, producing learning signals such as rewards,
preference comparisons, synthetic labels, critiques, or verification outcomes, and Uy denotes
a parameter-learning procedure that updates the foundation model parameters based on
these signals.

Importantly, while the construction of these learning signals may involve rule-based eval-
uators, learned reward models, or auxiliary model invocations, the underlying data dis-
tribution is induced by the agent’s own policy. The operator U{y may instantiate policy-
gradient methods, offline or online reinforcement learning, preference optimization, or
other parameter-learning algorithms. Foundation model improvement typically operates on
longer time scales, incurs substantial computational cost, and leads to stable, global changes
in the agent’s internal representations, generalization behavior, and capabilities.

Scaffolding improvement. In scaffolding improvement, self-improvement targets the agent-
level structures surrounding the foundation model while keeping the model parameters 0
fixed. The scaffolding Xy governs how histories are converted into the conditioning context
for the foundation model, how tool calls are specified and executed, how memory is stored
and retrieved, and more generally how token sequences are constrained such that they
correspond to valid, executable actions. Through these mechanisms, X shapes the agent’s
effective observation and action semantics, as well as the construction and evolution of the
agent state X; during execution.

Formally, scaffolding improvement can be expressed as a self-induced update in which an
agent-executed procedure produces a meta-level signal that is then applied as an intrinsic
update:

Y1 = Us (let/ E (g, x5 Xt Ct)>, Or11 = 0, (6)

where £ denotes the execution of the agent (possibly under a meta-objective) to generate
update-relevant artifacts, such as proposed prompt edits, memory reorganizations, tool-
interface changes, or new control routines, and Uy, denotes the system-level mechanism that
commits these artifacts as structural scaffolding updates. Unlike the transient evolution of
X;, the update above is intended to endure beyond individual task boundaries.
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These updates modify the induced policy 71y 5, by reshaping (i) the conditioning context
supplied to the foundation model, (ii) the effective action space via admissibility constraints
and tool schemas, and (iii) the execution semantics by which token sequences are parsed
and grounded into environment actions. Compared to foundation model improvement,
scaffolding improvement is typically faster, more reversible, and more context-dependent,
yet it can produce substantial changes in the agent’s effective behavior and problem-solving
strategies.

Skill as a reusable update. The two modes of self-reference above realize self-
improvement either indirectly, through self-generated signals that an update rule con-
solidates into the parameters 6, or directly, through actions that edit the scaffold ¥; a skill
cuts across this distinction. We model a skill as a reusable instance of the self-induced
update operator I/: a named update to the agent’s own configuration A; that it retains and
reuses. Acquiring a skill serializes this update into one of 4;’s substrates: a tool and its
calling convention (7), an instruction or workflow (p), a memory entry (), consolidated
weights (0), or control logic (g). The skill’s identity is the update it encodes; the substrate
only names where it is stored. This is what makes “skill” orthogonal to the substrate axis of
our taxonomy. A skill library is then a structured store of, and retrieval policy over, these
serialized updates; the same store-and-retrieve structure recurs across substrates, which is
why it surfaces in both tool routing and memory organization.

Reusability takes two forms. A skill may be invoked repeatedly, as a retained routine called
many times across tasks, or applied once in the manner of an installer: a single update
whose value lies in the persistent change it leaves behind, but which remains a portable
artifact, reusable across agents and sessions. Either way, a skill is a first-class, serialized
operator, in contrast to an ad hoc one-off action that leaves no retained trace.

We further distinguish two scopes according to what an invoked skill acts on. An object-
level skill acts on the task or world state: invoking it runs a (typically multi-step) routine
through the execution operator £ to carry out a sub-task (e.g., a learned collect-wood
routine), the agentic analog of a temporally extended option in hierarchical reinforcement
learning (Sutton et al., 1999; Bacon et al., 2017). Here the U step lies in acquisition, which
writes the routine into its substrate (e.g., 7), not in invocation. A meta-level skill instead
acts on the agent’s own configuration .A;: invoking it edits a component of X; or triggers a
parameter update (e.g., writing a new tool, refactoring a prompt, consolidating experience
into memory, or patching one’s own scaffold). The installer-like skills above are inherently
meta-level. For self-improvement, the meta-level scope is the central one. Because a meta-
level skill both acts on .4; and is itself serialized back into A;, the operator can become part
of its own operand. Once such a skill is in turn improved, we recover the self-referential
loop in which the improver evolves together with the system it improves (Schmidhuber,
1987; 1993; 2003b).

Later sections describe how skills are serialized in recent works: as tools (Section 6.3), as
memory workflows (Section 6.2); the application sections illustrate how acquired skills are
invoked and reused across tasks.

3.3 Connections to Related Learning Paradigms

Because the SI-FMA paradigm is deeply rooted in established learning paradigms, examin-
ing it through the lens of these foundational theories offers critical insights. We map SI-FMA
onto classical frameworks to clarify where self-improving FM-based agents inherit existing
assumptions, where they recombine familiar mechanisms, and where agent architecture
makes these mechanisms operationally distinct in practice.

Relation to Reinforcement Learning (RL). Classical reinforcement learning provides a
natural reference frame for SI-FMA: it formalizes how an agent improves its policy through
interaction, and recent work on Agentic RL (Zhang et al., 2026a) extends this view to
foundation-model-based agents. Mapping SI-FMA onto this frame clarifies which channels
of self-improvement inherit standard RL machinery and which lie outside its formulation.
Specifically, updates to 6 correspond to standard policy optimization under a fixed decision
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process, whereas updates to X lie outside the standard RL formulation, reshaping the
decision process in which the policy operates.

e Parameter updates (). When improvement targets the foundation model pa-
rameters using interaction trajectories, the process aligns with standard policy
optimization. The foundation model acts as a large-scale policy network 7y, and
techniques such as RLHF (Christiano et al., 2017; Ouyang et al., 2022) or self-play
optimize 71y via algorithms like Proximal Policy Optimization (PPO) (Schulman
et al., 2017) or Direct Preference Optimization (DPO) (Rafailov et al., 2023).

¢ Scaffolding updates (X). When improvement targets the scaffolding, the agent per-
forms a form of structural meta-learning that has no direct counterpart in classical
RL. First, whereas classical RL assumes a fixed action space and state representation,
updating X (e.g., adding tools or modifying memory) dynamically alters the effec-
tive state-action space and the observation processing logic, thereby reshaping the
underlying Markov decision process (MDP) itself. Second, the optimization target
itself differs in kind: ¥ comprises discrete, structured artifacts such as prompts,
memory entries, and routing rules, which are typically updated through search, gen-
eration, or symbolic edits rather than gradient descent, and which remain explicit
and inspectable rather than absorbed into network weights.

SI-FMA also departs from classical RL along a second axis: the source of the learning signal.
While classical RL relies on external scalar rewards, self-improving agents increasingly
utilize self-generated supervision, where the agent acts as its own critic to synthesize
feedback signals from its own trajectories, judgments, or verifier modules.

Relation to Online Learning. Online learning (Littlestone, 1988; Hoi et al., 2021) studies
sequential decision or prediction under a data stream (Qi et al., 2025), where the learner
updates each round and performance is assessed through cumulative loss or regret. SI-IFMA
intersects with this view when an agent is updated repeatedly during deployment and
evaluation tracks an improvement trajectory rather than a single endpoint, though it is
not restricted to the online setting—many self-improvement pipelines operate in batched
or offline regimes. Where the paradigms meet, the two channels relate to online learning
asymmetrically: 6 updates recover the classical view of updating a hypothesis under a non-
stationary stream, whereas X updates enact a system-level analogue that shifts adaptation
to explicit, inspectable components.

e Parameter updates (6). These inherit the standard stability challenges of online
learning, including distribution shift and catastrophic forgetting. Systems mitigate
these risks through controlled update operators such as replay or rehearsal (Robins,
1995), regularization (Kirkpatrick et al., 2017; Ramesh et al., 2026), parameter-
efficient tuning (Hu et al., 2022), and explicit versioning with rollback.

¢ Scaffolding updates (X). These provide a channel for rapid adaptation through
prompting policies, memory read-write rules, tool routing, and orchestration logic.
Externalizing adaptation in this way improves transparency and control, but does
not eliminate forgetting and introduces its own failure modes such as memory
poisoning, drift in tool semantics, and brittle template dependence.

Relation to Active Learning. Active learning studies how a learner selects queries under
a labeling budget to maximize information gain, typically by requesting labels from an
external oracle (Ren et al., 2021). SI-FMA intersects with this view when an agent actively
controls its data-acquisition process—for example, by targeting frequent failure modes,
seeking environments that maximize verifier disagreement, or explicitly requesting human
feedback. However, because modern agents often rely on self-generated verification or cri-
tiques rather than oracle labels, this behavior transcends standard active learning. It connects
SI-FMA directly to classical artificial-curiosity frameworks, in which systems are explic-
itly designed to actively construct experiments that maximize learning progress, Bayesian
surprise, or compression progress (Schmidhuber, 1991c; Storck et al., 1995; Schmidhuber,
2006b; 2010; Herrmann & Schmidhuber, 2026). This perspective places self-improvement
within a broader family of curiosity-driven exploration mechanisms, emphasizing that the
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key design choices are the query policy, the intrinsic objective, and the trustworthiness of
the resulting feedback.

4 A Taxonomy of Existing Approaches

Building on the definitions introduced in Section 3, we now introduce a taxonomy to
organize existing approaches to self-improvement in FM-based agents. This section serves
as a methodological classification that provides a common reference frame for comparing a
rapidly growing and heterogeneous literature. In the remainder of this section, we use
IMPROVEWget( -;St) to denote an abstract self-improvement procedure in the sense of SI-
FMA. Here S; denotes an update signal produced through the agent’s own execution (the
operator £ in Section 3), such as interaction trajectories, critiques, preferences, or other
self-generated artifacts. This notation organizes existing approaches first by the target of
modification, separating foundation-model updates from scaffolding updates. Within each
target, approaches are further distinguished by the form of the self-induced learning signal
that drives the update. For scaffolding improvement, we additionally group methods by
the scaffold component being modified, such as prompts, memory, tools, or full scaffolding.

4.1 Foundation Model Improvement

Foundation model improvement targets the parameters of the underlying foundation model
while leaving the agent-level scaffold unchanged:

6¢+1 = IMPROVEg(01.1; St), T = Lt ()

In this paradigm, the agent’s own execution under its induced policy 7y, », generates
learning signals that are subsequently consumed by a parameter-update procedure. By
committing the update directly into 6;, the agent internalizes the learned capabilities. This
allows the adaptation cost to be amortized across future interactions, though such parametric
updates typically operate on longer time scales and incur higher computational overhead.
01+ denotes the parameter history, enabling validation and rollback (e.g., reverting to a prior
checkpoint) when a proposed update degrades performance or violates constraints.

Classification by signal form. As detailed in Section 5, we further categorize foundation
model improvement according to the form of the self-induced signal S;:

¢ Intrinsic Generative Demonstrations (primary update signal: D;): the agent syn-
thesizes explicit training instances (e.g., demonstrations or augmented datasets)
that are used for supervised-style learning (Wang et al., 2022; Lu et al., 2024b; Zhao
et al., 2024b; Shi et al., 2025a).

¢ Intrinsic Evaluative Feedback (primary update signal: ¢;): the agent constructs
supervisory signals such as scalar rewards, preference pairs, or critiques to guide
optimization and alignment (Gong et al., 2026; Huang et al., 2025¢; Bai et al., 2022;
Bensal et al., 2025; Zhang et al., 2025c).

* Extrinsic Exploratory Experience (primary update signal: 7;): the agent learns from
interaction trajectories and environment-grounded outcomes produced during
execution (Wei et al., 2025a; Dong et al., 2025; Da et al., 2025; Sun et al., 2025b).

4.2 Scaffolding Improvement
Scaffolding improvement targets the agent’s operational scaffold while keeping the founda-
tion model parameters fixed:

Y41 = IMPROVER (X1, St), 041 = 0. (8)

Here, IMPROVE commits structural changes into X; = (pt, my, T;, §t), thereby reshaping
how the frozen model is conditioned, grounded, and constrained during all subsequent
executions. This paradigm typically yields fast, reversible, and task-specific adaptation
without the risks of catastrophic forgetting.
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Classification by scaffold component. Crucially, each of the following modifications
represents a structural update to the agent’s intrinsic configuration, distinguishing it from
transient shifts in working memory. As detailed in Section 6, we further decompose scaf-
folding improvement according to which component of X is targeted:

¢ Prompt Optimization (p; — p;1): edits to structured prompts or in-context ex-
emplars, p;1 = IMPROVEp(pl:t; St) (Yuksekgonul et al., 2024; Guo et al., 2024;
Fernando et al., 2024; Zhou et al., 2022).

* Memory Evolution (m; — m;1): updates to how experience is stored, consolidated,
and retrieved, m; 1 = IMPROVE,, (m1.; S¢) (Chhikara et al., 2025; Wang et al., 2025j;
Zhang et al., 2025e; Zhong et al., 2024).

¢ Tool Governance (7; — 7;;1): refinement or expansion of the agent’s action space
through tool creation or selection, 741 = IMPROVEs (71.;St) (Haque et al., 2025;
Wang et al., 2025f; Dong et al., 2025; Zhang et al., 2025j).

* Full Scaffolding Update (X; — X;11): holistic reconfiguration of the agent’s opera-
tional architecture, X; 1 = IMPROVEyx(X1.; S;) (Hu et al., 2025; Zhang et al., 2026d;
Novikov et al., 2025; Xia et al., 2025).

5 Foundation Model Improvement

_Foundatlon_mOdel_b'ased self- Algorithm 1: Foundation-Model Improvement
lmprovement constitutes one of the Input :Initial agent state Ay = (6, £); maximum iterations T
most direct pathways for enhancing Output:Improved agent Ay = (0r,%)
an agent’s intrinsic capabilities. This :forf< OteT-1do N
, 2 // 1) Construct or collect learning signal S

approach targets the agent’s core, namely ; | s, <o
the parameter set 91‘ of its underlying a | if subcategory includes intrinsic generative demonstrations then

5
FM/ and Updates these parameters to 6 | if subcategory includes intrinsic evaluative feedback then

7

8

9

| St < 8t U GENERATEDEMONSTRATIONS(A¢) ; // §5.1
internalize new behaviors and reasoning LS[ < S/ U GENERATEEVALUATIVEFEEDBACK (\A;) ; // 85.2
patterns (Wang et al., 2022; Bai et al., 2022; ifgf"f“g% gé’i‘fg; i’ﬁ;’gg;é’f\]”gg{z i"(v”)ef"e”“ them 1) 553
Shafayat et al., 2025; Bensal et al., 2025; . | ;7 opciona1: quality control / weishting of signals '
Dong et al., 2025; Wang et al., 2025i; Zhou = | S < FILTERORWEIGHT(S:)
et al., 2025b). Such updates are typically §f+12LP%;a§i§Z?gffd§f)e
achieved through gradient-based opti- » | // 3) state update
mization, resulting in stable changes to . éggggiggﬁlm ) then
the model weights. In this sense, the » | | break
FM is treated as a continually learnable = return A7
system that stores improvements in its
parametric memory, rather than relying solely on transient execution states. Because the
model parameters compress the agent’s learned representations and behavioral priors,
updating them allows the agent to fundamentally refine its policy, reduce systematic errors,
and improve alignment with target objectives. In practice, the agent effectively serves as its
own source of supervision: it uses its own execution to generate training signals—such as
demonstrations, evaluations, or interaction trajectories—and applies learning algorithms to

these self-induced signals to systematically improve its capabilities over successive updates.

To systematically analyze FM-based self-improvement, we classify existing methods by the
nature of how the learning signal S; is used to update the foundation-model parameters
under our formalism. Consistent with the history-aware operator in Section 3, we write the
transition as A;, 1 = IMPROVE(A1;; S;) with 6;,1 = IMPROVEy(0y.4; S;) and Ly, = X4,
allowing validation and rollback to prior checkpoints when necessary. This taxonomy yields
three principal subcategories: (i) Intrinsic generative demonstrations (§5.1), where the
learning signal is instantiated as S; ~ D;: the FM-based agent generates explicit examples,
demonstrations, or task—solution pairs that are used for parameter updates. (ii) Intrinsic
evaluative feedback (§5.2), where the learning signal is instantiated as &; =~ e;: the FM-
based agent or an internal evaluator judges candidate behavior through scores, preferences,
confidence estimates, consistency signals, critiques, or revisions, which are then used to up-
date the foundation model. (iii) Extrinsic exploratory experience (§5.3), where the learning
signal is instantiated as S; ~ 7;: the agent collects trajectories, rewards, observations, or
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executable outcomes through interaction with external or simulated environments. These
subcategories are not mutually exclusive in deployed systems. Many practical pipelines
mix intrinsic demonstrations, intrinsic evaluations, and exploratory experience within a
single improvement cycle; for clarity, we categorize methods by the dominant signal source
and objective used in their update operator. Algorithm 1 summarizes the generic update
loop of foundation-model improvement under self-generated learning signals.

Source Action Signals Source Action Signals Source Action Signals
e *;2
Py ~ L] LI N |
S ees, | == @) 7 2 ) ! ]
| O > SR - &L @> ---------- > i i
— —
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) Demonstrations | (responses) Feedback (real env. /wim) (trajectories)
Model 4 i Model # i Model % |
Update | . i Update } i Update | i
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Quality Filter Feedback Aggregation Trajectory Processing
(a) Intrinsic Generative Demonstrations (b) Intrinsic Evaluative Feedback (c) Extrinsic Exploratory Experience

Figure 6: Overview of foundation model improvement under agent-induced learning
signals. The agent improves the foundation model by generating intrinsic demonstrations,
producing intrinsic evaluative feedback, or collecting extrinsic exploratory experience, each
forming a distinct parameter-update loop.

5.1 Intrinsic Generative Demonstrations

The remarkable capabilities of modern foundation models are fundamentally driven by
their massive parameter scales, which inherently demand vast quantities of high-quality
training data to continuously optimize and align (Zhao et al., 2024b; Gan & Liu, 2025). The
methods in this category fall into the group of internal generative processes, where FMs act
simultaneously as the cognitive learner and the data synthesizer (Zhao et al., 2024b; Zweiger
et al., 2025). Leveraging the semantic priors already compressed within their weights, FM-
based agents can autonomously construct intrinsic generative demonstrations in forms such
as instruction-response pairs, reasoning trajectories, and execution logs, without requiring
new external observations (Zhao et al., 2024b; Shi et al., 2025a; Simonds & Yoshiyama,
2025). By casting the agent as its own data provider, this paradigm shifts the bottleneck
of parameter updates from the costly acquisition of human annotations to the design of
effective generation strategies and internal filtering mechanisms (Qin et al., 2025).

Formally, as illustrated in Fig. 6 (a), under foundation-model improvement we treat these
intrinsic generative demonstrations as the learning signal, i.e., S; = D;. At iteration ¢, the
agent state A; = (6, Xt) induces a generative distribution Pgen(x, y | A;) and samples an

intrinsic dataset

Dtgen = {(xir]/i>}:‘11 ~ Pgen(' | Ap). )
Optionally, a quality-control operator ®; filters or weights examples (Jiang et al., 2025) to
yield D" = @ (DE™). The effective training set (and hence the learning signal) is then
Dy = DPase Y D, where D¢ denotes any existing data.
The parameter update can be written compactly as 6.1 = IMPROVEy(6q.; D), where
IMPROVEy denotes the outcome of optimizing an empirical objective on D; (typically initial-

ized at the current active checkpoint 6;). We write this objective as £(6; D;), with Q(6, 6p)
an optional regularizer around an initialization 6y and A > 0 its coefficient:

011 = argmein L(6;Dy) + A Q(06,6)). (10)

In practice, IMPROVEy is implemented via iterative fine-tuning with a gradient-based op-

timizer. Let Gt(o) = 6, and let Bt(k) denote a minibatch drawn from D; according to the
weighting induced by ®;. Using step size 7 at inner step k and the gradient operator V
with respectto , fork =0,...,K; — 1,

0t — o) — . vec(6; BY), 1)
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and the outer-loop update is 6;1 = Qt(K‘). To systematically explore this approach, we

consider three key aspects: the strategy used to generate these intrinsic demonstrations, the
format of the generated data, and the challenges that arise in closing the self-improvement
loop.

Generation strategies. The strategy of data generation is a critical factor for the quality
and scalability of a self-improvement loop. The underlying techniques start with a small
set of example seeds and then build a larger instruction-output pair corpus.(Wang et al.,
2022; Zhao et al., 2024b). Methods such as Evol-Instruct (Xu et al., 2024a) go beyond
simple volume expansion. They drive complexity evolution by using LLM to rewrite
instructions and gradually increase the difficulty of the instructions, thereby overcoming
the limitations of humans in building highly complex scenes. To improve data quality, more
sophisticated methods have added a refining or filtering stage. Huang et al. (2023) employs
self-consistency to filter high-confidence inference paths, while Singh et al. (2024) uses
external verifiers like unit tests to select only correct solutions from the model’s attempts. In
addition to bootstrapping and filtering, some approaches conceptualize data generation as
a form of curriculum learning. Simonds & Yoshiyama (2025) create a learning curriculum
by recursively decomposing complex problems into simpler sub-problems, and Qin et al.
(2025) explicitly introduce mechanisms to expand the sample pool to counteract the risk of
diminished output diversity over time. More recently, Test-Time Self-Improvement (TT-SI)
(Acikgoz et al., 2025) shifts the paradigm from massive offline generation to highly sample-
efficient, on-the-fly adaptation. By detecting weak cases at inference time via uncertainty
estimation, the agent self-generates targeted training examples for its specific blind spots
and performs targeted low-rank adaptation (LoRA) fine-tuning; this yields immediate,
per-instance improvements with a fraction of the data cost.

Each of these strategies has distinct strengths and failure modes. For example, self-
consistency filtering rests on the assumption that correct reasoning tends to be self-agreeing.
It can break down when the model is confidently wrong, because repeated reasoning may
repeatedly converge to the same incorrect conclusion (Chen et al., 2023; Hamidieh et al.,
2026). Curriculum-based generation can significantly improve learning performance for
complex tasks, but it becomes vulnerable when the chosen decomposition method is flawed
or ignores necessary contextual information. For example, this can occur when the sub-
problems are constructed in a way that no longer preserves the constraints of the original
task (Zhou et al., 2023; Xu et al., 2024a). Interactive refinement also depends on the model’s
ability to detect and correct its own errors. When certain types of errors are beyond the
model’s perception range, the improvement process may exacerbate these errors rather than
eliminate them (Shinn et al., 2023; Huang et al., 2024a). Therefore, choosing an appropriate
generative strategy requires matching the method to the model’s current capabilities while
avoiding mechanisms that focus on or amplify existing blind spots in the model.

Data formats. These intrinsic demonstrations take various forms, ranging from simple
input-output pairs to complex, structured artifacts designed to supervise specific cognitive
abilities. Basic forms include simple instruction-response pairs, often with explicit reason-
ing traces added (e.g., chain-of-thought explanations) to make the model’s intermediate
reasoning steps transparent and trainable (Huang et al., 2023). However, in scenarios involv-
ing multi-step decision-making or tool usage, agents often struggle with long-term tasks
because suboptimal behaviors accumulate, eventually causing them to deviate from the
correct path. To address this issue, the generated data should capture structured trajectories,
rather than the final result. For example, tool application programming interface (API)
calls or code execution sequences, combined with intermediate environment feedback and
validation labels (Shi et al., 2025a; Singh et al., 2024), can provide fine-grained supervision,
teaching agents how to handle dependencies and recover from errors.

This inherent generative paradigm also extends to multimodal scenarios, where agents
synthesize training samples, combining visual inputs such as images or videos with textual
descriptions and reasoning to improve performance on tasks including visual reasoning
(Zhang et al., 2025k). At a higher level of abstraction, these demonstrations can take the
form of metacognitive artifacts. For example, decomposed problem trees (Simonds &
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Yoshiyama, 2025) and self-editing instructions (Zweiger et al., 2025), both of which can
support complex planning and self-modification. More generally, the choice of data format
should be consistent with the target capability, as different formats encode different types
of supervisory information. Inference trajectories are suited for logical reasoning, code
combined with tests is well-suited for programming, and structured action logs provide
supervision for tool usage.

Challenges and safeguards. This intrinsic generative paradigm still faces considerable
challenges despite its success. First, recursively training the model on the generated corpus
introduces the risk of model collapse and forgetting (Shumailov et al., 2024b;a). If the model
generates defective, biased, or erroneous samples, it will internalize these errors during
fine-tuning, creating a negative feedback loop that degrades model performance (Zhao et al.,
2024b; Wang et al., 2022). Insufficient diversity in generated demonstrations also narrows
the solution space and leads to pattern collapse during iterations. In fact, agents may get
trapped in knowledge bubbles and repeatedly generate data, which reinforces their existing
biases and traits instead of generating genuine new capabilities (Wu et al., 2025¢; Yuan et al.,
2025).

To make these inherent generation loops more stable and reliable, several safeguards have
been proposed. A simple and effective safeguard is to retain artificially generated bench-
mark data and accumulate generated demonstration data on top of it, which can prevent
collapse under repeated training (Gerstgrasser et al., 2024). Another work strengthens
quality control by using more robust checkers to verify generated samples. These checkers
include external validators specifically designed for model-generated content (Yi et al., 2026)
and formal systems for inference verification, such as theorem provers (Leang et al., 2025).
Complementary data-centric safeguards focus on selecting and filtering the training corpus
to remove low-quality or harmful examples. To address diversity loss and pattern collapse,
diversity-aware pooling expansion and selection mechanisms have been shown to maintain
exploratory nature during the iterative process (Qin et al., 2025). Furthermore, shifting
from large-scale offline generation to proactive, uncertainty-driven generation during test-
ing naturally mitigates the accumulation of redundant data by focusing computational
resources only on out-of-distribution or challenging samples (Acikgoz et al., 2025). Finally,
because automated evaluators and validation processes can be unreliable or drift over time,
recent research emphasizes human auditing and human-computer interaction to improve
evaluation criteria as practical safeguards (Dietz et al., 2025; Do et al., 2025).

5.2 Intrinsic Evaluative Feedback

Just as massive parameter scales demand vast quantities of demonstration data, aligning
and refining these capabilities requires high-quality supervisory signals. The bottleneck
in traditional supervisory signal acquisition lies in the high cost of manually labeled pref-
erences and human evaluation. To overcome this limitation, the methods in this category
drive a paradigm shift by reframing the acquisition of supervision as an internal evaluative
process. In this regime, FMs act not only as the output generator and the self-evaluator,
but ultimately as the cognitive learner that internalizes its own judgments. Leveraging
their language-native capabilities to follow rubrics, compare alternatives, and articulate
reasoning, FM-based agents can autonomously produce intrinsic evaluative feedback, such as
scalar scores, preference pairs, consistency signals, and natural language critiques, without
requiring new environment interaction. Unlike intrinsic generative demonstrations (Sec-
tion 5.1) that provide examples, or extrinsic exploratory experience (Section 5.3) derived
from environment-grounded outcomes, the dominant learning signal here is the agent’s
endogenous judgment of its own candidate behaviors. By treating the agent as a critic
of itself, this paradigm shifts the bottleneck of parameter updates to the design of robust
internal evaluation rubrics and critique mechanisms.

Formally, let A; = (6;, %) denote the current agent configuration. Given an input or task
context x, the agent samples a set of candidate outputs

i) =Yy~ s (] ), (12)
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An intrinsic evaluator ¢;, which may be implemented by the current model, an auxiliary
judge model, a learned reward model, or a fixed scaffolded critique procedure, maps the
task, candidates, and evaluation criteria x; into an evaluative signal:

er = Pr(x, Ve(x); k). (13)
Here, ¢; is the source of feedback rather than the target of the update in this subsection.
When an auxiliary evaluator is itself trained, we treat it as part of the feedback-construction
pipeline; the method is classified here because the resulting evaluative signal is used to
update the foundation model. The signal ¢; may instantiate a scalar reward r¢, a preference
relation y* > y~, a confidence or uncertainty score, a textual critique ¢, or a refined
target y;. Under foundation-model improvement, this feedback becomes the update signal,
St = ¢;, and the parameter update is written as

0,1 = IMPROVEg(01.4;¢t), Y1 = Xy (14)

Depending on the form of ¢;, the update may be implemented through reinforcement
learning, preference optimization, reward-model training, critique-conditioned fine-tuning,
or supervised fine-tuning on revised outputs.

Rubric feedback. A first family of methods derives evaluative feedback by asking a model
to judge candidate outputs against explicit criteria. The criteria may be task instructions,
grading rubrics, safety principles, constitutional rules, or domain-specific preferences. In
this setting, the evaluation standard «; serves as the context for judgment: candidate outputs
are scored, ranked, or compared according to how well they satisfy the stated criteria. The
evaluator may also produce a brief rationale for its judgment, but the primary learning
signal is the score, ranking, or preference relation rather than an open-ended revision.

Constitutional Al is a representative early example of this pattern. Instead of relying only on
direct human preference labels, the model critiques and ranks outputs according to a set of
written principles, producing Al feedback that can be used to train a preference model and
subsequently optimize the policy through reinforcement learning (Bai et al., 2022). Recent
self-improvement methods extend this judge-based loop more directly into parameter-
updating systems. Meta-Rewarding trains a model to act, judge its own responses, and
further evaluate its own judgments, turning both judgments and meta-judgments into
preference pairs for iterative alignment improvement (Wu et al., 2025b). Simonds et al. (2025)
show that LLM judges can provide reward signals without reference solutions, enabling
reinforcement learning from model-generated judgments in reasoning domains where
programmatic rewards are difficult to specify. Self-Evolved Reward Learning further studies
a learned reward model that labels additional data for its own improvement and supports
reinforcement learning from self-feedback (Huang et al., 2025a). Together, these methods
illustrate how explicit principles, rubrics, or judge prompts can transform natural-language
evaluation standards into scalable supervision for foundation-model improvement. The
main advantage is flexibility, since the same model-based evaluator can be conditioned
to assess helpfulness, harmlessness, factuality, reasoning quality, or format compliance.
The main limitation is reliability, since ambiguous criteria or biased judges may reward
superficial compliance rather than genuine improvement.

Consistency feedback. A second family of methods exploits the stochastic behavior
of foundation models to derive feedback signals for self-improvement. When ground-
truth labels or reliable external verifiers are unavailable, the agent can generate multiple
candidate solutions for the same task and use agreement among them as an intrinsic
signal. The underlying assumption is not that consistency guarantees correctness, but
that agreement, entropy, or self-certainty can provide a useful weak signal for ranking or
weighting candidates.

Concretely, the agent samples )V (x) = {ygl), ey ng)} and applies an aggregation operator
C to produce a confidence or reward-like signal:

ey = C(yt(x)) (15)

For example, majority voting can identify a consensus answer, predictive entropy can be
used as a confidence score, and agreement among independent reasoning paths can be used

22



to construct preference or reward signals. TTRL (Zuo et al., 2025) uses majority voting over
multiple generated answers at test time to produce reward signals for reinforcement learning.
SRT (Shafayat et al., 2025) similarly investigates whether self-consistency can support
self-improvement without ground-truth labels. EMPO (Zhang et al., 2025h) encourages
reasoning behavior through entropy-based signals, while INTUITOR (Zhao et al., 2025c)
uses self-certainty as an intrinsic reward. In these methods, the agent does not primarily
learn from newly generated demonstrations; rather, it learns from evaluative structure
extracted from its own distribution over answers.

The strength of this family is that it can be applied broadly, including in domains where
labels are expensive and formal verification is unavailable. However, consistency is only a
proxy for correctness. If a model is systematically biased or confidently wrong, repeated
sampling may amplify the same error. Confidence-derived feedback also depends on
calibration: a model’s expressed certainty may not align with actual correctness. These issues
make consistency-based self-improvement methods, while useful, quite fragile, especially
when model errors are correlated across different samples. (Tan et al., 2025a; Feng et al.,
2025; Till et al., 2025; Hamidieh et al., 2026).

Corrective feedback. A third family of methods treats natural-language critique or mod-
ification itself as the core evaluation outcome. Unlike rubric-based judging (whose main
output is a score or preference under a stated criterion), error-correcting feedback methods
require the model to identify specific flaws in candidate outputs and propose modifications.
Therefore, this feedback is corrective, not merely comparative.

Let R denote a critique-and-revision operator. Given a candidate output y;, the agent
produces
et = R(x, y1), (16)

where ¢; is composed of ¢; and v}, ¢ is a critique and y;} is a revised output. The pair (y, y;)
can instantiate a preference signal y; > v, while the critique ¢; can be used as explanatory
supervision or as a natural-language training signal. “ReST meets react” (Aksitov et al.,
2024) combines agentic reasoning and self-training to improve multi-step problem solving.
SELF (Lu et al., 2024b) uses language feedback to iteratively refine generated answers,
transforming model-produced critiques and revisions into signals for self-improvement.
RISE (Qu et al., 2024) uses interaction-based recursive self-reflection and fine-tunes based on
improved predictions. Reflect, Retry, Reward (Bensal et al., 2025) follows a similar loop in
which the model reflects on failures, retries the task, and uses the resulting feedback to guide
reinforcement learning. The AlphaAlIM approach (Tian et al., 2024) further integrates search
and critique, using model-generated evaluations during the search process to construct
stronger training signals. These methods exploit the ability of foundation models to provide
semantic, actionable, and informative feedback that is richer than simple scalar rewards. A
critique can identify missing constraints, unsupported claims, incorrect reasoning steps, or
unsafe implications, thus providing a richer signal for parameter updates. This flexibility
also introduces failure modes since the model may produce plausible but incorrect critiques,
or learn to satisfy the surface form of the critique rather than its underlying goals. There-
fore, critique-based feedback is more reliable for parameter-level self-improvement when
combined with safeguards such as comparing the original and modified outputs, filtering
low-quality critiques, using heterogeneous critique models, or combining internal critiques
with external validation when available.

Trade-offs and safeguards. The advantage of intrinsic evaluation feedback lies in reduc-
ing reliance on human annotation and converting the agent’s own output into a learning
signal that can be directly used by the parameter update algorithm. Its main risk is that the
evaluator is often tightly coupled with the policy to be improved, so this loop may reinforce
common blind spots, reward outputs that conform to the model’s existing preferences, over-
fit superficial evaluation criteria, or become biased with repeated use and reinterpretation of
the evaluation criteria. Signals based on confidence and consistency increase vulnerability
when the model is poorly calibrated or when there are correlations between its samples.
Therefore, reliable use of this paradigm requires safeguards such as separating the generator
and evaluator at different checkpoints or model families, maintaining external anchors by
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retaining human annotations or context-based validation, treating disagreements between
evaluators as signals of uncertainty, and regularly reviewing the scoring criteria, rewarding
the model, and evaluating quality. In practice, intrinsic evaluation feedback can be viewed
as a component of a broader improvement loop, supplemented by demonstrations, external
validation, and exploratory experiences, rather than as the only source of supervision.

5.3 Extrinsic Exploratory Experience

The preceding two subsections focused on intrinsic self-improvement signals, where the
agent improves the foundation model using its own generated demonstrations (§5.1) or
evaluative judgments (§5.2). Extrinsic exploratory experience differs in that the learning
signal is grounded in what happens after the agent acts. Under our foundation-model
improvement formalism, the learning signal is instantiated as experience, S; ~ 1;, where
T; denotes trajectories collected by executing the policy 77y, 5, in a task environment or its
learned proxy. The parameter update can be written as ;1 = IMPROVEy(6;.; 7;), with
2411 = . While this view connects self-improvement back to the classical reinforcement
learning framework (Silver & Sutton, 2025; Zhao et al., 2024a), experience for foundation-
model agents is not just a stream of state-action-reward tuples (s, a,1,s’). A trajectory may
contain web pages, screenshots, code logs, compiler errors, tool calls, and intermediate
reasoning traces. Because these artifacts are readable by foundation models, the same
experience can be flexibly reused across reinforcement learning, supervised fine-tuning,
preference construction, and failure analysis. However, acquiring and utilizing this rich
experience introduces distinct difficulties: interaction can be slow or costly, rewards may be
sparse or delayed, verifiers can be gamed, and learned world models (Schmidhuber, 1990;
2015; Nanbo et al., 2025) may produce plausible but counterfactual transitions.

To address these challenges, we organize existing methods by how the exploratory experi-
ence is obtained. For interaction with grounded task environments, the agent acts in real,
sandboxed, or rule-based task settings, and the learning signal comes directly from the
task environment (e.g., state changes, unit tests, or task-specific verifiers). For interaction
with simulated proxy environments, a learned world model serves as a proxy for the task
environment, generating predicted states, rollouts, or outcomes for policy improvement.
Notably, these two modes are not mutually exclusive. In fact, as demonstrated by early
controller-world-model architectures (Schmidhuber, 1990), a system may use grounded
interaction to collect data and update its world model, and subsequently use simulated
interaction to plan, explore, or improve its policy.

5.3.1 Interaction with Grounded Task Environments.

In this mode, the agent learns by directly acting in a task environment. Typical settings
include code interpreters for coding agents, web APIs for web agents, mobile user interfaces
(Uls) for GUI agents, and physical environments for embodied agents. The learning signal
comes from the environment’s response—such as state changes, execution traces, or unit
tests. Training then proceeds by collecting these interaction trajectories and updating the
foundation-model policy using reinforcement learning methods like PPO (Schulman et al.,
2017), or preference-based objectives like DPO (Rafailov et al., 2023) when successful and
unsuccessful trajectories can be contrasted. A useful way to organize this line of work is by
the source of feedback:

(1) Programmatic verifiers provide the clearest form of grounded signal. When a task admits
an executable check, the agent can be trained without learning a separate reward model.
Code generation is the canonical case, since unit tests provide direct pass or fail feedback
for proposed programs. Agent-RLVR (Da et al., 2025), for example, uses unit-test outcomes
to guide policy optimization, contrasting successful programs against failed attempts. The
same pattern extends beyond code whenever an output can be checked by an external
procedure, including structured query language (SQL) execution, theorem proving, tool use
with checkable post-conditions, and structured tasks with deterministic success criteria.

(2) Learned reward models evaluate trajectories collected from the task environment. In this
setting, the task environment naturally produces the trajectory, while the learned evaluator
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only scores its success. WebRL (Qi et al., 2025) trains an outcome-supervised reward model
to label web-navigation trajectories automatically, reducing reliance on hand-crafted success
criteria or human annotation. UI-Genie (Xiao et al., 2025) couples policy learning with
reward-model refinement, using validated trajectories to train the agent and step-level
labels from both successful and failed trajectories to improve the evaluator. Related work
such as MobileGUI-RL (Shi et al., 2025b) adapts Group Relative Policy Optimization (GRPO)
to mobile GUI navigation with trajectory-aware advantages and rewards that combine
task success with execution efficiency. Across these methods, the feature is that feedback
is computed over rich linguistic or visuolinguistic trajectories, which makes it natural to
construct rewards, preferences, and step-level supervision from the same interaction record.

A third approach leverages (3) self-generated tasks to acquire grounded experience. In
these systems, the agent may propose new tasks or goals, but the learning signal remains
extrinsic because candidate solutions are accepted or rejected by execution, verification, or
environmental feedback. Absolute Zero (Zhao et al., 2025a) uses self-play to generate tasks
and solutions in an open-ended environment, while execution-based validation determines
which solutions are retained for learning. ETO (Song et al., 2024c) learns more conservatively
from contrasts between successful and failed trajectories in fixed environments. These
methods blur the boundary between intrinsic and extrinsic signals at the level of task
selection, but not at the level of supervision. The agent may choose what to try, while the
environment determines whether the attempt succeeds.

Finally, standardized platforms have emerged to facilitate research across these grounded
interaction modes. For example, AgentGym (Xi et al., 2024) provides unified APIs for
interaction, evaluation, and training across multiple agent tasks. Such platforms significantly
reduce the engineering cost of iterative experience collection, making it easier to compare

reward sources, training objectives, and update procedures under shared environmental
feedback.

5.3.2 Interaction with Simulated Proxy Environments

The simulated-interaction mode equips the agent with an internal predictive model of the
environment. A typical pipeline first collects interaction trajectories from a task environment,
then trains a world model to predict the environment’s response to the agent’s actions
(Schmidhuber, 1990; Ha & Schmidhuber, 2018). Abstractly, this can be written as a learned
dynamics model W (si, 1,7 | Sk, ax), which predicts the next state and reward from the
current state and action at step k of a trajectory. The policy can then obtain additional
experience by interacting with this learned proxy instead of repeatedly querying the original
task environment. This internal simulation improves sample efficiency and reduces the cost
or risk of exploration, especially when direct interaction is slow, expensive, or unsafe (Ding
et al., 2025a; Richens et al., 2025).

While classical world models successfully predict transitions over both compact state vectors
and raw pixel spaces (Ha & Schmidhuber, 2018), what distinguishes foundation-model
agents is the extensive prior knowledge embedded in the learned dynamics. In FM-based
systems, the world model is typically a generative language, vision-language, or video
model that predicts high-dimensional observations—such as the next web page or video
frame—in the exact format consumed by the policy. This design offers two practical advan-
tages. First, large-scale generative pretraining provides a powerful prior over environment
dynamics, significantly reducing the task-specific interaction needed to fit a useful proxy en-
vironment. Second, because generated observations lie in the same representation space as
the policy input, simulated experience can be used directly without a separate representation-
alignment step. This holds true for both linguistic web models and pixel-space video models
like WMPO (Zhu et al., 2025b). Together, these advantages make FM-based world models
effective for planning, trajectory synthesis, and failure analysis.

This pattern is most developed in web navigation, where direct interaction can be slow
and search over action sequences can be expensive. WebEvolver (Fang et al., 2025b) trains a
coevolving world model to predict next web observations and uses simulated rollouts to
refine the agent policy. WebSynthesis (Gao et al., 2025b) uses a learned web world model for
reversible, search-based trajectory synthesis, while WebDreamer (Gu et al., 2025) leverages
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a web transition model for model-based planning to guide action selection. Beyond web
navigation, SPA (Chen et al., 2025a) learns explicit state-estimation and transition models
through self-play fine-tuning, using them to initialize and stabilize downstream policy
optimization. In embodied control, WMPO (Zhu et al., 2025b) learns a pixel-space world
model and optimizes the policy over imagined rollouts to avoid costly physical trial-and-
error. A related direction uses structured memories of prior interaction rather than full
generative dynamics. GLoW (Kim & seung-won hwang, 2026) maintains a dual-scale
textual world memory—consisting of a global frontier of high-value discoveries and local
advantage reflections—to guide a Go-Explore-style agent in text-based games, achieving
strong performance with 100-800x fewer real environment interactions than RL baselines.

Challenges. Across extrinsic exploratory experience, foundation-model agents inherit
classical difficulties of RL, including sparse and delayed rewards, low-throughput real
interaction, overfitting to imperfect proxy environments. They also introduce failure modes
specific to this setting. Reward hacking through language is more readily available than in
classical RL: a foundation-model agent can satisfy the literal condition of a verifier (e.g.,
exploiting prompt loopholes in an LLM judge) without solving the underlying task, because
the verifier’s specification is itself a linguistic object that the agent can manipulate. Capability
regression arises because extensive RL updates on narrow extrinsic rewards can erode the
broader competencies the foundation model acquired in pretraining, a tension absent in
agents trained from scratch. Hallucinated dynamics pose a distinctive risk for world-model
approaches, since generative simulators can fabricate plausible but incorrect transitions that
the policy then learns to exploit. Finally, the linguistic, multimodal nature of trajectories
creates a trajectory-length and context-window tension unique to this setting: long-horizon
experience must be compressed or summarized to fit within the model’s context before
it can be used as a learning signal. Current research therefore emphasizes more reliable
extrinsic verifiers and reward models, world models with calibrated uncertainty over their
own predictions, and training procedures that update the foundation model on extrinsic
experience without sacrificing its general capabilities.

This section reviewed parameter-centric FM-based self-improvement, where agents
refine their foundation models via intrinsic demonstrations, intrinsic evaluative
feedback, or extrinsic experience. This paradigm allows learned behaviors to be
broadly encoded into foundation model weights. However, success depends on
managing the reliability of self-generated signals, mitigating distribution shift, and
balancing the computational demands of iterative training.

6 Scaffolding Improvement

This section analyzes the scaffolding improvement paradigm for FM-based agents, where
we approach this by decomposing the agent’s operational scaffold into core components.
This workflow begins with receiving and interpreting instructions, then contextualizes them
using internal knowledge and memory, proceeds to executing actions in the world, and
ultimately evolves the overall operational structure.

Formally, as established in Section 3, scaffolding improvement corresponds to transitions
that modify the operational scaffold while explicitly keeping the foundation-model param-
eters frozen (6;1 = 6;). Driven by an execution-derived learning signal S; (e.g., task out-
comes, critique, or execution errors), the update is formalized as X;;1 = IMPROVEy (X1.; S¢).
By maintaining a version history (X1.;), the system inherently supports validation and roll-
back against harmful modifications across all components. We structure the discussion by
increasing depth of architectural intervention. Concretely, we instantiate the scaffolding as
Xt := (pt,my, Ts, §t), where p; denotes the prompt template, m; the internal memory, 7; the
external tool set, and g; the control logic. Algorithm 2 summarizes the generic improvement
loop across these components:
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¢ Prompt-based improvement (Section 6.1) targets the agent’s input and instruction layer,
formalized as p;.1 = IMPROVE,(p1.;St). As the primary semantic interface through
which the agent perceives its tasks, optimizing the prompt provides a direct way to refine
task communication, objectives, and constraints without altering the internal parameters
of the foundation model.

* Memory-based improvement (Section 6.2) equips the agent with an evolving internal
cognitive resource, updated via m;;; = IMPROVE,(my.;S;). By dynamically storing,
pruning, and retrieving past experiences, the agent shifts from memoryless execution to
cumulative learning, supporting long-horizon reasoning and trustworthy adaptation.

¢ Tool-based improvement (Section 6.3) strengthens the agent’s execution interface through
the update 7;y1 = IMPROVE7 (77, St). By autonomously refining and managing exter-
nal callable modules (e.g., web search, code interpreters), the agent translates internal
decisions into precise, executable actions, effectively extending its capabilities beyond the
native limits of the foundation model.

¢ Full scaffolding improvement (Section 6.4) represents the most profound level of ar-
chitectural intervention, formalized as ¥, = IMPROVEy (X1.; S¢). By treating the entire
codebase and operational logic as a mutable substrate, the agent dynamically reconfig-
ures how its perception, reasoning, and execution faculties are integrated into a coherent
whole.

Crucially, these intervention types are compositional rather than mutually exclusive: a
single update can edit multiple scaffold components simultaneously, and full-scaffolding
methods naturally subsume component-level edits while adding archive-based exploration
and stronger acceptance tests.

6.1 Prompt

The prompt serves as the agent's core Algorithm 2: Scaffolding Improvement
behavioral priOI', deﬁning hOW the foun— Input :Initial agent state Ay = (6, Xo); max iterations T
dation model parses its environment. Output:improvedagent.Ar = (6,2r)

Prompt optimization is therefore a cen- ®for! < 0toT~1do

2 | // 1) Collect scaffolding learning signal S;

tral and highly accessible form Of scaf— 3 | St < INTERACTANDEVALUATE(A;, env) ; // traces, critiques,
3 5 3 - success/failure, cost
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ods relied on manual heuristic tuning, the : | s « FurerOrRWEIGHT(S))

// 2) Scaffolding update (keep 6 fixed)
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In this section, prompt primarily refers to
structural instruction layers that are reused across interactions, such as system prompts
or stable policy templates. A closely related line of work optimizes context construction,
including exemplar selection, retrieval assembly, and the maintenance of long-term play-
books. Although both are scaffold-level updates, they differ in target: optimizing a system
prompt alters the agent’s core behavioral prior, whereas context optimization refines the
dynamic conditioning of specific interactions. When discussing representative systems, we
will explicitly indicate which object is updated.

As shown in Fig. 7, we categorize prompt refinement methods based on the form and rich-
ness of the learning signal S;. This yields four paradigms: (1) Scalar-Feedback Optimization,
where S; is a scalar performance score such as accuracy or reward; (2) Qualitative-Feedback
Refinement, where S; is a natural-language critique or suggestion for providing interpretable
revision guidance; (3) Population-Based Evolution, where S; consists of population-level
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fitness evaluation and selection signals over a set of candidate prompts; and (4) Textual
Gradient Optimization, where S; is structured directional guidance, often expressed as a
textual gradient that specifies how the prompt should be revised. As listed in Table 2, we
further summarize representative systems and trade-offs across paradigms.
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Figure 7: Prompt refinement as a self-improvement loop and its four paradigms, organized
by the learning signal S;.

6.1.1 Scalar-Feedback Optimization

Early approaches to prompt optimization usually rely on task-level quantitative metrics
to evaluate candidates (Zhou et al., 2022). The core objective can be formally defined as
finding an optimal prompt p* from a discrete space of possible prompts P that maximizes a
scalar performance score (e.g., task accuracy or reward):

* — , 17
p argr;leagf(;?) (17)

where f(p) represents the evaluation function. In the context of our scaffolding improve-
ment framework, this scalar score is used to constitutes the learning signal (S¢ = f(pt)).
Considering Sy is non-directional, providing only a magnitude of success without explana-
tory context, these methods typically rely on structured search algorithms to navigate the
discrete text space. APE pioneered this paradigm by using an LLM to propose instruction
candidates, subsequently selecting the best one based on empirical evaluation scores via
simple search (Zhou et al., 2022). Building on this, OPRO formalized a more contextualized
search by constructing a meta-prompt that includes a trajectory of previously evaluated
prompts alongside their scalar scores, indirectly guiding the LLM to propose higher-scoring
candidates in subsequent iterations (Yang et al., 2023).

Besides, researchers have adapted advanced derivative-free optimization algorithms to
operate strictly on scalar feedback. For instance, RL-based frameworks like RLPrompt
treat prompt generation as a discrete reinforcement learning problem, directly optimizing
a reward signal derived from downstream task accuracy (Deng et al., 2022). Similarly, to
improve the sample efficiency of exploring the discrete text space, methods like InstructZero
map prompts into a continuous latent space, leveraging Bayesian Optimization to predict
and maximize scalar task rewards efficiently (Chen et al., 2024a). Recent systems like
BPO (Black-Box Prompt Optimization) further extend this score-driven paradigm to human
preference alignment, using scalar preference scores to optimize user inputs without altering
the underlying model weights (Cheng et al., 2024b).

6.1.2 Qualitative-Feedback Refinement

Building upon scalar-driven methods, a more nuanced approach focuses on iterative re-
finement using qualitative, interpretable feedback. Instead of a single score, the learning
signal (S;) manifests as a textual critique, error analysis, or natural-language suggestion,
denoted as c;. This richer signal allows for a targeted revision process, formally modeled as
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Table 2: Comparison of prompt optimization paradigms in prompt-based self-improvement.
As learning signals become more structured and informative, optimization becomes less
heuristic and more automated. (D: Scalar-feedback optimization; @): Qualitative-feedback
refinement; (3): Population-based evolution; @: Textual-gradient optimization.

ID Signal S; Objective Representative Systems Advantages Limitations
RLPrompt (Deng et al., 2022)
Scalar BBT (Sun et al., 2022) I + Model-agnostic I — Low interpretability
o TS argmaxpep f(p) APE (Zhou et al., 2022) I+ Simple to deploy I- Sample-inefficient

OPRO (Yang et al., 2023)

Dspy (Khattab et al, 2023) | + No internal access |- Sensitive to search
Self—Rgﬁne (Madaan etal., 2023) |+ Interpretable edits I- Critique can be noisy
Text . Reflexion (Shinn et al., 2023) K .
e 7 critique Refine(pt, ct) Critic (Gou et al., 2024) I+ Targeted correction I- May drift
ACE (Zhang et al., 2025i |+ Reusable feedback I— Validator-dependent
g ) P
Promptbreeder (Fernando et al., 2024)
. STOP (Zelikman et al., 2024) I+ Strong exploration I- Compute-heavy
Selection . GPTSwarm (Zhuge et al., 2024a) 0 . . R . .
(3] signal Evolve(P, Fit)  y 5N (Liu et al., 2024b) + Maintains diversity |- Fitness is domain-tuned
Evol-Instruct (Xu et al., 2024a) I+ Escapes local optima I- Population drift
GEPA (Agrawal et al., 2026)
APO (Pryzant et al., 2023) | Tl ot | - Brittl dient
Textual TextGrad (Yuksekgonul et al., 2024) |+ irectionat up a. e.s I . 'egra 1'en S
o gradient Pt g(m) metaTextGrad (Xu et al., 2025a) + Often sample-efficient | - Quality varies by LLM
SkillOpt (Yang et al., 2026¢) I+ Highly automated |- Limited guarantees

an iterative loop where each new prompt p;1 is a function of the previous prompt p; and
its corresponding qualitative feedback c;:

pr+1 = Refine(py, ct), (18)

where ¢ is typically generated by an evaluator or the LLM itself based on historical execu-
tion: ¢; = Critique(Output(p;)). While foundational paradigms like Self-Refine (Madaan
et al., 2023) and multi-agent debate (Du et al., 2024) demonstrated the power of self-critique
for transient output correction, recent scaffolding improvements persist this qualitative
feedback to update the agent’s prompting policy or instructional context. One prominent
direction leverages error-driven qualitative analysis. Reflexion, for example, enables an
agent to generate “verbal introspection” upon task failure, storing these qualitative reflec-
tions in memory to explicitly guide and constrain subsequent prompting attempts (Shinn
et al., 2023). Expanding on this diagnostic capability, MAPS introduces an automated,
LLM-tailored prompt optimization framework that explicitly induces and validates reusable
natural-language rules from failure cases. By iteratively injecting these qualitative insights
into the prompt, MAPS substantially optimizes the policy for complex tasks like unit test
generation (Gao et al., 2025a). Similarly, inspired by Chain of Hindsight (CoH), agents
can learn from textual contrasts by reviewing a history of past attempts accompanied by
qualitative evaluations (Liu et al., 2024a). Another critical direction involves evolving the
instructional context. To manage the growing complexity of text-based critiques, ACE intro-
duces an agentic context engineering framework with a modular Generator—Reflector—Curator
pipeline. ACE treats prompts and memory as evolving text playbooks, actively curating
qualitative feedback while mitigating brevity bias and context collapse (Zhang et al., 2025i).
In specific domain applications, systems like Scrable utilize continuous qualitative eval-
uation to iteratively refine the structural system prompt for customer review generation,
halting only when the textual quality reaches a predefined standard (Azov et al., 2024).

6.1.3 Population-Based Evolution

To introduce more structured exploration and mitigate the risk of converging to local optima,
researchers have adapted principles from evolutionary biology. In this paradigm, the
learning signal S; manifests as population-level fitness evaluations and selection pressures
over a diverse pool of candidate prompts. Formally, these methods treat prompts as “genes”

within a population P; = {p@ }N | at generation t. The evolutionary update leverages LLMs
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to apply semantic operators rather than simple string manipulations, following three key
steps:

1. Selection: A subset of prompts survives based on a fitness evaluation function,
which translates task performance into selection pressure (S;).

2. Crossover: The LLM intelligently merges the semantic strengths of two parent
prompts, generating offspring: pchilg = Crossover(pgl), pgj )).

3. Mutation: The LLM introduces semantic variations to explore new instructional
phrasing: p’ = Mutate(p).

The subsequent generation, P; 1, is formed from the fittest individuals and their offspring.
Foundational frameworks like EvoPrompt (Guo et al., 2024) pioneered this by explicitly
guiding LLMs to act as evolutionary operators, yielding crossover and mutation steps that
are semantically meaningful and far surpass classical random character edits. Expanding
the depth of this standard evolutionary search, frameworks like Promptbreeder (Fernando
et al., 2024) introduces a profound self-referential mechanism where the LLM evolves
not only the task prompts but also the "mutation prompts" (the instructions governing
how new offspring are generated). Addressing scenarios where scalar fitness scores are
unavailable, DEEVO creatively structures S; through multi-agent debates, utilizing the
win-rate of LLM-driven argumentation as the evolutionary fitness signal (Nair et al., 2025).
Crucially, demonstrating the compositional nature of scaffolding improvement, recent
work integrates population-based search with qualitative feedback. In reflective prompt
evolution frameworks like GEPA (Agrawal et al., 2026), the evolutionary process is guided
not merely by a scalar fitness score, but by a meta-level reflection step. After evaluating a
generation, a reflector LLM analyzes successes and failures to generate textual critiques.
This qualitative feedback explicitly informs the next generation’s mutation and crossover
operators, making the search highly targeted and sample-efficient. The success of such
hybrid approaches highlights the distinct advantage of replacing opaque scalar rewards
with directional, semantic guidance—directly paving the way for the formalized textual
gradient methods discussed next.

6.1.4 Textual Gradient Optimization

The most recent paradigm is distinguished by a formal, mathematically-inspired treat-
ment of the feedback signal, drawing direct analogies to gradient descent in continuous
optimization. Rather than relying on heuristic edits or scalar search, the learning signal
(St) is formalized as a textual gradient—a structured, directional feedback message that
explicitly diagnoses why an output is incorrect and prescribes a precise revision vector. This
optimization process can be expressed with an analogous update rule:

prr1 = pr @ 8(pr), (19)
where the textual gradient g(p;) serves directly as our learning signal (S¢ = g(p)). The ®
operator denotes a textual update step, where an LLM acts as the optimizer to semantically
apply the gradient’s guidance and revise the prompt. While the foundational concept of
a “textual gradient” was introduced in Automatic Prompt Optimization (APO) (Pryzant
et al., 2023), this direction has been significantly advanced by framing agentic workflows as
computational graphs. TextGrad, for instance, operationalized this by introducing automatic
differentiation via text, allowing qualitative gradients to backpropagate through complex,
multi-component language systems (Yuksekgonul et al., 2024). Concurrently, semantic
backpropagation frameworks have further formalized this process, executing first-order-like
optimization on text nodes to achieve principled prompt refinement (Wang et al., 2024b). The
sophistication of this paradigm is profoundly underscored by meta-level frameworks like
MetaTextGrad. Rather than solely optimizing task prompts, it uses an LLM to dynamically
optimize the “optimizer prompts” (the instructions dictating how the textual gradients are
computed and applied), effectively allowing the agent to self-improve its own improvement
process (Xu et al., 2025a). Looking forward, this formal feedback mechanism could bridge
the gap between scaffolding and parameter-based learning: a textual gradient might be
translated into low-rank parameter updates, seamlessly integrating prompt engineering
with model fine-tuning.
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Prompt-based self-improvement turns prompt optimization from an ad hoc practice
into a signal-driven improvement loop. In existing approaches, the learning signal
(St) becomes progressively richer, evolving from scalar scores to qualitative critiques,
and further to population-level selection and structured directional guidance. As
feedback grows in informational content, prompt updates become less heuristic and
more targeted, enabling increasingly automated and sample-efficient refinement
without changing the foundation-model parameters.

6.2 Memory

The memory system serves as the core cognitive scaffolding for long-horizon agentic be-
havior. Traditional memory architectures often rely on raw content logging alongside fixed
schemas, resulting in rigid, static organizations. Such append-only designs quickly succumb
to context-window constraints and retrieval degradation, rendering them ill-suited for
dynamically changing environments (Modarressi et al., 2024; He et al., 2024a; Packer et al.,
2024). In contrast, self-improving agents treat memory not merely as a passive storage
mechanism, but as an actively evolving scaffold. By continuously assessing the value,
relevance, and strength of stored information, these agents autonomously reconstruct and
expand their memory representations based on the flow of experience (Du et al., 2025; Xu
et al., 2025b). This shift from static storage to dynamic self-organization enhances the agent’s
generality, establishing a foundation for open-ended autonomy (Xu et al., 2025f; Sang et al.,
2025; Li et al., 2025e).

To systematically analyze this paradigm, we decompose memory-based improvement
into three core dimensions: Memory Objects (the units of stored information), Memory
Structure (the topological organization and indexing schema), and Memory Processing (the
mechanisms for creation, retrieval, updating, and forgetting). Formally, we conceptualize
the memory scaffold as a dynamic state m; := (object,, structure;), specifying the currently
stored objects and their overarching organization. Driven by an execution-derived learning
signal S; (e.g., retrieval failures, task feedback, or capacity limits), memory evolution is
formalized as:

myy1 = IMPROVEm (my; St). (20)

This update is instantiated through the memory processing module—a signal-driven family
of operations (Write, Read, Update, Delete) parameterized by S; that governs what to
consolidate into object,  ; and how to reorganize structure; ;1. Finally, it is crucial to note
the scope of our discussion. While some literature considers knowledge internalized within
the foundation model’s weights as "parametric memory" (Wu et al., 2025d; He et al., 2025b;
Zhang et al., 2025n), this section focuses on non-parametric, externalized memory embedded
within the agent’s scaffold, maintaining the core assumption of a frozen foundation model.

6.2.1 Memory Object

Recalling our formal decomposition of memory state, this subsection focuses on object,,
i.e., what is stored within the agent’s memory scaffold. The design of the memory object
is paramount, as it directly governs storage efficiency, representation fidelity, and the
capacity for cross-context knowledge transfer (Koley, 2025). Moving beyond raw, exhaustive
interaction trails (e.g., infinite chat histories), self-improving agents increasingly favor
storing processed, high-density abstractions (Rasmussen et al., 2025; Deng et al., 2024).
By utilizing execution feedback (S;) to filter or compress experiences, agents effectively
mitigate context-window limitations and storage costs (Cao et al., 2025). These memory
objects can be fundamentally categorized into explicit and implicit representations.

¢ Explicit Objects. Explicit objects are human-readable and directly manipulable, which
makes them the default choice when interpretability, attribution, and safety auditing are
important. Their main advantage is controllability: developers can inspect, correct, and
selectively expose them to the model. Their main limitation is scalability, since verbose
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Figure 8: Overview of memory for self-improving agent.

Table 3: Memory-object scorecard (qualitative). Blue squares indicate an ordinal, literature-
grounded assessment (1=low, 5=high) of typical tendencies for each memory object type,
synthesized from representative system designs and reported failure analyses rather than
from a single standardized benchmark.
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or weakly curated memories tend to increase retrieval noise and context pressure as the
memory grows.

A first and widely used manifestation stores processed interaction trails that compresses raw
trajectories into reusable, semantically meaningful units (e.g., distilled routines, heuristics,
or reflections). Driven by task success/failure signals, agents abstract generalizable
strategies from experience or maintain note-like intermediate traces to support long-
horizon reasoning (Wang et al., 2025j; Ouyang et al., 2025b; Lanchantin et al., 2023; Lee
et al., 2024a; Long et al., 2026).

A second manifestation retains curated raw content. Certain scenarios require preserving
exact surface details that are hard to summarize without loss (e.g., code snippets, formu-
las, or screenshots). Rather than storing everything, self-improving agents selectively
write back only high-value artifacts validated during trial-and-error, distilling dynamic
“cheatsheets” for future reuse (Zhao et al., 2024a; Suzgun et al., 2025).

A third manifestation integrates external knowledge. Agents can integrate and maintain
facts from external repositories. Grounding memory in shared references rather than
free-form recollection enhances verifiability. Crucially, unlike static retrieval systems,
self-improving agents utilize utility-based feedback to dynamically update, annotate,
or prune these retrieved domain references (e.g., codebases or task-specific documents),
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thereby mitigating error propagation in downstream reasoning (Tran et al., 2025; Zhang
et al., 2024b; Peng et al., 2023).

¢ Implicit Objects. Implicit objects store memory in machine-native latent representations,
including latent tokens, hidden states, and key—value cache augmentations. Their primary
advantage is compactness and fast associative access, which makes them appealing under
strict context limits or latency budgets. Their primary drawback is limited interpretability,
which complicates debugging, targeted correction, and safety auditing, and can lead to
representation drift when the memory is repeatedly rewritten or composed.

Recent advancements explore several mechanisms for implicit memory scaffolding with-
out altering the base FM parameters. Generative latent memory constructs latent sequences
to enrich reasoning beyond text-based retrieval (Zhang et al., 2025e). Latent state recon-
struction captures and reintegrates hidden representations to improve context retention
(Dillon et al., 2025). A related line augments the decoding process via offline coprocessors
that inject latent embeddings directly into the KV cache to boost generation fidelity (Liu
et al., 2025¢; Sun et al., 2025a). Finally, maintaining self-updatable latent memory pools
offers a practical compromise between persistent state tracking and strict capacity control
(Wang et al., 2024d; 2025h).

Trade-offs. Explicit memory objects offer high interpretability and controllability, simpli-
fying debugging and safety auditing, but require rigorous curation to avoid overwhelming
the context budget. Among them, processed trails favor generalization, curated artifacts
favor precision, and integrated external knowledge favors verifiability. Conversely, implicit
memory objects provide compact, high-speed associative access and mitigate context length
issues, but are difficult to inspect, correct, and are susceptible to representation drift over
long horizons. We summarize these qualitative trade-offs and common failure modes in
Table 3.

6.2.2 Memory Structure

Building upon the definition of memory objects (object,), the memory structure (structure;)
specifies the organizational schema and relational topology through which these objects are
indexed, linked, and retrieved. For self-improving agents operating in complex, dynamic
environments, an adaptive memory structure acts as more than a passive database; it actively
empowers the agent to consolidate long-horizon experiences, resolve context fragmentation,
and perform robust relational reasoning (Zeng et al., 2024). Consequently, how this structure
is designed and updated directly dictates the agent’s ability to scale its cognitive baseline
efficiently. Prevailing structural paradigms can be broadly categorized into the following
forms, each offering distinct trade-offs in scalability, expressiveness, and retrieval latency:

¢ Flat Structure. Flat memories store entries in strict temporal order. This append-only
design makes writing computationally cheap and preserves the causal narrative of inter-
action. This topology is particularly advantageous for self-improving loops that rely on
trajectory replay, as it maintains the unadulterated context necessary to diagnose failures
(St) and reproduce successful behaviors. The primary cost is retrieval scalability. As
the stream expands, recall becomes overly dependent on truncation heuristics or coarse
filtering. Consequently, agents often suffer from recency bias—surfacing recent but irrele-
vant interactions while missing older, decisive evidence. Furthermore, lacking inherent
support for abstraction, flat structures tend to accumulate redundant low-level traces,
exacerbating context pressure over long horizons (Antony et al., 2024; Sun & Zeng, 2025).
Representative systems operationalize this design by augmenting chronological logs with
lightweight indexing. For instance, SCM maintains a temporal memory stream enriched
with summaries and embeddings, bridging basic semantic search with chronological
access (Wang et al., 2025a). Similarly, frameworks like Self-Notes write transient insights
directly inline during long-context reasoning. This keeps the memory aligned with the
evolving cognitive state, allowing for immediate, feedback-driven course corrections
while preserving the chronological flow of thought (Lanchantin et al., 2023).

¢ Hierarchical Structure. Hierarchical memories organize objects across multiple abstrac-
tion levels, addressing a central bottleneck in self-improving agents: the need to compress
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Table 4: Memory architecture and processing operators. Checkmarks indicate the memory
object and structure choices reported by each system. Dots denote the relative emphasis of a
mechanism as primary (®), secondary (®), or absent/unclear ( ). Processing is summarized
by CRUD (Create, Read, Update, Delete). We further characterize governance along two
dimensions: Select, which determines what information is written and retrieved based
on saliency and utility, and Maintain, which sustains memory quality over long horizons
through consolidation, refresh, and forgetting.

e S Object Structure Processing Governance

(m Explicit Implicit . Vector  Create Read Update Delete .

- Objects Objects 2t  Hier  Graph ® Select  Maint
Self-Notes _ _ _ _ ° ° °
(2023) v Y
Generative _ _ _ ° ° ° ° °
Agents (2023) v d Y
Richelieu _ _ _ _ ° ° °
(2024) v Y
DC _ _ _ - ° ° ° ° ° °
(2025) v v
SAGE _ _ _ _ ° ° ° ° ° °
(2025) v v
Mem0 _ _ _ ° ° ° ° ° °
(2025) v Y
MemlInsight _ _ _ ° ° ° ° °
(2025) v v
MemGen _ _ _ _ ° ° ° )
(2025) v v
ACE v _ _ _ _ ° ° ° ° ° °
(2025)
A-MEM _ _ _ ° ° ° ° °
(2025) v v
AWM _ _ _ _ ° ° ° °
(2024) v v
Reasoning _ _ _ _ ° ° ° °
Bank (2025) v Y
ReadAgent _ _ _ - ° ° °
(2024) v v
M3-Agent _ _ _ - ° ° ° ° ° °
(2025) v v
ExpeL _ _ _ — ° ° ° ° °
(2024) v Y
PRIME _ _ _ _ ° °
(2025) v Y
CodeAgent _ _ _ _ ° °
(2024) v Y
CMR _ _ _ _ ° ° ° ° °
(2025) v Y
MemoryLLM _ _ _ _ ° ° ° ° °
(2024) v v
M+ - _ - - ° ° ° ° °
(2025) v Y
H-MEM _ _ v _ _ ° ° ° ° ° °
(2025)
SALM _ _ v _ _ ° ° ° ° ° °
(2025)
XMem _ _ v _ _ ° °
(2022)
MovieChat _ _ _ ° ° °
(2024) Y Y
SHIMI _ _ _ ° ° ° ° ° )
(2025) v Y Y

long histories into stable, reusable knowledge while preserving interaction-level details.
By allocating high-level summaries, mid-level plans, and low-level traces into distinct lay-
ers, this topology reduces retrieval noise and supports long-horizon coherence. However,

34



the primary risk is structural brittleness. If the induced taxonomy misaligns with the
task, strict hierarchies can fragment evidence and hinder cross-cutting retrieval, which
severely impedes the agent’s ability to recombine diverse experiences for continual im-
provement. Recent systems instantiate this hierarchy through different organizational
lenses. For task-oriented abstraction, MobileGPT employs a goal-to-subtask-to-action hier-
archy for GUI tasks, supporting both plan reuse and fine-grained execution recall (Lee
et al., 2024b). For semantic abstraction, H-MEM (Sun & Zeng, 2025) and SHIMI (Helmi,
2025) construct multi-level semantic nodes, enabling coarse-to-fine retrieval and top-
down traversal from abstract intents to specific entities. Alternatively, SALM approaches
hierarchy via tiered storage patterns (short-term, long-term) to separate active context
maintenance from durable reuse (Koley, 2025). Besides, similar principles extend to
multimodal domains, where agents separate transient perceptual buffers from persistent
representations for long-video understanding, drawing inspiration from classical human
memory models (Cheng & Schwing, 2022; Song et al., 2024a; Atkinson & Shiffrin, 1968).

Graph-Based Structure. Graph memories represent objects as nodes linked by semantic,
temporal, or causal edges, aligning naturally with the need for self-improving agents to
generalize across continuous interactions. By explicitly encoding relations, this topology
replaces recency-based recall with retrieval by association. It enables multi-hop evidence
aggregation that flat streams or strict trees struggle to support, which is vital when
agents must attribute failures to latent dependencies, track evolving entity states, or reuse
abstracted insights. However, the primary trade-off is maintenance complexity. Contin-
uous graph construction, edge updating, and conflict resolution introduce significant
computational overhead and risk structural drift as the agent repeatedly edits its own
memory.

Recent literature explores this paradigm through different relational lenses. For se-
mantic and conversational tracking, systems like MemO (Chhikara et al., 2025) and
SGMem (Wu et al., 2025e) parse dialogues into fact- or sentence-level graphs to support
highly structured recall. To support temporal and causal reasoning, Zep provides a
temporal-aware knowledge graph for continuous belief revision (Rasmussen et al., 2025),
while CausalRAG leverages explicit causal edges to prevent spurious correlations from
contaminating the self-improvement loop (Wang et al., 2025e). Some approaches even
blend topologies; for instance, G-Memory introduces a hybrid hierarchical graph to sepa-
rate reusable insights from fine-grained logs in multi-agent settings (Zhang et al., 2025d).
Beyond text, explicit graph structures are similarly crucial for multimodal agents—such
as GraphVideoAgent and Scene-MMKG—where maintaining spatial-temporal state tran-
sitions and entity interactions is essential for grounded reasoning (Chu et al., 2025; Song
et al., 2024Db).

Vector Retrieval Structure. Vector-based memory indexes objects by dense embeddings
and retrieves by similarity, which makes it a strong default when an agent must recall
semantically related interactions under natural language queries. For self-improving
agents, it serves as the primary engine for episodic recall and large-scale knowledge as-
similation, supporting continual expansion without a hand-crafted schema. Its dominant
failure mode is misalignment between similarity and usefulness. The nearest neighbors
under an embedding metric may be topically similar yet decision-irrelevant, and this
retrieval noise can systematically bias the agent’s subsequent learning updates. As a
result, self-improving systems often augment vector retrieval with re-ranking, hybrid
signals, or adaptive controllers that dynamically gate the retrieval process.

Building upon the classic RAG pipeline (Lewis et al., 2020), Agentic RAG integrates
autonomous control over retrieval to manage dynamic episodic memories (Ravuru et al.,
2024; Singh et al., 2025a). To mitigate the similarity-usefulness misalignment, systems
explore various optimizations: hybrid heuristics, such as Generative Agents combining
dense relevance with recency and importance (Park et al., 2023); and adaptive representa-
tions, where RMM introduces differentiable ranking to improve recall under long-term
dialogues (Tan et al., 2025b). For domain-specific trajectory reuse, systems like Memo-
ryBank (Zhong et al., 2024) and CTIM-Rover (Lindenbauer et al., 2025) index episodic
segments to robustly fetch past successes, whereas MIRIX routes queries across multiple
specialized sub-stores to overcome the limits of a flat index (Wang & Chen, 2025). Finally,
this vector-based topology readily accommodates multimodal experiences, enabling
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embodied agents like MrSteve to retrieve relevant past video frames for exploration (Park
et al., 2025).

6.2.3 Memory Processing

Given the memory state m; := (object,, structure; ), memory processing refers to the family
of signal-driven operations that act on m; throughout an agent’s lifetime. Formally, we
view memory improvement as m;1 = IMPROVE,, (m;; S;). Unlike traditional agents that
rely on static, hard-coded indexing, self-improving agents use the learning signal S; (e.g.,
task outcomes, utility, or internal critiques) to dynamically adjust what to write, how to
retrieve, and when to forget (Xu et al., 2025¢; Liang et al., 2026b). Concretely, we instantiate
IMPROVE,, as an adaptive CRUD (Create, Read, Update, Delete) operation family:

Rather than appending raw logs exhaustively, memory creation is a selective distilla-
tion process guided by S;. Recent systems typically implement this through three recurring
patterns: (1) Semantic compression, which transforms raw interactions into structured meta-
data, summaries, or reusable schemas for efficient indexing (Salama et al., 2025; Wang
et al., 2025j; Ouyang et al., 2025b); (2) Context-aware discrete decisions (e.g., add, update,
delete, or no-op), conditioned on retrieved neighbors to prevent redundant or conflicting
entries (Chhikara et al., 2025; Xu et al., 2025f); and (3) Controlled boundary insertion, which dy-
namically optimizes the write policy for downstream utility closer to generation time (Zhang
et al., 2025e). Across all designs, creation is bounded by a trade-off: over-writing inflates
retrieval noise, whereas under-writing sacrifices long-term capability.

3 Memory reading dictates the quality of an agent’s downstream reasoning. To maintain
precision as the memory bank scales, self-improving systems typically employ four key
mechanisms: (1) Hybrid heuristics, which blend semantic relevance with recency and impor-
tance scores to stabilize recall (Park et al., 2023); (2) Structure-aware retrieval, which performs
coarse-to-fine traversal over hierarchical or graph topologies to isolate reusable abstractions
from low-level traces (Zhang et al., 2025d); (3) Retrieval gating, which dynamically decides
whether to query memory and how much context is sufficient, thereby optimizing token cost
and minimizing distraction (Wang et al., 2025a); and (4) Retrieval-driven adaptation, where
historical trajectories are fetched as actionable cases to guide behavior without requiring
parametric model updates (Zhou et al., 2025a). Ultimately, ineffective reading policies will
hinder performance: retrieving irrelevant noise or missing critical details will directly cause
subsequent planning and execution to fail.

Memory updating is the primary mechanism for self-correction and knowledge evolu-
tion. Guided by feedback (S;), agents typically implement updates through four operational
patterns: (1) Scheduled review and attenuation, which periodically strengthens high-utility
items and decays obsolete ones to stabilize memory growth (Liang et al., 2026b); (2) Local
refresh, which dynamically updates topological neighbors during new insertions to maintain
contextual consistency (Xu et al., 2025f); (3) Iterative distillation, which synthesizes repeated
successes into compact, reusable abstractions via continuous selection and replacement (Suz-
gun et al., 2025; Zhang et al., 2025i); and (4) Offline aggregation, which shifts computationally
expensive compression away from the online execution loop while preserving recall qual-
ity (Fang et al., 2026). Without effective update policies, agents suffer from memory decay:
outdated facts remain, knowledge structures break down, and improper merging erases
important details.

Memory deletion acts as a systematic noise reduction and resource optimization
mechanism. Guided by signal (S;), agents dynamically identify and remove obsolete or
redundant entries through three main patterns: (1) Multi-stage pruning, which filters low-
value items at write time and periodically clears entries based on access frequency and
relevance (Zhang et al., 2025g); (2) Consensus-based eviction, which uses collaborative voting
in distributed setups to prevent the accidental deletion of critical shared knowledge (Bach,
2025); and (3) Tiered eviction, which applies operating-system-inspired rules across different
memory layers to bound size while preserving long-term consistency (Kang et al., 2025).

36



Improper deletion policies create a direct dilemma: over-pruning loses critical knowledge,
while under-pruning floods the system with outdated noise and slows down retrieval.

Putting it together: a signal-driven memory loop. The dimensions of memory objects,
structure, and processing culminate in a unified, signal-driven lifecycle (Figure 8). This loop
proceeds in a continuous cycle: (i) Observe & Detect saliency from new interactions; (ii)
Create compact objects; (iii) Organize them into the chosen topological structure; (iv) Read
on demand via adaptive retrieval; (v) Plan & Act based on fetched context; (vi) Evaluate
outcomes to derive the learning signal S;; and (vii) Update/Delete entries to consolidate
high-value knowledge and prune noise. Together, these stages elevate memory from a
passive cache to a self-governing engine that sustains open-ended autonomy.

The Self-Improvement Memory Loop transforms the conceptual questions of memory
management into an actionable, signal-driven framework. By unifying memory
writing, structural organization, adaptive retrieval, and feedback-based pruning,
this continuous lifecycle effectively elevates memory from a static cache to a scalable
engine for self-improvement.

6.3 Tool

Basic agents have been constrained by their reliance on static, manually curated toolkits,
lacking the autonomy to adapt, discover, or integrate new resources when confronted with
novel challenges (Shapiro et al., 2023; Zhang et al., 2025a; Sang et al., 2025; Huang et al.,
2025b). The transition from a basic executor to a genuinely self-improving agent necessitates
a shift away from simple, pre-defined tool use toward Tool Governance Metacognition. This
dynamic paradigm empowers the agent to autonomously reason about the necessity, utility,
and reliability of its tools, thereby continually advancing its capability boundaries rather
than merely operating within them (Liu & van der Schaar, 2025; Yin et al., 2025b).

Formally, tool-based improvement can be written as
Ti+1 = IMPROVES(T;; St), (21)

where S; is the learning signal produced by tool gover-
nance metacognition. This metacognition represents the
architectural shift essential for a self-improving agent, &
establishing a dynamic and self-directed mechanism &
for managing its operational tools (Wang et al., 2025b). o°0
5
N

Governance

It is instantiated through three core dimensions: Dy- Megacosmiion

namic Tool Routing, which orchestrates the efficient
selection and combination of tools from a growing pool;
Iterative Tool Refinement, which adapts and debugs
existing instruments to overcome execution failures or
environmental shifts; and Autonomous Tool Creation, Figure 9: Tool Governance
which invents novel tools to fundamentally expand the Metacognition.

agent’s capability boundaries. This governance struc-

ture moves tool use from a static look-up process to a generative, self-improving cycle.

Dynamic Tool Routing

6.3.1 Dynamic Tool Routing

Dynamic tool routing concerns how an agent selects, sequences, and coordinates tools in
a heterogeneous environment. As tool pools grow, routing becomes a primary bottleneck
for self-improvement. A large tool set increases coverage but also increases error modes,
including misrouting, compounding execution failures, and wasted compute. Routing
methods therefore trade off coverage, reliability, and decision cost. Most existing systems
can be understood through three routing paradigms, distinguished by what they treat as
the “retrieval unit” and how they incorporate feedback over time.
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Retrieval- and graph-based routing. Systems in this paradigm tackle the routing bottle-
neck by optimizing either the retrieval space or the representation of dependencies. To
optimize the retrieval space and maintain scalability, systems dynamically manage the
granularity and scope of the tool pool. For instance, while MemTool prevents routing degra-
dation by actively pruning the tool set into a lightweight operational memory (Lumer et al.,
2025a), TAR expands the retrieval unit itself, dynamically routing between atomic APIs
and entire competent agents to handle higher-level tasks (Lumer et al., 2025b). Crucially
for self-improvement, this retrieval process is not static; it evolves by leveraging past suc-
cesses as a learning signal. Systems like VOYAGER and MetaAgent index reusable tool-use
trajectories into procedural memory, allowing the routing policy to continuously refine
itself based on structural knowledge from prior executions (Wang et al., 2023; Qian & Liu,
2025). Conversely, to address the compositionality limitation of flat retrieval, recent works
encode tool transitions as topological structures. Rather than one-shot relevance, systems
like ToolNet and OrchDAG model tool dependencies as directed graphs, enabling routing
that accounts for multi-step feasibility and preconditions (Liu et al., 2024c; Lu et al., 2025).
Building on this, MassTool combines learned semantic matching with these graph structures,
achieving high-precision navigation even within massive and complex tool topologies (Lin
et al., 2025).

Policy-learning routing. Policy-learning routing internalizes tool choice as sequential
decision making. Instead of retrieving a tool from an external index, the agent learns
invocation behavior from training signals, which can improve robustness in multi-turn
settings where success depends on state, history, and error recovery. The main trade-off
is data and feedback. Learned routing can overfit to training environments and can be
brittle when tool interfaces or distributions drift. To establish a reliable routing baseline,
systems like AUTOACT, MCP-Flow, Tool-Star, and DeepEyesV2 bootstrap policies through
supervised fine-tuning on synthetic or mined trajectories (Qiao et al., 2024b; Wang et al.,
2025g; Dong et al., 2025; Hong et al., 2026). However, to continually improve long-horizon
behavior, routing policies must transcend static supervision. Works like AGENTFLOW and
SPORT achieve this by applying sparse rewards or preference signals to shape planning
and exploration, while AutoTIR and DeepAgent explicitly align tool selection with multi-
objective compliance and action-level attribution (Li et al., 2026b; 2025a; Wei et al., 2025¢; Li
et al., 2025c). Pushing this paradigm to its limit, ToolGen collapses retrieval, selection, and
invocation into a single generative process via tool-token unification. While this elegantly
reduces pipeline complexity, it places a heavy burden on the learned policy to remain
calibrated under distribution shifts (Wang et al., 2025f).

Proactive and interactive routing. A third paradigm treats routing as an interactive pro-
cess rather than a one-shot decision. This perspective is motivated by two recurring failure
sources in self-improving agents. First, user intent is often underspecified, and misrouting
can be avoided by clarification. Second, execution failures are common, and routing must
support local repair without restarting the entire plan. Proactive routing therefore trades
additional interaction and compute for higher reliability. Rather than failing passively,
these systems embed metacognitive interventions to handle uncertainty. When confronting
underspecified intents or functional gaps, agents like MCP-Zero and ASKTOACT proac-
tively initiate tool discovery or prompt for clarification, transforming ambiguity into a
learning signal for self-correction (Fei et al., 2025; Zhang et al., 20251). Conversely, when
facing execution failures, dynamic repair becomes essential. Tool-Planner facilitates this by
clustering tools into interchangeable kits, enabling localized, API-level repair without the
prohibitive cost of global replanning (Liu et al., 2025¢). Similarly, ToolACE-R dynamically
calibrates its revision effort based on task difficulty, balancing routing reliability against
practical compute budgets in real-world deployments (Zeng et al., 2025).

6.3.2 Iterative Tool Refinement

Iterative tool refinement is the mechanism by which agents turn fragile programs into
dependable skills. It is central to self-improvement because tool errors are not merely
execution-time failures. If unreliable tools are stored and reused, they can corrupt the
agent’s future behavior through repeated retrieval and compounding errors. Refinement
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therefore serves both as debugging and as a gatekeeping process that controls what enters
the structural skill repository (Ravi et al., 2025; Dolcetti et al., 2025; Petrovic et al., 2025).

A canonical refinement loop alternates between generation, execution, and revision. VOY-
AGER establishes this baseline by executing generated code, capturing error traces and envi-
ronment feedback as learning signals (S¢), and feeding them back into subsequent revisions
until a verifier confirms success (Wang et al., 2023). Building on this foundation, recent sys-
tems strengthen the refinement process across three dimensions: (1) Critique Specialization.
To enhance diagnostic accuracy, systems move beyond generic self-reflection. For instance,
STELLA deploys a dedicated critic agent to assess intermediate results and provide targeted
feedback, mitigating the tendency of monolithic models to overlook domain-specific failure
modes (Jin et al., 2025). (2) API Abstraction. Rather than merely revising raw action traces,
several works focus on abstracting robust subroutines. SkillWeaver distills interactions into
reusable web tools refined through execution feedback (Zheng et al., 2025a), while PyVision
dynamically refines Python programs to stabilize multimodal tool use against noisy percep-
tion (Zhao et al., 2025b). This abstraction significantly improves skill transfer across tasks. (3)
Interface Alignment. Addressing the semantic gap between agents and tools, systems like
DRAFT iteratively refine tool documentation rather than the underlying code. This targets
the critical observation that many execution failures stem from mismatches between natural
language instructions and tool affordances, rather than from flawed implementations (Qu
etal., 2025).

6.3.3 Autonomous Tool Creation

Autonomous tool creation expands the agent’s capability boundary by synthesizing new
executable functions when existing tools are insufficient. For self-improving agents, creation
is most valuable when it converts one-off problem solving into reusable procedural knowl-
edge. It also introduces its own risks. Newly created tools must be validated, documented,
and integrated without destabilizing routing policies, otherwise tool growth can increase
brittleness rather than autonomy (Gao et al., 2026a; Qiu et al., 2025c¢).

Existing systems approach this challenge by advancing tool creation across three dimen-
sions: (1) Synthesis Triggers. Tool creation can be driven either by immediate needs or
open-ended curiosity. While systems like ATLASS and PyVision emphasize on-demand
invention—synthesizing and refining tools when current retrieved APIs fail (Haque et al.,
2025; Zhao et al., 2025b), agents like FRIDAY and STELLA shift toward self-directed ex-
ploration. They autonomously propose curricula or discover domain-specific resources
(e.g., bioinformatics) to proactively accumulate tools outside a fixed task list (Wu et al,,
2024b; Jin et al., 2025). (2) Lifecycle Automation. Synthesizing raw code is only the first step;
rendering it executable is the actual bottleneck. TOOLMAKER addresses this by automating
the end-to-end tool lifecycle, extracting logic from scientific papers, installing dependencies,
debugging in a closed loop, and producing robust callable interfaces (Wolflein et al., 2025).
This transforms abstract function generation into tangible deployability (Cai et al., 2024;
Yuan et al., 2024a; Qian et al., 2023). (3) Standardized Integration. To ensure that explosive
tool growth does not destabilize existing routing policies, recent systems adopt protocol-
driven architectures. Frameworks like Alita and Code2MCP automate the conversion of
code repositories into standardized services via the Model Context Protocol (MCP) (Qiu
et al., 2025¢;b; Ouyang et al., 2025a). Similarly, AgentOrchestra enforces a rigorous pipeline
of intent parsing, validation, and formal registration before a new tool enters the active
pool (Zhang et al., 2025j). This ensures that autonomous creation remains fully compatible
with the agent’s broader governance and retrieval constraints.

Based on the Tool Governance Metacognition framework, self-improving agents
evolve tool usage into a growth-oriented architecture with dynamic routing, iterative
refinement, and autonomous creation capabilities. This architecture transforms
the system from a static toolkit into a dynamic skill repository with sustainably
expandable capabilities.
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6.4 Full Scaffolding

Full scaffolding self-improvement represents the deepest level of architectural intervention.
Rather than merely tuning isolated components (e.g., prompts, tools, or memory), the agent
treats its entire operational logic and codebase as a mutable substrate, enabling fundamental
structural reorganization. Formally, recalling the agent state A; = (6;, %), full scaffolding
improvement corresponds to the most general scaffolding-only transition:

Y41 = IMPROVEg (X4 St), (22)

where S; denotes the learning signal extracted from the agent’s own execution traces
and evaluations (e.g., task success/failure, unit tests, self-critique, cost signals). Crucially,
unlike settings with a fixed external meta-optimizer, the improvement procedure is itself
implemented within the current scaffolding, making the update self-referential:

Y1 = ZIx, (X6 St), (23)

where Ty, highlights that the improver can evolve together with the agent it improves.
In principle, these self-referential loops can discover unanticipated update strategies and
enhance the agent’s intrinsic evolvability (Zhang et al., 2026d; Gerhart & Kirschner, 2007;
Hendrikse et al., 2007; Dawkins, 2019). While fully open-ended recursive self-improvement
remains a grand challenge, current systems successfully operationalize this concept within
defined objectives, benchmarks, and safety protocols.
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Figure 10: Full scaffolding self-improvement across iterations.

Within this paradigm, agents” scaffolding is typically represented as conventional computer
programs with mild constraints. Formally, let (¥;) denote a serializable encoding of the
program that implements the agent, and let exec(-) denote execution in an environment
(e.g., an interpreter, compiler, and sandbox). A full-scaffolding update can be viewed as
producing a candidate program via executing the current agent-as-improver on its own

code: ~
(Sr11) = exec((Z); S1), 1)

often materialized as a patch A; applied to the current scaffolding, £;,1 = % @ As. In
practice, a verifier (e.g., unit tests, regression suites, safety checks) gates the update:

S, V(E1) =1,
M = 25
s {Zt, otherwise. (25)

The universal representability of computer programs (i.e., Turing completeness) enables
self-improving agents to explore an extensive space of self-improving strategies, bounded in
principle only by the theoretical limits of computation. Early work on applying a computer
program to improve itself dates back to self-referential program-search and meta-evolution
frameworks (Schmidhuber, 1987).
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AlphaEvolve (Novikov et al., 2025) is designed as a coding agent for open scientific problems.
It adopts an evolutionary paradigm, continuously receiving feedback from one or more
evaluators to iteratively improve its algorithms, thereby substantially accelerating new
scientific discoveries and optimizing complex technical stacks. Similarly, ShinkaEvolve
(Lange et al., 2026) is an LLM-driven program-evolution framework that enables efficient,
open-ended program discovery and optimization across multiple tasks with very few
evaluation samples, via exploration—exploitation-balanced parent sampling, novelty-based
rejection sampling for code, and bandit-based adaptive selection of an integrated ensemble
of LLMs.

ADAS (Hu et al., 2025) searches within a design space for an agentic system that maximizes
a given evaluation function using a dedicated search algorithm. EvoFlow continuously
evolves a set of heterogeneous workflows that achieve favorable cost-performance trade-offs
while maintaining structural diversity, yielding a Pareto set in an online manner. Self-Taught
Optimizer (Zelikman et al., 2024) abstracts an agent’s scaffolding as an improver: given
its own program and a utility function, it repeatedly queries an LM to generate multiple
candidate improved versions and selects the highest-scoring one as the output, forming
a recursive self-improvement loop. Agent Symbolic Learning (Ou et al., 2025) views a
language agent as a “symbolic network” whose weights are instantiated by prompts, tools,
and their composition; it simulates backpropagation and gradient descent through natural-
language losses/gradients, and uses a symbolic optimizer to jointly update prompts, tools,
and pipelines, enabling sustained self-learning and evolution in real deployments.

Another representative line is the open-ended evolutionary framework inspired by the
Godel machine. Yin et al. (2025¢) proposes a Godel-machine-inspired self-referential agent
framework, Godel Agent, implemented via monkey patching. It autonomously performs
self-awareness, self-modification, and recursive self-improvement, aiming to search the
entire agent design space. Inspired by Darwinian evolution and open-ended research,
Zhang et al. (2026d) proposed the self-evolving coding agent Darwin Godel Machine (DGM),
which maintains an archive of newly generated coding agents and grows a continually
expanding tree of diverse, high-quality agents through open-ended exploration, allowing
parallel exploration of multiple paths in the search space. Subsequently, Wang et al. (2026b)
proposed the Huxley-Godel Machine (HGM), motivated by Huxley’s notion of clades; it
introduces a clade-level metaproductivity (CMP) metric to guide evolution as an approximation
to the Godel-machine ideal. Live-SWE-Agent (Xia et al., 2025) is the first real-time software
agent that can autonomously and continuously evolve on the fly at runtime; by evolving its
own scaffolding, especially its tool components, it achieves desired performance on software
issue-solving tasks.

Full scaffolding improvement is the category most closely related to recursive self-
improvement, because it treats the agent’s own source code and operational logic as
mutable substrates. While achieving truly open-ended recursive self-improvement
remains a grand challenge, current systems successfully operationalize this concept
as bounded, verifiable loops. Operating within human-designed objectives and
safety protocols, these systems provide a principled and measurable path toward
reliable self-improvement.

7 Applications

The preceding sections organized self-improving agents by what is updated, namely model
parameters or scaffolding, and by the signals that drive these updates. This section exam-
ines how these mechanisms appear across representative domains. Across applications, a
common pattern is the use of sandboxed or otherwise controlled environments that provide
feedback while limiting the cost of failure. Software engineering relies on compilers, tests,
and continuous integration pipelines; web automation uses simulated or instrumented
browsers; games provide resettable environments with explicit rules and outcomes; scien-
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tific discovery uses executable workflows, domain tools, and simulators; embodied Al relies
on robotic simulators and limited real-world rollouts; and general computer control uses
virtualized desktops or isolated operating-system environments. The fidelity, scalability,
and cost of these environments shape each domain’s dominant bottlenecks, improvement
targets, and iteration modes, as summarized in Table 5.

FM @ —— Scaffolding
. R
Improvement i ~— @ Improvement
Software Engineering Web Navigation Gaming & Strategy Scientific Discovery Embodied Al & Robotics General Computer Control
e

Code Sandbox & CI Simulated Browser Game Environment Research Simulator Robotic Simulator Virtual Desktop
Bug Fixing Automated Browsing Self-Play Training Experimentation Skill Learning File Management
Code Optimization Web Automation Strategic Planning Hypothesis Testing Sim-to-Real Transfer 0S Automation

Figure 11: Representative application domains for self-improving agents.

7.1 Software Engineering

Software engineering (SWE) is a useful testbed for self-improving agents because it provides
dense and automatable feedback. Compilers, unit tests, linters, and continuous integration
pipelines can turn many agent actions into checkable outcomes, making improvement easier
to measure than in domains that rely on subjective evaluation. This property naturally
supports both branches of our taxonomy: (i) FM improvement, where executable feedback
is used to update model parameters 6, and (ii) scaffolding improvement, where the model
is fixed but the scaffold X is revised. In SWE, the scaffold may include prompts, memory,
tools, control logic, and, in some cases, the agent’s own source code.

Evaluation substrate vs. self-improvement. It is important to distinguish evaluation
environments from self-improving methods. SWE-bench provides a standardized suite
of real GitHub issues, repositories, and test-based validation, enabling quantitative mea-
surement of progress (Jimenez et al., 2024). Several related benchmarks have since been
proposed (Deng et al., 2025; Aleithan et al., 2024; Yang et al., 2025a). However, systems such
as SWE-agent (Yang et al., 2024) and Agentless (Xia et al., 2024) are better viewed as non-self-
improving baselines under our definition. They may iterate within a task instance, but they
do not, by default, perform persistent cross-interaction updates to 6 or X. Their relevance
here is methodological: they show that scaffold design can substantially affect performance,
motivating the question of whether such scaffolds can be improved automatically rather
than hand-engineered.

Scaffolding improvement via self-modifying software agents. A distinctive feature
of SWE is that the agent itself is software, which makes direct scaffold or source-code
modification feasible. The Darwin G"odel Machine operationalizes this idea by iteratively
rewriting its own codebase and validating candidate modifications on coding benchmarks,
producing a tree archive of improved descendants (Zhang et al., 2026d). Building on this self-
modification paradigm, the Huxley—G"odel Machine searches the space of self-modifications
using an estimate of descendant performance, aiming to optimize long-term improvement
potential rather than only immediate benchmark gains (Wang et al., 2026b).

Live-SWE-agent moves scaffold improvement from offline search to runtime self-evolution.
Starting from a minimal scaffold, the agent edits and extends its own scaffold while solving
real SWE tasks, so the current issue can inform future behavior (Xia et al., 2025). SE-
Agent studies a complementary trajectory-level mechanism, using cross-trajectory revision,
recombination, and refinement to escape local optima in reasoning and action sequences
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(Guo et al., 2025b). Viewed through £ = (p,m, T,g), these methods update increasingly
rich scaffold components, from prompts and tool routines to full system code. They also
highlight a SWE-specific lesson: performance depends not only on the base model, but
also on the agent’s executable interface to the codebase and its ability to preserve reusable
problem-solving strategies across issues.

FM improvement from executable feedback. SWE also provides a direct route to FM
improvement because test outcomes can serve as rewards or supervision. SWE-RL scales
reinforcement learning to real-world software engineering tasks by using software-evolution
data and executable signals to improve the underlying model (Wei et al., 2025d). Related
work studies reinforcement learning in long-context and multi-turn SWE settings, with the
goal of training models that can sustain extended tool-using interaction while remaining
grounded in verification feedback (Golubev et al., 2025). A practical limitation is that
execution-based rewards can be sparse, noisy, or expensive, due to flaky tests, incomplete
coverage, or costly environment setup. One complementary direction strengthens the
executable signal itself by expanding the test suite: curiosity-driven planning can steer
an LLM to generate tests that reach under-explored behaviors (Amayuelas et al., 2026).
Execution-free feedback can therefore complement tests. SWE-RM explores reward-model-
based scoring as a substitute for, or supplement to, unit tests, and analyzes which verifier
properties transfer to reinforcement learning improvements (Shum et al., 2025).

Synthesis and open challenges. SWE exposes a useful contrast between the two improve-
ment families. Scaffolding improvement is fast, modular, and model-agnostic, but it may
overfit to benchmark tooling, repository conventions, or interaction protocols. FM improve-
ment can internalize skills into § and may transfer more broadly, but it is more expensive and
more exposed to reward hacking and evaluation artifacts. Robust SWE self-improvement
therefore requires (i) stronger evaluation against benchmark-specific search and verifier
overfitting, such as benchmark mutation and stress testing, as well as (ii) hybrid loops in
which scaffold-level discoveries are distilled into the base model only when they transfer
beyond a fixed verifier or benchmark protocol (Garg et al., 2026).

7.2 Web Navigation and Automation

Web navigation and automation is a challenging domain for self-improving agents because
the environment is dynamic, long-horizon, and often weakly verified. Web interfaces
change frequently, the same user intent may be realized through different layouts or DOM
structures, and failures often become visible only late in a trajectory. These properties make
one-shot prompt engineering brittle and motivate improvement loops that persist across
tasks. In our taxonomy, this domain supports both FM improvement, which updates 6 from
interaction data and feedback, and scaffolding improvement, which keeps 6 fixed while
updating X.

Evaluation and data substrate. A first line of work builds reproducible environments
and demonstrations, which are prerequisites for systematic self-improvement. Mind2Web
provides diverse instruction-following trajectories on real websites and supports supervised
learning or imitation as an initial improvement step (Deng et al., 2023). WebArena offers
a self-hostable environment with long-horizon tasks and execution-based success criteria
(Zhou et al., 2024). VisualWebArena extends evaluation to visually grounded web tasks
and exposes failures in perception and grounding (Koh et al., 2024). WorkArena targets
enterprise-style workflows and highlights the gap between current agents and routine
knowledge-worker automation (Drouin et al., 2024b). BrowserGym further unifies evalua-
tion across web-agent benchmarks, reducing experimental fragmentation and enabling more
controlled comparisons of training and scaffold design (Drouin et al., 2024a; de Chezelles
et al., 2025). These resources are not self-improving methods themselves, but they provide
the data and measurement substrate needed to study improvement across interactions.

Scaffolding improvement with memory and grounding. In web environments, many
improvements come from better scaffolding because robust grounding remains a central
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bottleneck. SeeAct couples visual understanding with action grounding on live websites,
reducing brittle action selection in long-horizon execution (Zheng et al., 2024). WebCoach is
more directly aligned with self-improvement: it equips browsing agents with cross-session
memory curated from new trajectories, allowing the agent to avoid repeated mistakes
without retraining the base model (Liu et al., 2025a). ReAP similarly stores and reuses
reflections over successful and failed trajectories to improve later web navigation (Azam
et al., 2025). These approaches instantiate scaffolding improvement by updating memory
content, retrieval policies, and grounding-related structural artifacts that transfer across
tasks.

FM improvement from interaction feedback. A complementary line updates 6 using
web interaction signals. Patel et al. (2024) study self-improvement on WebArena by fine-
tuning on mixtures of model-generated data and show that iterative training can improve
web-agent capability. OpenWebVoyager proposes an exploration-and-feedback loop on
real websites, improving its policy by learning from high-quality trajectories over multiple
iterations (He et al., 2024b). Several works adopt reinforcement learning for long-horizon
browser control. WebRL introduces a self-evolving online curriculum that generates new
tasks from failures and combines it with outcome-supervised reward modeling (Qi et al.,
2025). WebAgent-R1 trains web agents via end-to-end multi-turn reinforcement learning
with binary success rewards and reports gains on WebArena-Lite (Wei et al., 2025¢). Beyond
navigation benchmarks, Agent Q studies learning from both successful and unsuccessful
trajectories in WebShop and shows that such experience can improve generalization in
multi-step web interaction (Putta et al., 2024). These FM-oriented methods also reveal a
recurring difficulty: web feedback is often sparse, so improvement depends heavily on
reward modeling, curriculum design, and the stability of the evaluation environment.

Synthesis and open challenges. Web automation faces a core challenge of self-
improvement. This challenge comes from non-stationarity and weak observability. Page
layouts and interaction flows often change over time. These changes can quickly weaken
gains that were measured on static snapshots. Scaffolding improvement can help systems
update grounding, state abstraction, and recovery behavior more quickly. Yet it can also
overfit to specific websites. It may also increase safety risks, such as prompt injection or
unintended high-impact actions (Chen et al., 2026). FM improvement can support more
transferable navigation skills. However, it depends on stable training signals and careful
treatment of stale data. Progress therefore requires drift-aware evaluations. It also requires
sandboxed protocols that separate safe exploration from irreversible actions. Finally, it
requires grounding-centered improvements that transfer across layouts, DOM structures,
and interaction conventions. These improvements should avoid memorizing site-specific
patterns.

7.3 Games and Strategic Reasoning

Games remain a central testbed for self-improving agents because they provide repeatable
interaction, well-defined objectives, and scalable feedback (Stani¢ et al., 2023). Even when
state spaces are large and long-horizon planning is required, games offer closed training
loops in which agents can generate experience through self-play (Silver et al., 2018; 2017a;
Schrittwieser et al., 2020; OpenAl et al., 2019). This makes the domain a natural fit for our
taxonomy. Many game agents improve by updating model or policy parameters 6 through
reinforcement learning, while others improve by evolving the scaffold X, such as curriculum
logic, planning routines, or memory structures that store reusable skills and experience.

FM improvement through self-play and outcome feedback. Recent work extends self-
play to foundation models by using strategic games as sources of interaction data and
outcome-based learning signals. SPAG trains language models through a two-player adver-
sarial game and improves the policy via self-play reinforcement learning (Cheng et al., 2024c).
SPIRAL studies multi-turn zero-sum self-play and shows that self-generated competitive
interactions can provide a scalable signal for improving reasoning without human-labeled
data (Liu et al., 2026a). In adversarial game suites, SCO-PAL performs step-level policy
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optimization from game interaction data and identifies self-play as an effective opponent-
selection strategy for strategic reasoning (Zhang et al., 2025m). Self-play reinforcement
learning with limited initial data further examines how self-generated interactions can
bootstrap improvement when external supervision is scarce (Fang et al., 2025¢).

Imperfect-information and multi-agent settings introduce additional challenges in credit as-
signment and payoff estimation (Zhuge et al., 2023; Stani¢ et al., 2023). MARSHAL proposes
an end-to-end reinforcement learning framework for multi-agent self-play across coopera-
tive and competitive strategic games, and reports transfer beyond games to multi-agent rea-
soning benchmarks (Yuan et al., 2026). In negotiation-heavy environments, DipLLM studies
fine-tuning for equilibrium-oriented policies in Diplomacy, providing a parameter-updating
route for language-mediated strategic interaction (Xu et al., 2025e). For high-variance payoff
domains, SPRL uses reward shaping from self-play payoffs to stabilize training in com-
plex strategic games (Qi et al., 2026). Social deduction games provide another setting in
which language agents can improve long-horizon strategic behavior through reinforcement
learning from interaction outcomes (Xu et al., 2024b).

Scaffolding improvement through curricula and reusable skills. Games also support
scaffolding improvement because skills, procedures, and curricula can be represented
explicitly and reused across interactions. Voyager exemplifies this paradigm in Minecraft
by maintaining an expanding library of executable skills and an automatic curriculum that
persists across tasks (Wang et al., 2023). Odyssey extends this direction with a structured
open-world skill library and a planner—critic loop that improves long-horizon execution
through skill reuse and prerequisite checking (Liu et al., 2025d).

Beyond open-world games, several methods construct reusable skills from interaction
trajectories. Skill Set Optimization extracts high-reward subtrajectories, converts them
into transferable skills, and prunes ineffective ones, yielding continual in-context policy
improvement in game-like environments (Nottingham et al., 2024). ExpeL shows that agents
can accumulate experiences, distill them into natural-language lessons, and reuse them
as in-context demonstrations for later decision making (Zhao et al., 2024a). In strategic
and negotiation-heavy games, Richelieu maintains memory and reflection across self-play
interactions, using accumulated experience to revise planning and negotiation behavior
without weight updates at every step (Guan et al., 2024). Recent self-evolving strategic
systems similarly emphasize structural artifacts and long-term memory as the substrate for
iterative strategy refinement across repeated games (Belle et al., 2025).

Synthesis and open challenges. Games offer unusually clear conditions for studying self-
improvement. Their environments can be simulated, and feedback can be collected at scale.
At the same time, games reveal risks that may be less visible in software engineering or
web automation. Self-play can create brittle competence. A system may exploit a simulator
or a narrow opponent distribution. It may then fail when the population shifts or when
the rules change. In multi-agent games, improvement may also become non-monotonic.
Strategic cycling can make progress difficult to measure. Evaluation against a fixed set
of opponents may therefore give a misleading view of performance. Language-based
strategy raises further safety concerns. These concerns include persuasion and deception.
Win-loss objectives alone cannot govern such behaviors. Progress in this domain requires
population-based evaluation that captures non-transitivity. It also requires training designs
that promote robustness under rule and opponent shifts. Explicit constraints are also needed
for language-mediated interaction.

7.4 Scientific Discovery

Scientific discovery has long motivated self-improving and curiosity-driven agents. Earlier
work on artificial scientists and artificial curiosity framed learning agents as systems that
invent informative experiments, reduce uncertainty, maximize learning progress or infor-
mation gain, and iteratively improve their world models through self-generated interaction
(Schmidhuber, 1990; 1991b; Storck et al., 1995; Schmidhuber, 1997; 2003a; 2013; 2015). Con-
temporary FM-based scientific-discovery agents extend this line with large-scale language
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Table 5: Application arenas viewed as self-improvement loops. Each domain induces a
characteristic sandbox and learning signal, which shapes the dominant bottlenecks, the
primary improvement target, and the iteration mode.

modeling, tool use, literature grounding, and automated workflow orchestration. In the
FM era, the domain has become a high-impact setting for self-improving agents because
it spans the full research lifecycle, including hypothesis generation, writing, experiment
design, execution, analysis, and communication (Lu et al., 2024a; Yamada et al., 2025; Xiong
et al., 2025). Scientific discovery also differs from software engineering and web automation.
Scientific environments are fragmented across subfields, rely on heterogeneous tools and
data formats, and often provide feedback that is delayed, costly, or only partially auto-
mated. As a result, self-improvement in this domain is often realized as a research workflow
that accumulates reusable artifacts across projects, rather than as a single response-level
correction.

Evaluation substrate and feedback structure. Scientific discovery systems rely on diverse
feedback signals. In computational research, agents can run code, simulations, and abla-
tions. They can receive feedback from metrics, error traces, and experimental outcomes. In
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experimental science, feedback is often delayed and noisy. It is also constrained by repro-
ducibility, cost, and safety. These properties shape which improvement pathway is feasible.
FM improvement becomes more practical when reliable executable signals are available.
Scaffolding improvement becomes more central when the main bottleneck lies in tool access,
protocol selection, and evidence management across heterogeneous resources. More broadly,
scientific discovery has long motivated intrinsic feedback criteria beyond immediate task
success. These criteria include learning progress, information gain, compression progress,
and informative experiment design (Storck et al., 1995; Schmidhuber, 2007; 2010; 2013).

Scaffolding improvement through tool expansion and workflow evolution. A prominent
trend frames self-improvement as a tool-augmented research loop. In this loop, the agent
proposes hypotheses, invokes specialized tools, critiques results, and iterates. ChemCrow
shows that language-model control over a broad set of chemistry tools can improve relia-
bility and capability coverage. Under our definition, ChemCrow becomes self-improving
when its tool repertoire or selection policy is updated across tasks (M. Bran et al., 2024).
SciAgents emphasizes structured knowledge and multi-agent role specialization. It uses
ontological graphs and in-situ learning to refine hypotheses across fragmented literature
and data sources (Ghafarollahi & Buehler, 2024). HoneyComb moves closer to explicit
scaffold evolution. It constructs and refines domain tools and maintains a curated scientific
knowledge base. These updates correspond to structural changes in the tool layer and
retrieval policy (Zhang et al., 2024a).

A second line focuses on end-to-end research orchestration. The Al Scientist and Al-Scientist-
v2 implement iterative pipelines that generate ideas, write and debug code, run experiments,
analyze results, and draft manuscripts, with repeated refinement driven by internal critique
and experimental outcomes (Lu et al., 2024a; Yamada et al., 2025). Al co-scientist studies a
complementary setting in which multi-agent debate and evolution are aligned with scientist-
provided objectives and constraints; improvement appears as stronger hypothesis proposals
under evidence tracking rather than as next-token likelihood optimization (Gottweis et al.,
2025). In our taxonomy, these systems primarily instantiate scaffolding improvement
by revising planning strategies, experimental protocols, evaluation rubrics, and tool-use
policies.

Model improvement through closed-loop experimentation. Parameter-level improve-
ment is also possible in scientific discovery, though it often targets either scientific surrogate
models or the agent policy itself. Self-driving laboratories and closed-loop experiment
design provide a mature template: iterative experimentation updates internal models of the
objective landscape, which then guide the next experiments (Tobias & Wahab, 2025). When
reliable supervision is available, the agent policy can also be updated from experimental or
computational outcomes. Coscientist integrates web search, code execution, and laboratory
automation to design, plan, and run chemistry experiments (Boiko et al., 2023). ORGANA
and LLM-RDF further illustrate LLM-centered orchestration of experimental workflows
and instrument-facing actions, opening a path toward learning from experimental success
and failure when those signals can be formalized (Darvish et al., 2024; Ruan et al., 2024b).
These directions are promising, but they also show that parameter-level improvement de-
pends critically on feedback validity and on controls that prevent weak proxies or spurious
correlations from being mistaken for scientific progress.

Synthesis and open challenges. Scientific discovery highlights three domain-specific
challenges for self-improving agents. The first challenge is evaluation. Systems cannot
easily verify novelty, correctness, or reproducibility on their own. Apparent improvements
may instead reflect the exploitation of weak proxies. The second challenge is evidence
management under heterogeneity. Improvements must persist across tools, data formats,
and rapidly evolving literature. Stable scaffold evolution is therefore as important as
policy learning. The third challenge is safety and governance. Experimental actions can
be irreversible or hazardous. Scientific writing can also amplify misinformation when the
evidence is weak. Progress in this domain therefore depends on reproducibility-centered
evaluation, evidence tracking, and standardized experimental and computational protocols.
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It also depends on governance mechanisms that bound risk when agents propose or execute
real-world scientific actions.

7.5 Embodied AI and Robotics

Embodied Al studies agents that perceive, reason, and act through a physical or simulated
body. Compared with software engineering and web automation, this domain adds con-
tinuous state and action spaces, partial observability, safety-critical exploration, and the
sim-to-real gap. These properties make self-improvement valuable but difficult. In practice,
improvement is often realized as open-ended skill acquisition, where the agent accumulates
reusable competence across tasks, embodiments, and environments.

Evaluation substrate and feedback structure. Embodied evaluation is typically conducted
in simulation suites and real-robot trials, with feedback ranging from dense rewards to
sparse success criteria and human interventions. Benchmarks such as RLBench, ManiSkill2,
and Meta-World enable controlled comparison of improvement loops in simulation (James
et al., 2020; Gu et al., 2023; Yu et al., 2020). High-throughput simulators such as Isaac Gym
reduce iteration cost and support large-scale training and ablations (Makoviychuk et al.,
2021). Since evaluation protocols are discussed more generally in Section 8, we focus here
on how embodied settings instantiate self-improvement mechanisms.

FM improvement through autonomous practice and data flywheels. A core route to
embodied self-improvement is iterative data collection followed by policy updating, forming
a data flywheel across interactions. RoboCat embodies this mechanism by training a multi-
task, multi-embodiment manipulation policy and then using the trained policy to generate
additional data for subsequent training iterations (Bousmalis et al., 2024). MEDAL++
proposes a nearly autonomous reinforcement learning loop in which the robot learns to
both perform and undo tasks, enabling reset-free practice and improving success rates with
minimal human supervision (Sharma et al., 2023). AutoRT scales real-world experience
acquisition by using foundation models to propose diverse instructions and orchestrate robot
fleets in the wild, producing large collections of interactions for later policy improvement
(Ahn et al., 2024). Robot-Powered Data Flywheels formalize deployment as continual
data collection and foundation-model adaptation, demonstrating improvement of vision-
language components through robot-generated in-the-wild data (Grannen et al., 2025).
Self-Improving Embodied Foundation Models further propose a post-training recipe that
uses shaped success detection to support autonomous robot practice and skill acquisition
beyond imitation data (Ghasemipour et al., 2025).

Scaffolding improvement through curricula, memory, and safety logic. Embodied sys-
tems also benefit from scaffolding improvement because much of the difficulty lies in
exploration, recovery, and safe interaction. RoboGen illustrates a generative simulation
paradigm that automatically produces tasks, scenes, and supervision signals, effectively
evolving the curriculum and data generation process across iterations (Wang et al., 2024e).
RACAS (Ashley et al., 2026) accumulates the embodied knowledge of robot control through
a structurally self-managed memory. AutoRT can be viewed as a scaffold-level improve-
ment approach when its instruction proposal policy, risk filters, and orchestration logic
are iteratively refined to increase coverage while controlling safety violations (Ahn et al.,
2024). Retrieval-driven upskilling and curriculum refinement provide another scaffold-level
mechanism, allowing agents to accumulate reusable task recipes and training specifications
across deployments (Zhu et al., 2025a). These structural artifacts can transfer across tasks
even when the base model remains fixed.

Synthesis and open challenges. Embodied self-improvement faces multiple practical con-
straints, including safety, non-stationarity, and hardware cost. Real robots may experience
sensor drift, rare but severe failures, and irreversible actions. These factors limit simple
trial-and-error strategies. They also make the improvement process highly dependent on
the design of safe exploration and recovery mechanisms. Simulators can support large-scale
training. However, differences between simulation and reality often make improvements
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achieved in simulation difficult to transfer to real platforms. This gap calls for curriculum
learning methods and data collection strategies that are specifically designed for transfer.
Evaluation is also challenging. Some improvements may only reflect shortcuts found for
specific benchmarks. Real deployment conditions also vary across laboratories and plat-
forms. Progress in this field therefore depends on safety-aware improvement procedures,
curriculum learning methods for sim-to-real transfer, and cross-embodiment evaluation
practices. These practices are needed to distinguish genuine skill acquisition from overfitting
to specific benchmarks.

7.6 General Computer Control

General computer control studies agents that operate full operating systems and third-party
applications through graphical user interfaces. This setting is broader than web navigation
because it requires control over files, windows, dialogs, shortcuts, and application-specific
workflows, often across multiple applications within a single task. The main difficulty
is environment diversity: the agent must adapt to unseen software and interface conven-
tions. Self-improvement in this domain is therefore best understood as acquiring reusable
procedures for learning new applications from interaction.

Evaluation substrate. Studying cross-interaction improvement requires reproducible
operating-system environments with execution-based scoring. OSWorld provides a real
computer environment that supports task setup and automated evaluation for open-ended
computer tasks across operating systems (Xie et al., 2024). WindowsAgentArena offers
a Windows-focused benchmark and scalable OS-level evaluation (Bonatti et al., 2025).
OSWorld-MCP extends evaluation beyond GUI actions by measuring tool invocation ability
under the Model Context Protocol (Jia et al., 2026). Further discussion of evaluation appears
in Section 8.

Scaffolding improvement via experience and procedural reuse. In general computer
control, early gains often come from scaffold improvement because agents must handle
long horizons and application-specific idiosyncrasies. Agent S introduces experience-
augmented hierarchical planning with continual memory updates and retrieval over past
trajectories. This enables cross-task gains through reusable procedural knowledge and
supports transfer across OS benchmarks when memory and retrieval policies are maintained
across interactions (Agashe et al., 2025). SEAgent emphasizes autonomous mastery of novel
software by generating curricula from simple to complex tasks and using a world-state
model for step-wise trajectory assessment (Sun et al., 2025b). These components instantiate
scaffold evolution through task generation, evaluation heuristics, and reusable exploration
routines that persist across episodes even when the base model is unchanged.

FM improvement through iterative training and verifier construction. A complementary
line updates 6 using automatically collected interaction traces and learned evaluative sig-
nals. UI-Genie proposes a self-improving pipeline that co-evolves an agent and a reward
model for GUI tasks, addressing outcome verification and scalable data generation through
reward-guided exploration (Xiao et al., 2025). GUI-Reflection trains self-reflection and error
correction abilities through iterative online reflection tuning, turning failures into supervi-
sion for subsequent parameter updates (Wu et al., 2025a). SEA proposes verifiable trajectory
generation and step-wise reinforcement learning for long-horizon computer-use training
(Cheng et al., 2026a). ComputerRL studies sustained end-to-end online reinforcement
learning on OSWorld and introduces alternating training phases to mitigate optimization
pathologies in extended RL (Lai et al., 2026). PC Agent-E reduces reliance on large-scale
human demonstrations by combining a small seed set with synthetic action decisions,
providing an economical route to iterative policy improvement (He et al., 2026b).

Synthesis and open challenges. General computer control brings challenges that are
not always apparent in purely web-based settings. Safety is a central concern because an
agent may delete files, enter passwords, or initiate financial transactions. Any improvement
process must therefore include safeguards and conservative recovery strategies. Verification
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is also difficult. In software engineering, unit tests can often provide clear feedback. In
general computer control, success may depend on the operating system state, external
accounts, or user-specific context. Another challenge is transfer. Agents need to learn
new applications without relying too much on surface-level Ul patterns. This calls for
exploration strategies and curricula that encourage procedural abstractions. Progress will
require reliable state-based verification where possible, cautious policies for irreversible
actions, and adaptation mechanisms that support transfer across new applications. These
issues also connect to early work on meta-reinforcement learning with self-modifying
policies, where agents adapted by collecting long-term statistics about the effects of their
own modifications during a lifelong trial (Schmidhuber, 1994; Schmidhuber et al., 1997;
1998; Schmidhuber, 1999; 2006a).

8 Evaluation

A self-improving agent may update the parameters of its foundation model, or may change
its scaffolding, such as prompts, memory, tools, and orchestration logic. Evaluation therefore
should treat improvement as a process that unfolds over time. It should also separate real
capability gains from artifacts created by the improvement pipeline. For improvement claims
to be comparable across studies, the evaluation protocol should specify several elements.
These elements include what persists across interactions, which feedback signals drive
updates, what operational budgets constrain the agent, and where the boundaries of true
capability transfer should be drawn. With these dimensions in view, Section 8.1 discusses
metric-based and judge-based measurement. Section 8.2 then surveys the benchmarking
landscape by distinguishing mechanism benchmarks from domain benchmarks.

8.1 Measuring Improvement

Evaluating agents solely on episodic tasks obscures their long-term evolution. Grounded in
lifelong meta-reinforcement learning (Schmidhuber, 1994), robust validation must extend
beyond static benchmark gains to assess whether self-modifications yield compounding,
sustained benefits across the agent’s broader operational lifetime (Schmidhuber et al., 1997;
1998; Schmidhuber, 1999). To measure these compounding benefits, this subsection first
outlines metric-based reporting requirements, followed by judge-based measurements for
tasks lacking executable oracles.

Formalizing the Evaluation Objective. In this section, we first formalize the evaluation
of a self-improving agent. Recall that the agent configuration at iteration t is Ay = (6, X¢).
Unlike static systems evaluated by a single terminal score, evaluating a self-improving
agent requires tracking a performance trajectory over iterations t € {1,..., T} subject to a
cumulative resource budget by < Bnax. At t-th iteration, for a task x drawn from a held-out
evaluation distribution Dey,, the agent generates an execution trace T ~ A;(x). The overall
capability at iteration ¢ is measured by the expected score:

mp = IEXNDeval,TNAf(x) [CI)(x, T)] ’ (26)

where ® acts as the generic evaluator. The difference between metric-based and judge-based
measurement lies in the instantiation of ®:

¢ Metric-based measurement (Section 8.1.1): ®oric acts as a deterministic, exe-
cutable evaluator. For instance, in software engineering, ®metic(v,7) € {0,1}
directly verifies if the generated code in T passes the programmatic unit tests de-
fined in x. It provides objective grounding but is inherently limited to tasks with
formal success criteria.

* Judge-based measurement (Section 8.1.2): ®j, 4. acts as a parameterized evaluator.
It approximates the objective by conditioning on a predefined rubric x and relies on
an auxiliary model 6j,q4g. (€.g., LLM-as-a-Judge), formulated as ®jugge (X, T, €; Ojudge )-
While this enables the evaluation of open-ended and long-horizon tasks, it intro-
duces new vulnerabilities, such as the agent over-optimizing to the judge’s latent
biases rather than the ground-truth objective.
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8.1.1 Metric-Based Measurement

Report trajectories under a fixed budget. Self-improvement unfolds over time and naturally
exhibits plateaus or regressions. Evaluation should therefore report the full performance
trajectory (m;) across update iterations (t) rather than exclusively highlighting a final peak
score, bounded by a predefined resource budget (Bmax) (Xi et al., 2024). The protocol should
explicitly specify checkpoints, acceptance criteria, and early-stopping rules; without them,
unbounded iterations risk overfitting to the evaluation distribution, thereby artificially
inflating peak scores at the cost of general robustness. Furthermore, because trajectory
dynamics, such as accumulated memories or code patches, are highly sensitive to initializa-
tion, reproducibility demands reporting expected performance and variance across multiple
random seeds (Siegel et al., 2024; Aleithan et al., 2024).

Test transfer beyond the improvement signal. To confirm genuine capability gains rather
than memorization of the feedback, evaluation should measure performance (1;) on a held-
out distribution (Dey,)) that does not overlap with the optimization data (Deng et al., 2023;
Lu et al., 2024c). To prevent agents from overfitting to the improvement process, rigorous
protocols usually adopt two specific safeguards: employing private, unreleased task sets
(hidden evaluation), or testing on newly generated tasks constructed after the foundation
model’s knowledge cutoff (temporally shifted evaluation) (Gu et al., 2023; Mialon et al.,
2024).

Account for resource efficiency and supervision. While trajectory tracking bounds the
evaluation process, the exact composition of the cumulative cost (b;) dictates the real-world
practicality of the improvement pipeline. Self-improvement inherently consumes compute,
API tokens, wall-clock time, etc. A rigorous protocol should provide a transparent cost
breakdown rather than just final task success to ensure fair comparisons of efficiency across
methods (Lange et al., 2026; Ni et al., 2025). Crucially, any reliance on external human
oversight fundamentally compromises the “self” in self-improvement. Therefore, if human-
in-the-loop interventions are employed, their exact magnitude and modality should be
explicitly quantified, as varying levels of external supervision fundamentally alter the
agent’s autonomous learning dynamics (Wang et al., 2024c; Drouin et al., 2024b).

Track stability, regressions, and safety over time. Iterative self-modification can induce
goal drift, reward hacking, and compounding errors in memory or tool use (Amodei et al.,
2016; Bai et al., 2022; Ruan et al., 2024a; Yang et al., 2025c). Consequently, evaluation should
track regression rates on previously solved tasks, tail-risk indicators, and safety policy
violations across iterations, rather than relying exclusively on mean success rates (Levy
et al., 2026; Yin et al., 2025a).

Recommended reporting items. For each method and benchmark suite, empirical re-
ports should consistently provide: initial baseline performance, performance after a fixed
improvement budget, learning curves across iterations, transfer capabilities on held-out
tasks, regression rates on previously solved instances, and a comprehensive cost summary
(compute, tool invocations, time, and human input).

8.1.2 Judge-Based Measurement

A substantial fraction of agent workloads lack formal success criteria, rendering determinis-
tic checks (P metric) inapplicable. In open-ended or partially observable domains, evaluation
necessitates parameterized judges (®juqge) to translate complex long-horizon trajectories
and intermediate artifacts into structured scores. These evaluators utilize standard LLMs
or autonomous Agent-as-a-Judge pipelines (Zhuge et al., 2024b; You et al., 2026; Zhang
et al., 2025b; Wadhwa et al., 2025; Xu et al., 2025d; Han et al., 2025a). However, because
parameterized judges only approximate human-aligned ground-truth objectives, they may
introduce distinct vulnerabilities—most notably, the risk of a self-improving agent over-
optimizing to the judge’s latent biases. Consequently, judge-based evaluation demands
specific operational safeguards.

Specify the judge and the judging budget. When ®;,q4,. is employed to compute the
evaluation score (1), the protocol should mandate full transparency regarding the judge’s
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identity and parameters (fjyqge)- This includes the exact foundation model version, the
prompt formulation, the precise rubric (x), and the environmental evidence exposed to the
judge. Crucially, the protocol should isolate the judging budget from the agent’s execution
budget (b). Because evaluation reliability fluctuates heavily with the resources allocated
to the judge—such as context window limits, allowed multi-agent debates, or tool-use
steps—failing to report the judge’s computational overhead obscures whether the agent
genuinely improved or the evaluator merely became more exhaustive.

Prevent over-optimization to the judge and report reliability signals. If the identical
evaluation operator ®j,qg. is used both to drive updates and to report final results, the
self-improving system will likely over-optimize to the judge’s latent biases rather than
the intended objective. To prevent this, rigorous protocols should enforce evaluator inde-
pendence by employing a distinct judge configuration for final reporting, such as a more
capable foundation model ( j’u dge) or an orthogonal evaluation rubric (x’). Reliability can be
supported by empirical evidence, such as repeated runs with variance estimates, aggrega-
tion across multiple judge instances, and calibration against a verifiable subset using ®metric
or targeted human review.

8.2 Benchmarking Improvement

Benchmarks for self-improving agents vary along two attributes that determine what an
evaluation can validate. The first attribute is the update channel. Some methods update the
foundation model (0), while others keep the foundation model fixed and update only the op-
erational scaffolding (X). The second attribute is the evaluation interface. Some benchmarks
use single-shot input-output evaluation, while others require interactive multi-step behavior
with tools, memory, and environment feedback. These attributes are complementary, and
they jointly determine the appropriate transfer tests, regression checks, and cost accounting.
This section distinguishes mechanism-focused benchmarks, which isolate how improve-
ment is produced, from domain-focused benchmarks, which instantiate improvement under
realistic task and feedback constraints.

8.2.1 Mechanism Benchmarks

Mechanism-focused benchmarks serve as the empirical testbeds for the rigorous evalua-
tion protocols established above. Rather than assessing static zero-shot execution, these
environments isolate specific update channels—such as memory expansion or prompt
refinement—to quantify continuous adaptation. By enforcing strict resource budgets (b;)
and evaluating on entirely held-out task splits (Deya)), they systematically distinguish gen-
uine capability transfer from localized overfitting. Figure 12 summarizes representative
benchmarks and their usage across self-improving agent systems, grouped by evaluation
interface.

FM-Level Evaluation. FM-level benchmarks isolate capability gains derived from up-
dating foundation model parameters (6; — 6;11) while keeping the scaffolding constant.
Because parametric updates are susceptible to catastrophic forgetting and subtle training-
data leakage, testbeds in this category prioritize rigorous provenance tracking and strict
dataset compartmentalization (Aleithan et al., 2024). Rather than merely measuring peak
zero-shot accuracy, representative suites enforce retention auditing across adjacent task
families to expose distributional drift (Ruan et al., 2024a). Executable and repository-based
evaluations are are favored here because they provide objective checking (Pmetric) and
fine-grained regression detection (Ni et al., 2025).

SCAFFOLD-Level Evaluation. When the backbone model is frozen (6;11 = 6;), improve-
ments arise from changes to the scaffolding (X; — X;1), such as prompt policies, critique
loops, memory write and retrieval rules, and tool routing. Mechanism-focused evaluation
for this channel benefits from component isolation. The protocol should specify which
architectural component is modified and evaluate both capability gains and new failure
surfaces. Prompt-policy changes should be evaluated under paraphrases, formatting shifts,
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Note: Benchmarks marked with “*” denote a benchmark family
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Figure 12: Paper-benchmark incidence matrix for self-improving agents, covering repre-
sentative benchmarks and methods. Rows enumerate benchmark suites and are grouped
by evaluation interface: benchmarks (interactive, agent-centric) versus
benchmarks (static, model-centric). Columns are representative self-improving
methods; column colors indicate the improvement mechanism used in our taxonomy: FM
improvement and / memory/ tool/ full scaffolding self-improvement. A filled
cell indicates that the corresponding paper uses the benchmark; “*” denotes a benchmark
family.

and longer contexts to measure genuine robustness rather than repeated optimization on
a single template. Memory changes should be evaluated with long-horizon recall and
cross-modal or multi-party consistency, as well as resistance to poisoning, unauthorized
disclosure, active-forgetting failures, and compounding errors (Yang et al., 2025¢; Zhu et al.,
2026a; Ren et al., 2026b). Tool changes should be evaluated with verifiable benchmarks that
measure tool invocation, tool selection, and argument grounding under multi-step interac-
tion, since common failures arise from ordering mistakes and near-miss parameterization
rather than incorrect intent (Patil et al., 2025; Huang et al., 2024b; Shen et al., 2024; Wang
et al., 2024c¢).

Attribution Across Mechanisms. Mechanism comparisons require precise attribution.
Evaluations should include ablations that change the updated component, replay-style
rollouts that hold environments fixed while swapping the updated module, and regression
checks on tasks that were previously solved. Even partial attribution improves interpretabil-
ity by separating true architectural gains from reasoning variance, retrieval noise, or mere
benchmark exploitation.

8.2.2 Domain Benchmarks

While mechanism benchmarks isolate specific update channels, domain-focused evaluation
instantiates the evaluation framework under realistic feedback and task distributions. For
each domain, a rigorous protocol should state the available feedback signal, the permitted
update channel (¢ or X), the granted resource budget (b;), and the strictly held-out sets
(Deval) used for transfer and regression checking. Across domains, it is standard practice to
report learning curves under fixed budgets, transfer capabilities to held-out task families,
and track regression and safety indicators alongside mean success rates (Xi et al., 2024; Levy
et al., 2026; Yin et al., 2025a).
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Software Engineering. Software engineering environments supply deterministic, exe-
cutable feedback (Pmetric), making them ideal testbeds for grounding self-improvement
claims. Rather than relying on abstract reporting rules, modern suites in this domain struc-
turally enforce rigorous evaluation: they quantify capability transfer across completely
disjoint repositories and utilize extensive, hidden regression tests to expose localized over-
fitting. Representative platforms range from repository-level issue resolution, such as
SWE-bench and its leakage-robust variants (Jimenez et al., 2024; Aleithan et al., 2024), to
interactive codebases that stress continuous exploration (Qiu et al., 2025d). Furthermore,
advanced testbeds treat the feedback mechanism itself as a mutable artifact, with environ-
ments like SWT-bench and TDD-bench requiring agents to autonomously generate and
refine the very unit tests driving their own improvement loops (Miindler et al., 2024; Ahmed
et al., 2024).

Web Navigation and Automation. Web environments are dynamic and sensitive to super-
ficial layout cues, so evaluation should carefully separate genuine generalization from mere
memorization. Protocols benefit from controlled websites or environment randomization,
and they track whether extraction errors compound when written into memory. Benchmarks
include controlled execution-based suites such as WebArena and VisualWebArena (Zhou
et al., 2024; Koh et al., 2024), transfer-oriented suites on real websites such as Mind2Web-
style benchmarks (Deng et al., 2023; Pan et al., 2024), and enterprise settings that evaluate
policy compliance under continuous improvement (Levy et al., 2026).

Gaming and Strategic Reasoning. Games expose learning curves naturally, but evaluation
should guard against overfitting to a fixed opponent pool. Protocols employ diverse
opponents, cross-play evaluation, and held-out strategies (Dey,1). Representative suites
include dynamic instance generation for interactive agents (Chalamalasetti et al., 2023; Beyer
et al., 2024), head-to-head evaluation for robustness (Costarelli et al., 2024), and negotiation
environments with quantitative outcomes (Abdelnabi et al., 2024; Duan et al., 2024).

Scientific Discovery. In scientific discovery, improvement can be tied to verifiable artifacts
such as executable analyses, reproducible results, and traceable provenance. Evaluation
should prioritize execution-based checks (®petric) and report wall-clock time and opera-
tional cost alongside artifact quality. Benchmarks include reproducibility-focused execution
tasks (Siegel et al., 2024), controlled research-agent suites (Bragg et al., 2026), and protocols
that grade iterative progress and replication quality (Starace et al., 2025). Simulated dis-
covery environments provide controlled testbeds for long-horizon evaluation (Jansen et al.,
2024; Chen et al., 2025¢).

Embodied AI. Embodied evaluation handles severe distribution shifts and physical safety
constraints that limit free exploration. Protocols report success rates under controlled
environmental shifts, and crucially track safety constraint violations and recovery behavior
across iterations. Representative benchmarks include safety-oriented suites (Yin et al., 2025a),
transfer-oriented manipulation benchmarks (Gu et al., 2023), and multi-modal embodied
benchmarks that stress grounding and generalization (Yang et al., 2025b).

General Computer Control. Desktop agents combine heterogeneous applications, long
contexts, and fragile user interface feedback. Evaluation should report reliability, error-
recovery capabilities, latency, and operational cost under standardized virtual machines.
Benchmarks include operating system level virtual machine suites with programmatic
evaluators (Xie et al., 2024; Bonatti et al., 2025), controllable application simulators with state-
based scoring (Trivedi et al., 2024), and tool-use suites that test tool invocation, selection,
grounding, and safety failure modes (Patil et al., 2025; Huang et al., 2024b; Ruan et al.,
2024a).
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Evaluating self-improving agents necessitates a fundamental shift from static zero-
shot scoring to continuous tracking. A robust methodology should report learning
trajectories under fixed budgets, transfer capabilities beyond the training signal,
overhead costs, and regression indicators over time. While mechanism-focused
suites isolate architectural update channels, domain-focused suites instantiate these
same rigorous requirements under realistic interactive environments, execution
bottlenecks, and safety constraints.

9 Discussion

Self-improving agents are closed-loop dynamical systems (Xie et al., 2024). According to our
formulation, an agent A; = (6, X¢) progresses by executing a signal-generation procedure
and applying a stable update rule to induce new policy. Consequently, the goal of the
study is no longer the static agent but the mechanism driving its evolution (Yampolskiy,
2015; Robeyns et al., 2025; Pan et al., 2025). Building on the rigorous evaluation protocols
established in Section 8, we examine the architecture of such systems and outline key
directions for future research.

9.1 Implications for System Design

From Fast Exploration to Slow Consolidation. Modifying the operational scaffold (X)
drives a fast adaptation loop. Prompt edits, memory writes, and tool adjustments have
minimal computational overhead and are reversible. In contrast, parameter updates (6) are
much slower. While weight modifications excel at transferring capabilities across distinct
domains, they inherently obscure credit assignment: a bad prompt is easily reverted, but a
regression absorbed into model parameters is notoriously difficult to trace.

This structural asymmetry necessitates specific deployment strategies. When environmental
feedback is noisy, it’s better to confine updates within the scaffold and validate them
through rigorous execution tests. Parametric consolidation (through distillation or fine-
tuning) can be deferred until the new behavior has proven stable (Qiu et al., 2025a; Lyu
et al., 2026). However, parametric consolidation is a lossy compression. Distilling complex
trajectories into neural weights inherently biases the model toward average-case execution.
This process often discards the rare but crucial error-recovery strategies discovered during
exploration. As a result, any update to 8 invalidates prior safety bounds, necessitating
renewed adversarial testing to verify that edge-case resilience was preserved (Dou et al.,
2024; Wu et al., 2024a).

The Critic as Governed Infrastructure. A critic embedded within a closed loop operates
as an attack surface, not a passive benchmark. As the agent optimizes against the critic, it
inherently develops incentives to discover shortcuts. Therefore, the ceiling of an agent’s
capability is usually bottlenecked by the critic’s exploit-resistance (Zhan et al., 2024b; Zhang
etal., 2025f). This perspective treats the critic as governed infrastructure. If an agent conflates
the roles of proposing updates and accepting them, it collapses into a self-confirming
loop. Therefore, critics can be decoupled from the generators. Furthermore, while the
critic itself can evolve (e.g., generating stricter test cases), its updates can not be under
the unconstrained control of the agent it evaluates. Evolving critics should be restricted
to monotone changes (e.g., purely additive test generation) and gated by human audit
trails (Fang et al., 2025b; Li et al., 2025d).

Safety through Layered Gating. Self-improvement can complicate Al alignment because
the object being aligned is non-stationary. A core challenge in recursive self-improvement is
how a weaker system can reliably reason about more capable successor systems (Fallenstein
& Soares, 2015). The risks are most severe under full-scaffolding self-improvement, where
the agent can modify its own source code or operational logic (Xi et al., 2024). In this regime,
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standard transient exploits (like a one-off prompt injection) can evolve into persistent
architectural vulnerabilities, as poisoned memories or hijacked tool logics are committed as
stable updates. Consequently, a self-improving agent should be conceptualized as untrusted
code executing in a protected runtime environment. Security cannot rely solely on the
initial alignment of the foundation model. Instead, systems require layered gating—a strict
permission system for self-modification. Before any structural update is committed to X4
or 6;,1, the proposed patch must pass verifier-gated checks, covering functional correctness,
tool permission boundaries, and robustness to random state perturbations. Improvement is
only permitted within an explicitly defined and continuously audited safety boundaries.

9.2 Future Directions

Self-improving agents require reliable and stable update cycles that are immune to distribu-
tion shifts, strict computational constraints, and severely degraded reward signals (Zhuge
et al., 2026a).This survey categorizes the path forward into two central bottlenecks, yielding
six critical directions for future research.

Theme A: Algorithmic Paradigms for Lifelong Adaptation

1. Test-Time Continual Adaptation. The separation between training and deployment
phases often compromises an agent’s practical robustness in the real world. Addressing
this requires scalable test-time adaptation mechanisms (Xia et al., 2025; Yang et al., 2026a)
that allow models to update their retrieval, routing, and memory policies dynamically
during execution. Yet, implementing such on-the-fly patching introduces a critical trade-off:
we should manage these localized updates carefully to prevent them from subtly eroding
the system’s long-term global performance.

2. Active Exploration and Curiosity. Self-improving agents should autonomously seek
out valuable experiences rather than passively accepting human-curated tasks. In sparse
feedback domains, agents can improve sample efficiency by assigning intrinsic value to
interactions with high prediction errors or verifier disagreement (Schmidhuber, 1991c;
Zhao et al., 2026b). Future work could focus on developing intrinsic reward mechanisms
to safely drive exploration and avoid falling into a degenerate, self-deceptive cycle.

3. Parametric Distillation and Joint Optimization. Scaffold-level improvements good
at discovering complex, multi-step recovery strategies (e.g., iterative debugging or self-
reflection), but they usually incur prohibitive context and latency costs. A profound future
direction is automating the transfer of these “System 2” algorithmic structures into the “Sys-
tem 1” parametric weights of smaller models (Qiu et al., 2025c). Besides, another research
direction is joint optimization, where both the foundation model weights (6) and the exter-
nal scaffold (X) are updated concurrently within the same self-improvement loop (Hebbar
et al., 2026). Realizing this co-adaptation requires solving a formidable credit assignment
problem: when the agent fails, the improvement operator should autonomously decide
whether the better fix is to refine a prompt, rewrite a tool wrapper, or compute a gradient
update.

Theme B: Complexity, Constraints, and Open-World Robustness

4. Resource-Constrained Improvement Dynamics. In open-ended scenarios, current
methods usually lead to unproductive exploration, exhausting computational budgets and
token limits without reliably advancing the underlying policy. Consequently, evaluating
these systems requires moving beyond static peak performance to prioritize improvement
efficiency. This reframes self-improvement as a resource optimization problem, where
overhead can be mitigated by dynamically allocating context, gating expensive neural
evaluations behind lightweight invariant checks, and penalizing wasted iterations (Feng
et al., 2026a).

5. Multi-Agent Cooperative Co-Evolution. Single-agent exploration is extremely ineffi-
cient with vast search spaces. One research direction is to explore collaborative improve-
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ment architectures, where specialized agents co-evolve by sharing reusable artifacts such
as generated regression tests, successful code patches, or improved tool wrappers (Chen
et al., 2025d; Wang et al., 2026c). Realizing this vision requires establishing secure, version-
controlled protocols (e.g., artifact repositories). This enables agents to inherit collective
knowledge without single points of failure or cascading attacks on multi-agent reward
mechanisms.

6. Surviving Open-World Distribution Drift. The robustness of self-improvement de-
pends on the environment that drives it. Current testing platforms rely heavily on static
repositories or unchanging simulators (Sunil et al., 2026a). However, real-world deploy-
ments need to cope with constantly changing APIs, redesigned user interfaces, and ad-
versarial user input. Future infrastructure should abandon static leaderboards in favor of
non-stationary simulators, allowing the interface to drift continuously (Froger et al., 2026).
Exposing agents to these open-world perturbations will force the development of self-
improvement loops that resist catastrophic forgetting and environmental non-stationarity.
At the substrate level, neural-computer formulations further suggest replacing fixed ex-
ternal execution interfaces with learned runtime states that unify computation, memory,
and I/O, pointing beyond agents that merely operate computers toward adaptive neural
runtimes (Zhuge et al., 2026b; Rivard et al., 2026).

In summary, we should transition from building stateless Al tools that reset after every
interaction to designing systems capable of continuous self-improvement. Realizing this
vision goes beyond simply scaling foundation models. It necessitates robust feedback
mechanisms, safe architectures for self-modification, and a fundamental rethinking of
evaluation as an ongoing, integrated process rather than a static benchmark.

10 Conclusion

The vision for machines that can improve themselves is an enduring theme in artificial
intelligence. Building upon early successful implementations, the advent of large foundation
models has substantially broadened the scale, versatility, and scope of self-improving
systems. This survey synthesized this paradigm shift through a unified systems lens,
distinguishing two primary pathways: (1) foundation-model improvement as a parametric,
slower loop (driven by intrinsic generative demonstrations, intrinsic evaluative feedback,
or extrinsic exploratory experience), and (2) scaffolding improvement as a non-parametric,
faster loop (updating prompts, memory, tools, and full scaffolds).

Looking ahead, the journey toward truly self-improving agents is entering a decisive phase.
Technical challenges such as scalable and secure evaluation, alignment under continuous
adaptation, and the integration of these fast and slow improvement loops remain open and
pressing. Crucially, as agents progress to self-referential architectures—modifying not only
their behavior but also their own reasoning structures—we are invited to imagine a future in
which Al does not merely execute human-defined tasks, but evolves to meet them. We hope
this survey serves as both a roadmap and a catalyst for that future, equipping researchers
with a common language to build self-improving systems that are measurable, attributable,
safely bounded, and capable of progressively expanding the frontiers of machine autonomy.
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Notation

Here we summarize the recurring symbols used throughout the survey and provide a
compact guide to their meanings.

Table 6: Summary of notation used in the survey.

Symbol Description Reference

General agent formalism

Ay Agent configuration at iteration ¢. Sec. 3
Ajt Agent history up to iteration ¢. Sec. 3
0t Foundation model parameters. Sec. 3
01.¢ Parameter history up to iteration . Sec. 3
pan Scaffold configuration. Sec. 3
P Scaffold history up to iteration ¢. Sec. 3
pt Prompt or instruction component. Sec. 3, Sec. 6.1
mg Memory component. Sec. 3, Sec. 6.2
Ti Tool component or tool set. Sec. 3, Sec. 6.3
St Control, routing, or verification logic. Sec. 3
o, 5, Policy induced by model and scaffold. Sec. 3
X Input, observation, or task context. Sec. 3
Ay Agent action or output. Sec. 3
Ct Task or deployment context. Sec. 3
E() Agent execution procedure. Sec. 3
u General self-induced update operator. Sec. 3
Uy Model-parameter update operator. Sec. 3
Us Scaffold update operator. Sec. 3
S; Learning or improvement signal. Sec. 4
IMPROVE(-) Abstract improvement operator. Sec. 4
IMPROVE,(+) Foundation-model improvement operator. Sec. 5
6

IMPROVEgy (-) Scaffold improvement operator. Sec.

Foundation model improvement

Dy Intrinsic generative demonstrations. Sec. 5.1
DE" Generated training dataset. Sec. 5.1
(xi,y1) Generated input-output pair. Sec. 5.1
ng Number of generated instances. Sec. 5.1
Pgen Agent-induced data distribution. Sec. 5.1
ol Data filtering or weighting procedure. Sec. 5.1
L(9;Dy) Training objective on D;. Sec. 5.1
(6, 60) Regularizer around reference parameters. Sec. 5.1
A Regularization coefficient. Sec. 5.1
6o Reference or initial checkpoint. Sec. 5.1
Ot(k) Inner-loop parameter state. Sec. 5.1
B[(k> Minibatch at inner step k. Sec. 5.1
Mk Inner-loop step size. Sec. 5.1
K Number of inner update steps. Sec. 5.1
Vo Gradient with respect to 0. Sec. 5.1
Yi(x) Candidate outputs for input x. Sec. 5.2
ygk) The k-th candidate output. Sec. 5.2
K Number of candidate outputs. Sec. 5.2
ot Intrinsic evaluator or judge. Sec. 5.2
Kt Evaluation criterion or rubric. Sec. 5.2
e Intrinsic evaluative feedback. Sec. 5.2

Continued on next page
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Symbol Description Reference
Tt Scalar reward or reward-like signal. Sec. 5.2, Sec. 5.3
yt -y Preference relation. Sec. 5.2

ct Natural-language critique. Sec. 5.2, Sec. 6.1.2
vi Revised target output. Sec. 5.2
C() Consistency or confidence aggregator. Sec.5.2
R(") Critique-and-revision operator. Sec. 5.2

T Interaction trajectory or experience. Sec. 5.3

s Environment state. Sec.5.3

a Environment action. Sec.5.3

r Environment reward. Sec.5.3

s/ Next environment state. Sec. 5.3
Ttg, %, Induced policy of the FM-based agent. Sec. 5.3
Wi(sky1, 7% | Learned world model. Sec. 5.3.2
Sks ak)

Scaffold improvement

P Prompt search space. Sec. 6.1.1
p Candidate prompt. Sec. 6.1

p* Best prompt under a score. Sec. 6.1.1
f(p) Scalar prompt score. Sec. 6.1.1
P+l Updated prompt. Sec. 6.1
Refine(-) Prompt refinement operator. Sec. 6.1.2
Critique(-) Critique function. Sec. 6.1.2
Output(p;) Output generated under prompt p;. Sec. 6.1.2
P Prompt population. Sec. 6.1.3
p§l) The i-th prompt in P;. Sec. 6.1.3
N Population size. Sec. 6.1.3
Fit(p) Prompt fitness function. Sec. 6.1.3
Pchild Offspring prompt. Sec.6.1.3
Crossover(+) Prompt crossover operator. Sec. 6.1.3
Mutate(+) Prompt mutation operator. Sec. 6.1.3
(pr) Textual gradient or update guidance. Sec. 6.1.4
@ Textual update operation. Sec. 6.1.4
IMPROVE, Prompt improvement operator. Sec. 6.1
IMPROVE,, Memory improvement operator. Sec. 6.2
object, Stored memory objects. Sec.6.2.1
structure; Memory structure or index. Sec. 6.2.2
Create Memory write operation. Sec. 6.2.3
Read Memory retrieval operation. Sec. 6.2.3
Update Memory revision operation. Sec. 6.2.3
Delete Memory pruning operation. Sec. 6.2.3
IMPROVET Tool improvement operator. Sec. 6.3
Iy, Scaffold improver. Sec. 6.4
(Z¢) Serializable scaffold encoding. Sec. 6.4
exec(-) Execution of a scaffold encoding. Sec. 6.4
P Proposed scaffold update. Sec. 6.4
V() Scaffold validation function. Sec. 6.4
Evaluation and iteration

t Outer-loop iteration index. Throughout
t+1 Next self-improvement iteration. Throughout
k Inner step or candidate index. Sec. 5.1, Sec. 5.2
arg max Maximizer of an objective. Sec.6.1.1
arg min Minimizer of an objective. Sec. 5.1

() Serializable encoding notation. Sec. 6.4
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