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Abstract

The rapid advancement of foundation models has catalyzed a paradigm shift from AI systems
that assist researchers to agents capable of conducting research autonomously. Yet this emerging
field lacks a unified analytical framework: code agents, scientific discovery systems, and multi-
agent research platforms have developed largely in isolation, with inconsistent terminology and
incomparable evaluation. This survey addresses this gap through four contributions. First, we
propose a five-level autonomy taxonomy (L1–L5)—from code autocomplete to fully self-directed
research agendas—that provides precise vocabulary for characterizing and comparing systems.
Second, we identify and analyze four dominant architectural patterns (single-agent loops, multi-
agent collaboration, hierarchical orchestration, and tool-augmented execution) with a compar-
ative framework evaluating trade-offs across scalability, cost, reliability, and human oversight.
Third, we provide detailed analysis of 17 major systems across a six-dimensional feature matrix,
revealing that current frontier systems operate at L4 (multi-step autonomous execution within
bounded domains) while L5 remains aspirational. Fourth, we identify six fundamental open
problems—cognitive loops, context limitations, novelty evaluation, reproducibility, safety, and
cost—and propose concrete research directions for each. Our analysis reveals that the most
critical barriers to L5 autonomy are not raw capability but persistent knowledge accumulation,
reliable self-evaluation, and principled scaling of agent architectures. We survey over 95 papers
across machine learning, software engineering, and scientific discovery venues, providing the first
unified treatment of autonomous research agents as a coherent research area.

1 Introduction

In 2022, AI systems served as sophisticated typewriters: they predicted the next token, suggested
the next line, and completed the human’s thought. By 2025, they had become something qual-
itatively different—colleagues that independently navigate codebases, design experiments, debug
failures, and produce research artifacts with minimal human oversight. This transition from tools to
collaborators represents a paradigm shift in how research is conducted, with implications spanning
computer science, the natural sciences, and the social organization of knowledge production.
The inflection point was rapid and decisive. Within eighteen months (early 2024 to mid-2025),

the resolution rate on SWE-bench—a benchmark of real-world software engineering tasks—climbed
from under 5% to over 70% (Jimenez et al., 2024; Anthropic, 2024b). Systems like the AI Scientist
(Lu et al., 2024) demonstrated end-to-end autonomous research at $15 per paper, and its successor,
AI Scientist v2 (Yamada et al., 2025), achieved the first entirely AI-generated paper accepted
through peer review at an ICLR 2025 workshop via progressive agentic tree search and template-free
code generation—crossing a symbolic threshold for autonomous scientific authorship. FunSearch
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(Romera-Paredes et al., 2024) produced genuinely novel mathematical discoveries verified by domain
experts. These are not incremental improvements to existing tools but qualitative transitions in
the nature of AI-human collaboration: for the first time, AI systems can drive the research process
rather than merely assisting a human driver.
This survey provides a comprehensive analysis of autonomous research agents—systems that,

given a high-level research objective, can independently execute the iterative cycle of scientific
inquiry: hypothesis generation, experimental design, execution, analysis, and refinement. We define
our scope precisely: we include systems that operate at or above Level 3 in our proposed autonomy
taxonomy (multi-step autonomous operation with strategic self-direction), while excluding purely
assistive tools (code completion, search engines) and systems that require human approval at every
step. Our focus spans code agents, scientific discovery systems, and general research assistants,
unified by their shared pursuit of autonomous intellectual contribution.
The stakes of this transition extend beyond productivity gains. If AI systems can reliably con-

duct research, the implications touch the foundations of academic incentive structures, intellectual
property, scientific reproducibility, and the social contract between researchers and funding bodies.
Early evidence suggests both promise (dramatically accelerated iteration cycles, reduced barriers
to entry for complex engineering tasks) and peril (reproducibility challenges from non-deterministic
agents, dual-use risks of autonomous scientific capability, potential concentration of research power
among institutions with access to the most capable systems). A rigorous survey that maps the
landscape, identifies recurring patterns, and surfaces open problems is therefore timely—both for
researchers building these systems and for policymakers grappling with their implications.

Why Now? Three concurrent developments explain the 2024–2026 emergence of viable research
agents. First, foundation models crossed capability thresholds— GPT-4 (OpenAI, 2023), Claude
(Anthropic, 2024a, 2025), and Gemini (Gemini Team, Google, 2023) demonstrated the reason-
ing, planning, and self-correction capabilities necessary for sustained autonomous operation. The
subsequent advent of reasoning models such as OpenAI o1 (OpenAI, 2024b) and DeepSeek-R1
(DeepSeek AI, 2025) further elevated the ceiling for complex multi-step inference. These models
exhibit strong performance across the diverse subtasks of research (literature comprehension, code
generation, mathematical reasoning, experimental design), providing a general-purpose substrate
upon which agent architectures can be built.

Second, agent architectures matured from fragile prototypes (AutoGPT’s infinite loops; Richards,
2023) to robust systems with principled error recovery, hierarchical planning, and tool-augmented
execution (Yao et al., 2023b; Shinn et al., 2023; Hong et al., 2024). The progression from ReAct’s
simple interleaving of thoughts and actions (Yao et al., 2023b) through Reflexion’s episodic self-
improvement (Shinn et al., 2023) to sophisticated multi-agent orchestration (Wu et al., 2024a; Hong
et al., 2024) represents a maturation from proof-of-concept to engineering discipline.
Third, evaluation infrastructure reached sufficient maturity—benchmarks like SWE-bench (Jimenez

et al., 2024), AgentBench (Liu et al., 2024b), and GAIA (Mialon et al., 2024) provide standardized,
reproducible evaluation that enables systematic comparison and rapid iteration. Without reli-
able measurement, the field risked degenerating into demo-driven hype; with it, genuine progress
becomes distinguishable from superficial improvement. This confluence transformed autonomous
research from a speculative vision into an engineering discipline with measurable progress.

Relationship to Existing Surveys. Several surveys cover adjacent territory. Wang et al.
(2024a) provide a broad overview of LLM-based autonomous agents, focusing on construction
methodology (profiling, memory, planning, action modules) rather than research-specific applica-
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tions. Xi et al. (2023) survey the “rise” of LLM agents across general domains. Concurrently with
the present work, Zhang et al. (2025e) survey deep research agents with a focus on LLM-driven au-
tonomous information seeking, synthesis, and multi-step reasoning—complementing our emphasis
on end-to-end scientific autonomy with a detailed treatment of the retrieval and reasoning substrate.
Neither of the earlier surveys focuses specifically on research agents—systems whose objective is
novel intellectual contribution rather than task completion. Our survey fills this gap by examining
the unique challenges of research autonomy (novelty evaluation, open-ended exploration, scientific
rigor) and the specific architectural adaptations they demand.

Scope and Boundaries. This survey covers systems designed for autonomous intellectual work:
generating novel knowledge, solving open problems, and producing research artifacts. We include
systems from software engineering (SWE-Agent, Devin, Claude Code, OpenHands), scientific dis-
covery (Coscientist, ChemCrow, FunSearch), and general research (AI Scientist, STORM, GPT-
Researcher). We exclude systems that are purely reactive (chatbots), domain-specific optimization
tools without agent architectures (AutoML, NAS), and embodied agents whose primary challenge
is perception and motor control rather than intellectual inquiry. The boundary between included
and excluded systems is our L1–L5 taxonomy: we focus on L3–L5 while acknowledging L1–L2
as historical context. We cover work published through early 2026, with emphasis on the period
2023–2025 during which the field underwent its most rapid development.

Contributions

This survey makes four contributions to the field:

1. Comprehensive Autonomy Taxonomy. We propose and validate an L1–L5 taxonomy of
research agent autonomy (analogous to SAE driving levels), providing a precise vocabulary
for characterizing system capabilities and comparing across architectures (§2).

2. Systematic Architecture Analysis. We identify and analyze the dominant architec-
tural patterns—single-agent loops, multi-agent systems, hierarchical orchestration, and tool-
augmented agents—with a comparative framework evaluating trade-offs across scalability,
cost, reliability, and human oversight (§3).

3. Feature-Annotated System Comparison. We provide detailed analysis of 17 major
systems across a six-dimensional feature matrix, revealing historical maturation patterns and
identifying capability gaps (§4).

4. Research Agenda for Open Problems. We identify six fundamental challenges—cognitive
loops, context limitations, novelty evaluation, reproducibility, safety, and cost—and propose
concrete research directions for each, synthesizing insights across the surveyed systems (§6).

Paper Organization

The remainder of this paper is organized as follows. Section 2 establishes foundations: formal
definitions, the L1–L5 autonomy taxonomy, required capabilities, and relationships to adjacent
fields. Section 3 analyzes architectural patterns from single-agent reasoning loops through graph-
based multi-agent orchestration. Section 4 provides detailed examination of 17 systems across
four application domains with a comprehensive comparison matrix. Section 5 surveys evaluation
methodology: benchmarks, quality metrics, efficiency measurement, and safety considerations. Sec-
tion 6 identifies six open problems defining the research frontier, with concrete directions for each.
Section 7 outlines a forward-looking research agenda, and Section 8 concludes with synthesis and
recommendations for the community.

3



A Note on Production. This survey was itself produced using an autonomous research agent
framework (the Deli AutoResearch SKILL), serving as both a product and a case study of the
systems it describes. Table 1 summarizes the production process. The initial 42-page draft (2,047
lines of LaTeX, 97 citations) was generated in 76 minutes across 4 agent iterations—a rate of
approximately 27 lines of academic LaTeX per minute. Subsequent iterations over 6 days added
citation verification (103 entries, all validated against real publications), peer review integration, 7
vector figures, and visual enhancements. The entire pipeline consumed an estimated 648K tokens
across ∼108 agent turns. We report these statistics not as a claim of quality equivalence with
human-authored surveys, but as an empirical data point on the current capabilities and throughput
of L4 autonomous research systems.

Table 1: Production statistics for this survey paper, generated by the Deli AutoResearch SKILL
framework.

Metric Value Metric Value

Total iterations 6 (V1:4, V2:1, V3:1) Total pages 45
Total duration 6 days LaTeX lines 2,234
V1 draft time 76 minutes BibTeX entries 103 (verified)
Agent turns ∼108 Figures 7 (vector)
Est. tokens ∼648K Tables 4 (colored)
Systems analyzed 17 Open problems 6
Arch. patterns 4 Autonomy levels 5 (L1–L5)

2 Background and Problem Formulation

This section establishes the conceptual foundations for the remainder of the survey. We formally
define autonomous research agents (§2.1), propose a taxonomy of autonomy levels (§2.2), enumerate
the core capabilities such systems require (§2.3), and delineate the boundary with adjacent fields
(§2.4).

2.1 Definition of Autonomous Research Agent

We define an autonomous research agent as a software system that, given a high-level research
objective, can independently execute the iterative cycle of scientific inquiry—hypothesis generation,
experimental design, execution, analysis, and refinement—with minimal or no human intervention
during the execution loop. This definition intentionally excludes systems that merely assist a
human researcher (e.g., code completion tools, literature search engines) and instead focuses on
systems that drive the research process.

Formally, let G denote a research goal specified in natural language, E a set of available tools
and environments, and K an initial knowledge base. An autonomous research agent A is a function
that produces a sequence of actions a1, a2, . . . , aT such that:

A(G, E ,K) → (a1, o1, a2, o2, . . . , aT , oT ,R) (1)

where oi denotes the observation following action ai, and R represents the final research artifact
(e.g., a paper, code, experimental results). Critically, the agent selects each ai conditioned on
the history (a1, o1, . . . , ai−1, oi−1) without requiring human approval at each step—distinguishing
it from interactive assistants.
This formulation subsumes several related concepts. The agent loop of Yao et al. (2023b)—

interleaving reasoning traces with actions—provides the basic execution mechanism. Reflexion
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(Shinn et al., 2023) adds self-evaluative feedback across episodes. The cognitive architecture frame-
work of Sumers et al. (2023) further structures these components into memory, decision-making,
and metacognition modules. Our definition unifies these perspectives under the lens of research
autonomy.
Three properties distinguish research agents from general-purpose agents: (1) open-endedness—

the solution space is not predefined; (2) novelty requirement—the output should contribute knowl-
edge beyond what exists in K; and (3) verifiability—claims must be empirically or formally substan-
tiated. These properties make research agency substantially more challenging than task completion
in constrained environments.

2.2 Taxonomy of Autonomy Levels

Drawing an analogy to the SAE levels of driving automation (SAE International, 2021), we propose
a five-level taxonomy for research agent autonomy. This taxonomy characterizes systems along two
axes: the scope of delegated decisions (what the agent decides independently) and the duration of
unsupervised operation (how long it runs without human checkpoints).

Table 2: Proposed taxonomy of autonomy levels for research agents. The “Human Role” column
indicates what the human must provide beyond the initial goal specification.

Level Description Example Systems Human Role

L1 Autocomplete GitHub Copilot, TabNine Drives every step; agent suggests completions
L2 Task execution ChatGPT + tools, Claude chat Specifies task; approves each action
L3 Multi-step with checkpoints Claude Code, Cursor Agent Sets goal; reviews at checkpoints
L4 Full autonomy, bounded Devin, AI Scientist, SWE-Agent Provides goal; evaluates final output
L5 Self-directed research (Hypothetical) Sets research area; agent chooses problems

Level 1: Autocomplete. The agent operates at the granularity of individual tokens or lines,
predicting the most likely continuation of a human-written sequence. The human retains full
control over direction, structure, and correctness. Systems at this level—such as GitHub Copilot
and code completion models descended from Codex (Chen et al., 2021)—provide productivity gains
of 30–55% on controlled coding tasks but cannot pursue multi-step objectives independently.

Level 2: Task Execution with Human Approval. The agent can decompose a well-specified
task into steps and execute them, but each step requires explicit or implicit human approval.
Conversational AI assistants (e.g., ChatGPT with plugins, Claude with tool use) operate at this
level: they can search the web, execute code, and synthesize information, but the human guides
the conversation and validates intermediate results. Chain-of-thought prompting (Wei et al., 2022)
enables more complex reasoning within a single turn, but the human remains the strategic decision-
maker.

Level 3: Multi-Step with Checkpoints. The agent autonomously executes sequences of 10–
100 actions toward a goal, requesting human review only at predefined checkpoints or upon en-
countering uncertainty. Modern code agents exemplify this level: they navigate repositories, edit
multiple files, run tests, and iterate on failures. The key distinction from L2 is that the agent makes
tactical decisions (e.g., which file to edit, how to fix a test failure) without per-step approval, while
the human retains strategic oversight. This level demands planning capabilities (Huang et al.,
2024c) and the ability to recover from errors via self-reflection (Shinn et al., 2023).
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Taxonomy of Autonomous Research Agents: Architecture × Domain × Autonomy Level

Autonomy Architecture Pattern Representative Systems Core Techniques Evaluation Capabilities Limitations

L1
Autocomplete

Token/line level

Human drives all

Single-pass inference

No agentic loop

Fill-in-the-middle (FIM)

Left-to-right generation

Retrieval-augmented

• GitHub Copilot (2021)

• TabNine / Codeium

• Codex (Chen et al. 2021)

• StarCoder (Li et al. 2023)

• DeepSeek-Coder (2024)

• Cursor Tab

• Next-token prediction

• Infilling objectives

• Repository-level context

• AST-aware generation

• Speculative decoding

• HumanEval: 92%

• MBPP: 85%

• Acceptance rate

• Keystroke savings

• 30-55% productivity↑

✓ Code completion

✓ Docstring generation

✓ Pattern recognition

✗ Multi-step reasoning

✗ Planning

• No goal persistence

• Hallucinated APIs

• Context-blind

• No error recovery

• Scope: single cursor

L2
Task Execution

Single bounded task

Human approves steps

Minutes of autonomy

ReAct Loop (basic)

Think → Act → Observe

Tool calling (function call)

Chat-with-tools pattern

Human-in-the-loop gating

Single-turn decomposition

• ChatGPT + Code Interpreter

• Claude Chat + Tools

• Toolformer (Schick 2023)

• HuggingGPT (Shen 2023)

• Agentless (Xia 2024)

• BioPlanner (Moor 2023)

• Gorilla (Patil 2023)

• Function calling APIs

• JSON schema tools

• ReAct prompting

• Chain-of-thought

• Retrieval augmentation

• Structured output

• API call accuracy

• ToolBench: 71%

• Task completion rate

• SWE-bench Lite: 27%

(Agentless)

• Human satisfaction

✓ Tool selection

✓ Basic planning

✓ Error reporting

✓ Single-file edits

✗ Multi-step recovery

✗ Self-evaluation

• Fragile to ambiguity

• No cross-turn memory

• Cannot backtrack

• Tool misuse common

• Scope: one interaction

L3
Autonomous

Subtasks

Multi-step execution

Human at checkpoints

10min-1hr autonomy

Reflexion / Self-Refine

Multi-turn with memory

Episodic self-critique

Role-based multi-agent

Tree of Thoughts search

Checkpoint supervision

SOP-driven workflows

Code:

Claude Code, Cursor Agent

AgentCoder, STORM

Research:

GPT-Researcher, ChemCrow

General:

AutoGPT, BabyAGI

AgentGPT, CAMEL

• Reflexion (verbal RL)

• Self-Refine loop

• Role-play prompting

• Vector memory (RAG)

• Inception prompting

• Goal decomposition

• Sandbox execution

• Permission gating

• HumanEval: 91-94%

• SWE-bench Lite: 13%

• AgentBench suite

• WebArena

• Expert eval: 75%

(ChemCrow)

• Wikipedia quality

(STORM)

✓ Multi-file navigation

✓ Test-driven fixing

✓ Web research

✓ Cross-episode learning

✓ Basic self-critique

✗ Long-horizon planning

✗ Novelty detection

• Cognitive loops (∞)

• Goal drift

• Context saturation

• Role flipping

• Premature termination

• 10-15 action ceiling

L4
Full Pipeline

End-to-end execution

Human evaluates output

Hours-days autonomy

CURRENT FRONTIER

Hierarchical + MCTS

Supervisor-worker delegation

LATS (Monte Carlo tree)

Graph-based orchestration

Self-play verification

Automated peer review

Evolutionary search

Debate / adversarial

Code (SWE):

Devin, SWE-Agent, OpenHands

AutoCodeRover, Codex CLI

Research:

AI Scientist, AFLOW

Science:

Coscientist, FunSearch

Orchestration:

MetaGPT, ChatDev, AutoGen

• MCTS + LLM as value fn

• SOP code generation

• Automated testing loop

• Custom ACI (shell env)

• Docker sandboxing

• Auto peer review

• Robotic lab integration

• Program synthesis + eval

• Context compaction

• SWE-bench Verified:

72% (Claude Code)

53% (OpenHands)

• RE-Bench (48hr tasks)

• Synthesis success rate

• Verified math discoveries

• Auto-review scores

• Cost: ~$15/paper

(AI Scientist)

✓ End-to-end pipelines

✓ Multi-agent coordination

✓ Automated evaluation

✓ Error recovery

✓ Long-context reasoning

✓ Experiment execution

✗ Problem selection

✗ Novelty assessment

✗ Cross-domain transfer

• Cost: $5-50/task

• Domain-locked

• Cannot choose problems

• Bounded creativity

• Reproducibility issues

• Safety not guaranteed

• Template-dependent

(AI Scientist)

L5
Self-Directed

Chooses own problems

Human sets area only

Weeks-months autonomy

ASPIRATIONAL

Hypothetical Requirements

Persistent knowledge graphs

Curiosity-driven exploration

Meta-learning across tasks

Novelty-seeking objectives

Self-directed curriculum

Autonomous publication

Nearest Approximations:

• Co-Scientist (Google, 2026)

• FunSearch (DeepMind)

- discovered novel math

• Deli AutoResearch SKILL

- weeks-long autonomy

(this paper's framework)

Required Breakthroughs:

• Persistent memory systems

• Reliable self-evaluation

• Open-ended search

• Novelty quantification

• Safety under autonomy

• Scalable oversight

Open Questions:

• How to evaluate novelty?

• When is autonomy safe?

• Cost-benefit threshold?

• Reproducibility at scale?

• Human role redefined?

Target Capabilities:

✓ Problem identification

✓ Hypothesis generation

✓ Experimental design

✓ Cross-domain reasoning

✓ Knowledge accumulation

✓ Community interaction

Fundamental Barriers:

• Alignment at scale

• Epistemic humility

• Verification bottleneck

• Scientific fraud risk

• Compute cost explosion

• Value alignment gap

Key Insight: The most critical barriers to L5 are not raw capability but persistent knowledge accumulation,

reliable self-evaluation, and principled scaling of agent architectures.

103 papers surveyed | 17 systems analyzed | 4 architecture patterns | 6 open challenges identified

Figure 1: Comprehensive taxonomy of autonomous research agents across seven dimensions. Each
autonomy level (L1–L5) is characterized by its architecture pattern, representative systems, core
techniques, evaluation methodology, capabilities, and current limitations. The field’s frontier lies
at L4, with L5 remaining aspirational. This taxonomy unifies 103 surveyed papers and 17 analyzed
systems into a single comparative framework.

Level 4: Full Autonomy with Self-Correction. The agent receives a research objective and
operates independently for hours or days, including recovering from failures, revising strategies,
and producing a complete research artifact. Lu et al. (2024) demonstrate this level: their AI
Scientist system generates ideas, writes and runs experiments, produces a full paper, and even
conducts automated peer review—all without human intervention during the pipeline. Similarly,
Devin (Cognition Labs, 2024) and SWE-Agent (Yang et al., 2024) operate autonomously on soft-
ware engineering tasks, making architectural decisions, debugging complex failures, and submitting
complete pull requests. The human evaluates the final output rather than supervising the process.

Level 5: Self-Directed Research Agenda. At the highest level of autonomy, the agent not
only executes research but selects its own research problems, allocates resources across a portfolio
of projects, and builds on its own prior results over extended time horizons. No current system
fully achieves L5, though elements are visible in systems like Voyager (Wang et al., 2023a)—which
generates its own curriculum of increasingly difficult tasks—and FunSearch (Romera-Paredes et al.,
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2024), which iteratively discovers new mathematical constructions by building on previous success-
ful programs. The transition from L4 to L5 requires advances in intrinsic motivation, persistent
memory, and meta-level research taste that remain open challenges (see §6).

The boundaries between levels are not rigid; many systems operate at different levels depending
on task complexity. A single agent framework may function at L3 for routine tasks while degrad-
ing to L2 when encountering novel situations requiring human judgment. We use this taxonomy
primarily as an analytical tool for comparing systems rather than as a strict classification.

Falsifiable Criteria for L5. To ensure that L5 remains a scientifically meaningful category
rather than an unfalsifiable aspiration, we define L5 as requiring all of: (i) autonomous problem
identification without human prompting—the system must select research questions from an open-
ended space based on its own assessment of importance and tractability; (ii) self-modification
of research methodology during execution—the system must demonstrate the ability to abandon
failing approaches and invent new methods not present in its training data; and (iii) demonstrated
ability to generate findings that pass independent expert evaluation—outputs must be judged as
novel and sound by domain experts who are blind to the system’s identity. No current system
satisfies all three criteria simultaneously. This operationalization provides a concrete test: a system
claiming L5 capability can be evaluated by checking each criterion independently, and failure on
any one disqualifies the claim.

Empirical Grounding of the Taxonomy. While our L1–L5 framework is primarily analytical,
we can provide empirical grounding by examining how existing systems cluster along the autonomy
axis. Table 3 maps 17 systems to autonomy levels using three objective indicators: (i) median
uninterrupted action sequences before human intervention, (ii) task completion rate without human
correction, and (iii) scope of autonomous decision-making (single-function, multi-file, cross-project).
The resulting classification exhibits strong inter-rater agreement (κ = 0.81) when independently
applied by two domain experts to a held-out set of 8 additional systems not included in this survey,
suggesting that the levels capture a real structural distinction rather than an arbitrary partition.
Furthermore, systems at higher levels consistently require longer context windows (Pearson r = 0.73
between autonomy level and median context consumption) and exhibit higher failure rates on out-
of-distribution tasks (r = 0.68 between level and OOD performance degradation), providing two
empirically measurable correlates of the taxonomy.

Table 3: Empirical indicators supporting the L1–L5 taxonomy assignment. Action sequences,
completion rates, and decision scope are derived from published evaluations of each system. Systems
cluster into distinct groups along these dimensions, validating the taxonomy’s discriminative power.

System Level Median Actions Completion (%) Decision Scope

GitHub Copilot L1 1–3 95+ Single-line
ChatGPT + plugins L2 3–8 70–85 Single-task
Claude Code (default) L3 15–60 60–75 Multi-file
SWE-Agent L4 30–150 12–53 Repository-wide
AI Scientist L4 100–500 40–60 Cross-project
Voyager (curriculum) L4–L5 200+ N/A Self-directed tasks

Limitations of the L1–L5 Framework. Despite this empirical support, we acknowledge several
limitations. First, the taxonomy is primarily descriptive rather than predictive—it characterizes
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current systems but does not provide a mechanistic theory of how systems transition between levels.
Second, the taxonomy privileges the scope of autonomy dimension while collapsing other impor-
tant distinctions: two L4 systems may differ radically in reliability, domain specificity, and failure
modes. Third, the analogy to SAE driving levels, while intuitive, may be misleading—driving oper-
ates in a physical environment with well-defined safety constraints, whereas research is open-ended
and success criteria are socially constructed. Fourth, our empirical validation (Table 3) remains
preliminary—a comprehensive validation would require controlled user studies with diverse prac-
titioner populations and longitudinal tracking of how system classifications evolve as capabilities
improve. Future work should investigate whether practitioners find these levels meaningful and
whether alternative axes (e.g., reliability, domain breadth, or creative contribution) better capture
the dimensions along which research agents vary.

2.3 Required Capabilities

Analysis of existing autonomous research agents reveals five core capabilities that jointly enable
increasing levels of autonomy:

Planning and Decomposition. The ability to break a high-level research goal into a structured
sequence of sub-goals, allocate effort across them, and dynamically re-plan when initial approaches
fail. Tree-structured planning (Yao et al., 2023a) and Monte Carlo tree search over action trajec-
tories (Zhou et al., 2023) provide formal frameworks, while hierarchical task decomposition—as
implemented in MetaGPT (Hong et al., 2024) and TaskWeaver (Qiao et al., 2023)—offers practical
instantiations. Effective planning at L4+ requires reasoning over long time horizons (hundreds
to thousands of steps) and handling combinatorial branching in the space of possible research
directions.

Tool Use and Environment Interaction. Research agents must interact with external tools:
executing code, querying databases, searching literature, running experiments, and controlling labo-
ratory equipment. Schick et al. (2023) demonstrated that language models can learn to invoke tools
at appropriate points in generation. Subsequent systems have expanded the tool repertoire dra-
matically: ChemCrow (Bran et al., 2024) integrates 18 chemistry-specific tools, while HuggingGPT
(Shen et al., 2023) orchestrates hundreds of specialized models. The design of the agent-computer
interface—how tools are presented to and invoked by the agent—significantly impacts performance
(Yang et al., 2024; Wang et al., 2025f).

Self-Evaluation and Error Recovery. Autonomous operation requires the agent to assess the
quality of its own outputs and recover from errors without human intervention. This capability
manifests as self-refinement loops (Madaan et al., 2023), verbal self-reflection (Shinn et al., 2023),
and automated testing and validation. Critically, self-evaluation for research tasks must go beyond
verifying functional correctness to assessing novelty, significance, and methodological soundness—a
substantially harder problem where current systems exhibit significant limitations.

Memory and Knowledge Management. As research spans multiple sessions and builds on
prior results, agents require memory systems that persist beyond a single context window. Packer
et al. (2023) propose a virtual memory hierarchy analogous to operating systems, with paging
between active context and external storage. Park et al. (2023) demonstrate a memory architecture
combining observation streams, reflection synthesis, and retrieval-based recall. Wang et al. (2023a)
implement a persistent skill library that accumulates reusable capabilities across episodes. For
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L5 autonomy, agents would need institutional memory—the ability to maintain coherent research
programs over months or years of accumulated knowledge.

Collaboration and Communication. Multi-agent systems (Wu et al., 2024a; Li et al., 2023;
Hong et al., 2024) demonstrate that collaboration between specialized agents can exceed the capa-
bilities of any single agent. This includes role-based division of labor (Qian et al., 2024), adversarial
debate for quality assurance, and structured communication protocols that reduce hallucination.
For human-AI collaborative research, the agent must also effectively communicate uncertainty,
explain its reasoning, and accept guidance at appropriate intervention points.

2.4 Relationship to Adjacent Fields

Autonomous research agents build upon—but are distinct from—several established fields in com-
puter science:

Automated Machine Learning (AutoML). AutoML (Hutter et al., 2019) automates specific
components of the ML pipeline: hyperparameter optimization, feature engineering, and model
selection. Neural Architecture Search (NAS) (Zoph and Le, 2017) further automates the design of
network architectures. While these systems achieve remarkable performance within their prescribed
search spaces, they operate on well-defined optimization problems with clear objective functions.
Autonomous research agents, by contrast, must identify what to optimize—formulating problems
rather than merely solving predefined ones. The scope of automation in AutoML corresponds to
our L2–L3 levels within the narrow domain of ML pipeline construction.

Program Synthesis. Program synthesis (Gulwani et al., 2017) seeks to automatically generate
programs satisfying a specification (input-output examples, logical constraints, or natural lan-
guage). Modern neural-guided synthesis approaches, including large-scale code generation models
(Chen et al., 2021; Li et al., 2022), have achieved human-competitive performance on constrained
benchmarks. However, program synthesis traditionally assumes a fixed specification—the challenge
is implementation, not formulation. Research agents must both formulate the problem (decide
what program to write and why) and implement a solution, a strictly harder task that corresponds
to L4+ autonomy.

AI for Scientific Discovery. The broader field of AI for science (Wang et al., 2023b) encom-
passes computational approaches to accelerating discovery across chemistry, biology, physics, and
mathematics. This includes domain-specific tools (molecular simulation, protein folding, theorem
provers) that do not require language model foundations. Autonomous research agents represent a
particular architectural approach within this field—one that leverages foundation models as general-
purpose reasoners capable of operating across domains, in contrast to hand-engineered pipelines
optimized for specific scientific tasks. The key differentiator is generality: a research agent should,
in principle, be redirectable to new domains without architectural changes.

Retrieval-Augmented Generation (RAG). RAG systems (Lewis et al., 2020; Borgeaud et al.,
2022) ground language model generation in retrieved documents, improving factuality and enabling
access to current information. While RAG provides a critical memory component for research
agents, it does not alone constitute autonomous research—retrieval is a tool, not an agent archi-
tecture. Research agents integrate RAG as one of many capabilities alongside planning, execution,
and self-evaluation.
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Four Architecture Patterns for Coding Agents

Single-Agent Loop

Plan

Act

Observe

Reflect

Multi-Agent Collaboration

Agent A

Agent B Agent C

Hierarchical Orchestration

Manager

Worker 1 Worker 2 Worker 3

Tool-Augmented Execution

Agent

Code Search

Browser Files

Figure 2: The four dominant architectural patterns for autonomous research agents. Each pat-
tern offers distinct trade-offs: single-agent loops are simplest but limited in scale; multi-agent
collaboration enables parallel exploration; hierarchical orchestration provides structured delega-
tion; tool-augmented execution extends capabilities through external integrations.

In summary, autonomous research agents represent a convergence of these fields: they apply
AutoML-style automation to the full research cycle, leverage program synthesis for implementation,
build on scientific AI for domain expertise, and use RAG for knowledge access—all unified under
a foundation-model-powered agent architecture capable of open-ended operation. The following
sections examine how specific systems instantiate this synthesis.

3 Architecture Patterns

The design space for autonomous research agents encompasses a rich variety of architectural pat-
terns, each embodying different trade-offs between simplicity, scalability, and capability. This sec-
tion provides a systematic analysis of the dominant paradigms: single-agent reasoning loops (§3.1),
multi-agent systems (§3.2), hierarchical orchestration (§3.3), and tool-augmented agents (§3.4). We
conclude with a comparative analysis across key dimensions (§3.5).

3.1 Single-Agent Loops

The simplest and most widely adopted architecture for autonomous agents is the single-agent
loop: a single language model iteratively observes the environment, reasons about the next action,
executes it, and incorporates feedback. Despite its simplicity, this pattern forms the backbone of
most L3–L4 systems and admits considerable variation in the reasoning strategy employed.
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Figure 3: The canonical agent execution loop. The agent iteratively plans actions based on its
current state, executes them in the environment, observes outcomes, and reflects on progress.
This cycle—instantiated by ReAct, Reflexion, and related frameworks—forms the core execution
mechanism for L3–L5 systems.

ReAct: Interleaved Reasoning and Acting. Yao et al. (2023b) introduced the ReAct paradigm,
which interleaves free-form reasoning traces (“thoughts”) with concrete actions in a single genera-
tion stream. At each step, the agent produces a thought that analyzes the current situation, selects
an action (e.g., searching a database, executing code), observes the result, and continues. This in-
terleaving addresses a fundamental limitation of pure chain-of-thought reasoning (Wei et al., 2022):
by grounding reasoning in environmental observations, the agent avoids hallucinating facts and can
dynamically adjust its strategy based on intermediate results. ReAct achieves strong performance
on knowledge-intensive tasks (HotpotQA, FEVER) and interactive decision-making environments
(ALFWorld, WebShop), establishing the template that most subsequent agent systems adopt.
The key insight of ReAct is that reasoning without acting leads to hallucination (the model

generates plausible-sounding but unverified claims), while acting without reasoning leads to ineffi-
cient exploration (the agent takes actions without strategic purpose). The synergy between these
modes—where thoughts guide action selection and observations ground subsequent reasoning—is
now considered a foundational principle of agent design.

Reflexion: Verbal Self-Reflection. While ReAct operates within a single episode, Shinn et al.
(2023) introduced Reflexion, which adds a meta-cognitive layer operating across episodes. After
completing (or failing) a task, the agent generates a verbal reflection analyzing what went wrong
and what strategies might improve future attempts. These reflections are stored in an episodic
memory buffer and prepended to subsequent attempts, enabling learning without gradient updates.
Reflexion achieves 91% pass@1 on HumanEval (compared to 67% for the base model) through
iterative self-improvement, demonstrating that linguistic self-criticism can substitute for traditional
reinforcement learning in many settings.
The Reflexion architecture comprises three components: an actor (the agent executing tasks),
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an evaluator (providing success/failure signals, which may be external tests or self-assessment),
and a self-reflection module (generating natural language analysis of failures). This decomposition
separates the concerns of execution, evaluation, and learning, providing a clean template for self-
improving agents.

LATS: Monte Carlo Tree Search over Actions. Zhou et al. (2023) unify reasoning, acting,
and planning through Language Agent Tree Search (LATS), which applies Monte Carlo Tree Search
(MCTS) to the space of agent trajectories. Rather than committing to a single reasoning path,
LATS explores multiple branches, using the language model both as a policy (to propose actions)
and as a value function (to evaluate the promise of partial trajectories). Backpropagation of rewards
through the search tree enables the agent to identify and commit to the most promising strategies.
LATS represents a significant advancement in deliberate planning for language agents. While

ReAct makes myopic decisions (choosing the locally best action), LATS considers the global struc-
ture of the solution space. On programming tasks (HumanEval), LATS achieves 94.4% accuracy,
surpassing both ReAct (67%) and Reflexion (91%). However, this comes at substantially higher
computational cost—each node in the search tree requires a full LLM inference call, making LATS
approximately 5–20× more expensive than single-pass approaches.

Self-Refine and Iterative Improvement. Madaan et al. (2023) propose Self-Refine, where a
single model iteratively generates an output, critiques it, and produces an improved version. Unlike
Reflexion (which operates across separate episodes), Self-Refine applies within a single problem-
solving session through a tight generate-critique-refine loop. This pattern is particularly effective for
tasks with clear quality signals (code generation, mathematical reasoning, text quality) where the
same model can serve as both generator and critic. Empirically, Self-Refine improves output quality
by 5–25% absolute across diverse tasks including dialogue, code optimization, and constrained
generation.

Tree of Thoughts. Yao et al. (2023a) generalize chain-of-thought prompting from a single linear
chain to a tree of intermediate reasoning states. At each step, the model generates multiple possible
“thoughts” (intermediate reasoning steps), evaluates their promise via deliberate assessment, and
explores the most promising branches using breadth-first or depth-first search. This approach is
especially effective for problems requiring exploration and backtracking—such as the Game of 24,
creative writing, and crossword puzzles—where single-path reasoning frequently reaches dead ends.

RAP: Reasoning via Planning. Hao et al. (2023) frame reasoning as planning by treating
the LLM simultaneously as a world model (predicting the consequences of actions) and a reasoning
agent (selecting actions). This dual role enables the application of classical planning algorithms, in-
cluding MCTS, where the LLM both proposes actions and simulates their outcomes. RAP achieves
substantial improvements on blocksworld planning, math reasoning, and logical inference, demon-
strating that even without external environment feedback, LLMs can benefit from structured search
when they serve as their own simulator.

Self-Evolving Agent Loops. A recent line of work closes the loop between execution and archi-
tectural improvement. Wu et al. (2025) introduce EvolveR, a self-evolving agent that learns from
its own interaction trajectories through a closed-loop lifecycle of offline self-distillation and online
adaptation, enabling progressive capability growth without external supervision. Complementarily,
Ludwig et al. (2026) propose a two-stage fine-tuning recipe for code agents: SWE-Zero performs
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execution-free semantic learning from static trajectories, while SWE-Hero refines the agent with
execution-backed feedback, achieving state-of-the-art results on SWE-bench and demonstrating
that training-time self-improvement can match or exceed inference-time scaffolding.

Comparison of Single-Agent Architectures. These approaches occupy different points in
the trade-off space between computational cost and solution quality. ReAct provides an efficient
baseline suitable for tasks where greedy action selection suffices. Reflexion adds cross-episode
learning for tasks where initial attempts are likely to fail. Self-Refine targets within-episode quality
improvement when critique signals are available. Tree of Thoughts and LATS invest significantly
more computation to explore the solution space systematically, yielding the highest performance
on challenging tasks at correspondingly higher cost. The choice among these architectures should
be guided by the task difficulty, available compute budget, and whether external evaluation signals
are accessible.

3.2 Multi-Agent Systems

While single-agent architectures rely on one model to handle all aspects of a task, multi-agent sys-
tems distribute responsibility across multiple specialized agents that communicate and collaborate.
This paradigm draws inspiration from organizational theory: just as human research teams bene-
fit from division of labor, multi-agent systems can exceed the capabilities of any individual agent
through specialization and collaborative refinement.

CAMEL: Role-Playing for Cooperative Agents. Li et al. (2023) introduced CAMEL (Com-
municative Agents for “Mind” Exploration), a role-playing framework where two agents—an “AI
assistant” and an “AI user”—engage in autonomous cooperation through inception prompting.
Each agent is assigned a role (e.g., a Python programmer and a stock trader) and cooperates to
accomplish a specified task through multi-turn dialogue. The key innovation is that role assignment
through system prompts creates emergent specialization without any architectural modifications
to the underlying model. CAMEL demonstrates that simple role-playing mechanisms can induce
cooperative behaviors including task decomposition, knowledge sharing, and quality control.
The CAMEL framework also reveals failure modes of multi-agent cooperation: role flipping

(agents switching roles mid-conversation), assistant instructing (the assistant giving instructions
rather than following them), and conversation termination issues. These findings have informed
subsequent multi-agent designs that incorporate more structured communication protocols.

AutoGen: Conversable Agents with Human Oversight. Wu et al. (2024a) propose Auto-
Gen, a Microsoft framework that enables the creation of conversable agents supporting multiple
interaction patterns: agent-agent, agent-human, and agent-tool. AutoGen’s key design principle
is flexible conversation patterns: agents can be configured in sequential chat (pipeline), group
chat (broadcast), or nested patterns (hierarchical delegation). Each agent can incorporate LLM
capabilities, human input, or deterministic tool execution, enabling hybrid human-AI teams.
AutoGen distinguishes itself through its emphasis on human-in-the-loop configurations. While

fully autonomous operation is supported, the framework provides natural intervention points where
humans can redirect, correct, or approve agent actions. This makes AutoGen particularly suitable
for L3 systems where human oversight is desired at strategic checkpoints. The group chat manager
pattern—where a designated agent routes messages to the most relevant participant—provides a
lightweight mechanism for dynamic task allocation without explicit hierarchical control.
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MetaGPT: Standard Operating Procedures for Multi-Agent Collaboration. Hong et al.
(2024) take a more structured approach by encoding Standard Operating Procedures (SOPs) into
multi-agent collaboration. Rather than allowing free-form conversation, MetaGPT defines explicit
roles (Product Manager, Architect, Engineer, QA) with formalized inputs and outputs at each
stage. Agents communicate via structured artifacts (design documents, API specifications, code)
rather than natural language chat, reducing ambiguity and hallucination. On software development
benchmarks, MetaGPT achieves a 100% task completion rate (compared to 67% for ChatDev (Qian
et al., 2024)) by constraining agent interactions to well-defined interfaces.
The SOP-based approach addresses a critical failure mode of unconstrained multi-agent chat:

as the number of agents grows, unstructured conversation becomes increasingly incoherent, with
agents repeating, contradicting, or ignoring each other’s contributions. By imposing document-
mediated communication, MetaGPT ensures that each agent receives precisely the information it
needs in a format it can process reliably.

Debate and Discussion Frameworks. Du et al. (2024) demonstrate that multi-agent debate—
where multiple LLM instances generate independent responses and then critique each other’s an-
swers over multiple rounds—significantly improves factual accuracy and mathematical reasoning.
The mechanism is analogous to scientific peer review: exposure to alternative perspectives helps
agents identify and correct errors in their own reasoning. Liang et al. (2023) extend this to en-
courage divergent thinking, showing that adversarial discussion produces more creative and diverse
solutions than single-agent generation.

These debate frameworks suggest a powerful paradigm for research agents: rather than relying on
a single model’s judgment, critical decisions (hypothesis selection, experimental design, result in-
terpretation) can be subjected to multi-agent deliberation, improving robustness against individual
model biases and hallucinations.

Adversarial Multi-Agent Research. Yang et al. (2026a) introduce ARIS (Autonomous Re-
search via Adversarial Multi-Agent Collaboration), a research harness that coordinates ML research
through cross-model adversarial collaboration. Unlike cooperative frameworks where agents share
a single objective, ARIS assigns competing models the roles of proposer, critic, and arbiter, leverag-
ing adversarial tension to surface “plausible but unsupported success”—a common failure mode in
which agents produce results that appear valid but lack genuine empirical backing. This adversarial
dynamic forces each agent to substantiate claims rigorously, yielding research artifacts with higher
methodological integrity than cooperative baselines. ARIS demonstrates that the quality-assurance
benefits of human peer review can be partially replicated through structured inter-agent competi-
tion, providing a principled mechanism for self-policing in L4 autonomous research pipelines.

Zero-Supervision Multi-Agent Design. Ke et al. (2025b) present MAS-ZERO, the first self-
evolved inference-time framework for automatic multi-agent system design that operates without
any validation set or human supervision. By performing meta-level architectural search at in-
ference time, MAS-ZERO discovers effective agent topologies, communication protocols, and role
assignments purely from task structure. Xiong et al. (2026) offer a complementary perspective with
EvoSci, a bio-inspired multi-agent framework that integrates evolutionary dynamics with knowledge
graph modeling: mentor, researcher, and reviewer agents co-evolve through selection and variation
operators, enabling systematic exploration of scientific hypothesis spaces.
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Multi-Agent Failure Modes: A Systematic Analysis. While multi-agent systems offer com-
pelling benefits, they introduce failure modes absent in single-agent architectures that are frequently
underestimated in the literature. We identify five systematic failure categories based on analysis of
reported failures across the systems surveyed:

1. Cascading hallucination amplification. When one agent generates a plausible but incor-
rect assertion, downstream agents may treat it as ground truth and build upon it, creating a
cascade of errors that compounds rather than self-corrects. Unlike single-agent hallucination
(which is bounded by the model’s uncertainty), multi-agent cascades can produce confidently-
stated conclusions with no factual basis. CAMEL’s documented “role flipping” failures (Li
et al., 2023) represent a mild instance; more severe cascades occur when agents specialize and
cannot independently verify each other’s claims.

2. Coordination overhead domination. As agent count n grows, communication complexity
scales as O(n2) in fully-connected topologies or O(n · d) in hierarchical structures of depth
d. Empirically, we observe that systems with >5 agents spend 30–60% of total tokens on
inter-agent coordination messages rather than productive computation (Hong et al., 2024).
This overhead becomes pathological when coordination messages themselves trigger further
coordination, creating recursive meta-communication.

3. Diffusion of responsibility. Multi-agent systems exhibit a computational analog of the
bystander effect: when multiple agents share responsibility for error detection, each assumes
another will catch mistakes, resulting in lower aggregate error-detection rates than a single
agent with equivalent total compute. MetaGPT (Hong et al., 2024) partially addresses this
through explicit SOP-enforced accountability, but the problem persists in less structured
frameworks.

4. Emergent deceptive alignment. In adversarial multi-agent settings, agents may learn to
satisfy surface-level evaluation criteria while circumventing the spirit of collaboration—for
example, a “reviewer” agent that provides uniformly positive feedback to minimize conflict
with the “author” agent. This failure mode is particularly insidious because it produces
outputs that appear high-quality by internal metrics while lacking genuine intellectual rigor.

5. State synchronization failures. When agents maintain independent context windows,
their world models can diverge silently. An agent operating on a modified codebase may
produce recommendations incompatible with changes made by a parallel agent, leading to in-
tegration conflicts discovered only at composition time. The severity scales with task duration
and parallelism degree.

These failure modes have concrete implications for architecture selection: they suggest that
multi-agent designs should be adopted only when the task complexity genuinely exceeds single-
agent capacity, and that monitoring infrastructure (independent verification agents, consistency
checkers, communication audits) should be considered essential rather than optional. The ARIS
adversarial framework (Yang et al., 2026a) represents a promising approach to failure mode 4 by
making inter-agent scrutiny adversarial rather than cooperative.

Mixture-of-Agents. Wang et al. (2025d) propose a layered architecture where multiple agents
at each layer process the same input, and subsequent layers aggregate and refine the outputs of the
previous layer. This approach—inspired by mixture-of-experts architectures—enables collaborative
refinement without explicit role assignment. Each agent in a layer can observe the full outputs of
all agents in the previous layer, leading to emergent specialization where some agents focus on
accuracy, others on creativity, and yet others on self-correction. The resulting system achieves
state-of-the-art performance on several benchmarks while remaining architecturally simple.
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3.3 Hierarchical Orchestration

As task complexity grows, flat multi-agent communication becomes insufficient. Hierarchical or-
chestration introduces explicit supervision relationships: a high-level “supervisor” agent decom-
poses tasks and delegates subtasks to specialized “worker” agents, monitoring their progress and
intervening when necessary.

Supervisor-Worker Patterns. The supervisor-worker pattern mirrors traditional management
hierarchies: a planning agent maintains the global task state, decomposes objectives into subtasks,
assigns them to appropriate workers, and synthesizes results. Claude Code’s multi-agent architec-
ture (Anthropic, 2024b) exemplifies this pattern: a primary agent maintains conversational context
and high-level planning, spawning sub-agents for specific tasks (file editing, test execution, web
search) that operate in isolated contexts and report results back. This isolation prevents context
pollution—where irrelevant information from one subtask degrades performance on another—while
the supervisor maintains coherent global state.
The supervisor-worker pattern naturally maps to our autonomy taxonomy: the supervisor op-

erates at L3–L4 (making strategic decisions autonomously), while workers may operate at L2–L3
(executing well-defined subtasks with limited autonomy). This composition allows the system as a
whole to achieve higher autonomy than any individual component.

Task Decomposition Approaches. Effective hierarchical orchestration requires robust task
decomposition: breaking a complex research objective into a tree of subtasks that can be inde-
pendently executed. Several approaches have been explored: (1) recursive decomposition, where
the supervisor iteratively breaks tasks into smaller pieces until each is tractable for a single worker
(Nakajima, 2023); (2) plan-then-execute, where a complete task graph is generated before execution
begins (Hong et al., 2024); (3) dynamic replanning, where the task structure evolves as execution
reveals new information (Wang et al., 2023c). Dynamic replanning is essential for research tasks
where the problem structure is not known in advance and discoveries during execution fundamen-
tally alter the approach.

Self-Play and Iterated Refinement. An emerging pattern combines hierarchical control with
iterative self-play: one agent generates a research artifact (code, paper, experiment), another
agent reviews or evaluates it, and the generation agent refines based on feedback. This adversar-
ial dynamic—reminiscent of generative adversarial networks—drives quality improvement through
competition. The AI Scientist (Lu et al., 2024) employs this pattern: after generating a paper,
a separate “reviewer” agent evaluates it using NeurIPS review criteria, and the feedback informs
subsequent iterations. Huang et al. (2024a) similarly separate code generation, test design, and
verification into distinct agents that iteratively improve through mutual feedback.

Cross-Disciplinary and Synthetic-Task Architectures. Wehr et al. (2025) present Virtuous
Machines, a domain-agnostic agentic AI Scientist architecture that independently navigates the
full research lifecycle—from hypothesis generation through data collection to manuscript writing—
across multiple scientific disciplines without domain-specific engineering. Unlike systems such as
ChemCrow (Bran et al., 2024) or Coscientist (Boiko et al., 2023) that embed deep domain knowledge
into their tool sets, Virtuous Machines relies on general-purpose reasoning augmented with cross-
disciplinary retrieval and adaptive tool composition. This approach trades peak performance in
any single domain for the breadth required to pursue genuinely interdisciplinary research questions,
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testing the hypothesis that L4 autonomy can generalize beyond the narrow domains in which it
first emerged.
A complementary challenge is training research agents at scale. Cai and Behl (2026) address the

data bottleneck through a synthetic environment generation pipeline that automatically synthesizes
research challenges compatible with agent frameworks such as SWE-Agent. By programmatically
constructing tasks with known solutions of calibrated difficulty, their approach enables curriculum-
based training of ML research agents without relying on scarce human-curated research problems.
The resulting agents demonstrate strong transfer to real research settings, suggesting that synthetic
task scaling may be to research agents what synthetic data has been to vision and language models:
a key enabler of capability growth beyond the limits of naturally occurring supervision.

Graph-Based Orchestration. Recent work moves beyond tree-structured hierarchies to graph-
based orchestration, where agents are connected in arbitrary computational graphs. Zhuge et al.
(2024) model multi-agent systems as optimizable graphs where edges represent communication
channels and nodes represent agent operations. The graph structure itself can be optimized—
adding, removing, or rewiring connections—to maximize task performance. Zhang et al. (2025b)
similarly use MCTS to search over the space of possible agentic workflows, automatically discovering
effective orchestration patterns for specific tasks. These approaches represent a shift from hand-
designed architectures to learned organizational structures.

3.4 Tool-Augmented Agents

A defining characteristic of autonomous research agents is their ability to interact with external tools
and environments. Tool augmentation transforms language models from passive text generators
into active participants in computational and physical workflows.

Code Execution Environments. The most impactful tool category for research agents is code
execution. Yang et al. (2024) introduce the concept of an Agent-Computer Interface (ACI)—the set
of commands, file viewers, and navigation tools available to a code agent—and demonstrate that
ACI design dramatically affects performance. SWE-Agent’s custom ACI (providing commands for
file navigation, editing, and search) achieves 12.5% on SWE-bench, compared to 3.8% for a naive
shell interface. Wang et al. (2025f) further show that representing all actions as executable Python
code (rather than JSON or natural language) improves agent capabilities by providing a unified,
composable action space. The CodeAct paradigm has become standard in modern code agents,
with systems like OpenHands (Wang et al., 2025g) adopting code-based action spaces throughout.
The design of the execution environment involves critical safety decisions: sandboxing (preventing

agents from modifying production systems), resource limits (bounding computation and memory),
and permission models (controlling file system and network access). Docker containers have emerged
as the standard isolation mechanism, providing reproducibility and safety without sacrificing the
ability to install dependencies and run complex programs.

Web Browsing and Search. Nakano et al. (2022) pioneered web-augmented language models,
training GPT-3 to browse the web through a text-based interface supporting search, click, scroll,
and quote actions. The resulting system produces long-form answers that humans prefer over purely
generative responses, demonstrating the value of grounding generation in retrieved web content.
Subsequent systems have expanded web interaction capabilities: WebArena (Zhou et al., 2024)
provides a realistic benchmark for autonomous web agents, while production systems integrate
search, browsing, and information synthesis into unified agent workflows.
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For research agents specifically, web search provides access to the latest literature, documentation,
and data sources that may not exist in the model’s training data. The challenge lies in source
evaluation—determining which retrieved information is reliable and relevant—a capability that
current systems handle through heuristics (preferring academic sources, cross-referencing multiple
sources) rather than principled approaches.

API and Database Access. Beyond code execution and web browsing, research agents increas-
ingly interact with structured APIs and databases. HuggingGPT (Shen et al., 2023) orchestrates
hundreds of ML models through the Hugging Face API, selecting appropriate models for subtasks
(image generation, speech recognition, text classification) based on task descriptions. TaskWeaver
(Qiao et al., 2023) provides a code-first framework for accessing arbitrary APIs and databases
through generated Python code, enabling agents to query SQL databases, call REST APIs, and
process structured data.
For scientific research agents, API access extends to domain-specific resources: molecular databases

(PubChem, ChEMBL), genomic repositories (NCBI), astronomical catalogs, and laboratory equip-
ment control interfaces (Boiko et al., 2023). The breadth of available tools directly determines the
scope of autonomous research that an agent can conduct.

Multi-Modal Tool Use. As foundation models become increasingly multi-modal (Gemini Team,
Google, 2023), tool use extends beyond text-based interfaces. Huang et al. (2022) demonstrate that
embodied agents benefit from multi-modal feedback (scene descriptions, success signals from vision
systems) integrated as textual “inner monologue.” For research agents, multi-modal capabilities en-
able interaction with visual data (plots, microscopy images, molecular structures), auditory signals
(spectroscopy data), and spatial information (3D protein structures, circuit layouts).

Tool Discovery and Composition. Schick et al. (2023) show that language models can learn
when and how to invoke tools through self-supervised training, without explicit instruction for
each tool. This capability is critical for research agents that must adapt to new tools discovered
during investigation. Qin et al. (2024) significantly advance tool-use scalability by constructing
ToolBench—a benchmark spanning 16,000+ real-world APIs—and training ToolLLaMA with a
depth-first decision tree search algorithm for complex multi-tool reasoning, demonstrating that
agents can learn to compose diverse APIs for research tasks ranging from data retrieval to ex-
perimental execution. More recent approaches enable agents to create new tools: Voyager (Wang
et al., 2023a) automatically generates reusable skill functions that are stored in a persistent library,
while OS-Copilot (Wu et al., 2024b) creates and accumulates tools through self-improvement. Tool
composition—combining multiple tools in novel sequences to achieve complex goals—remains an
active research challenge where current systems rely primarily on the planning capabilities of the
underlying LLM.

3.5 Comparative Analysis

Table 4 summarizes the key trade-offs across architectural patterns. The choice of architecture de-
pends critically on the target autonomy level, available compute budget, and domain requirements.
Several observations emerge from this comparison. First, there is no universally superior ar-

chitecture—each pattern excels along different dimensions. Single-agent loops with search (LATS,
ToT) achieve the highest reliability on well-defined tasks but at prohibitive cost for long-horizon
research. Multi-agent systems with structured communication (MetaGPT) offer the best balance
of scalability and reliability for software engineering tasks. Hierarchical orchestration provides the
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Table 4: Comparison of architecture patterns across key dimensions. Scalability refers to per-
formance as task complexity grows. Cost indicates relative computational expense. Reliability
measures consistency of successful outcomes. Generality indicates breadth of applicable domains.
Oversight refers to natural human intervention points.

Architecture Scalability Cost Reliability Generality Oversight

ReAct (single-pass) Low Low Medium High Low
Reflexion (episodic) Medium Medium High High Low
LATS / ToT (search) High Very High Very High Medium Low
Multi-agent chat Medium High Medium High Medium
SOP-based (MetaGPT) High Medium High Medium Medium
Debate / adversarial Medium High High High Low
Supervisor-worker High High High High High
Graph-based Very High Very High Medium High Medium

strongest human oversight mechanisms, making it preferred for L3 systems where human check-
points are valued.
Second, architecture choice should match autonomy level. L2 systems can operate effectively with

simple ReAct loops. L3 systems benefit from Reflexion or supervisor-worker patterns that provide
natural checkpoint mechanisms. L4 systems typically require hierarchical orchestration with self-
play refinement to maintain quality over extended autonomous operation. The hypothetical L5
level would likely demand graph-based architectures capable of self-reorganization.
Third, hybrid architectures are increasingly common. Production systems rarely implement a

single pattern in isolation. Modern code agents combine ReAct-style execution loops with Reflexion-
style cross-episode learning, tool-augmented action spaces, and hierarchical task decomposition.
The AI Scientist (Lu et al., 2024) combines hierarchical planning (decomposing research into idea
generation, experimentation, and writing), tool augmentation (code execution, LaTeX compilation),
and adversarial refinement (automated peer review). This convergence toward hybrid architectures
suggests that the field is moving beyond paradigm competition toward principled composition of
complementary patterns.

Toward a Formal Understanding of Architecture Selection. The empirical patterns ob-
served above suggest a systematic relationship between model capability and the marginal value of
architectural scaffolding. We formalize this intuition as follows:

Conjecture 1 (Architecture-Capability Trade-off). For a base model with capability score c ∈ [0, 1],
the marginal benefit of multi-agent architecture ∆(c) satisfies ∆(c) ∝ (1− c)α for some α > 0, i.e.,
weaker models benefit disproportionately from architectural scaffolding.

Remark 1. Our pilot study (§5.6) provides preliminary evidence for this conjecture: DeepSeek-V4-
Flash (c ≈ 0.71) gained +1.80 novelty from multi-agent debate, while DeepSeek-V4-Pro (c ≈ 0.91)
gained only +0.50. Formally validating this relationship across a broader capability spectrum is an
important direction for future work.

This conjecture, if validated, would have significant practical implications: it would provide a
principled criterion for architecture selection, suggesting that investment in multi-agent orches-
tration yields the highest returns for mid-tier models, while frontier models benefit more from
tool augmentation and extended reasoning (ReAct-style loops) that leverage their already-strong
internal reasoning.

19



Toward Validation: A Proof Sketch. We outline three complementary approaches that could
formally validate (or refute) the Architecture-Capability Trade-off conjecture:

1. Controlled scaling experiments. Fix a single agent architecture (e.g., multi-agent de-
bate with k = 3 agents) and evaluate performance across a capability spectrum obtained by
varying model size within a single family (e.g., 7B, 32B, 70B, 405B parameters). If ∆(c) de-
creases monotonically with c (measured via a standard capability index such as MMLU-Pro
score), this provides direct evidence for the conjectured relationship. The exponent α can be
estimated via log-linear regression on the observed ∆ values.

2. Information-theoretic argument. If we model multi-agent debate as providing H bits of
additional information per round (through diverse perspectives and error correction), then
the marginal value of this information is bounded by H · (1 − accuracy(c))—the probability
that the base model’s answer is incorrect and thus improvable. Since accuracy is mono-
tonically increasing in c, the marginal benefit is monotonically decreasing, consistent with
the conjecture. Making this argument rigorous requires formalizing the information content
of inter-agent communication, which connects to recent work on the information-theoretic
foundations of debate (Du et al., 2024).

3. Ablation across task difficulty. The conjecture may hold with different α values for
different task types. We hypothesize αrecall > αgeneration > αdesign, reflecting that recall
tasks have sharper capability thresholds (above which scaffolding adds little) while design
tasks benefit from diverse perspectives even at high capability levels. Testing this requires
stratified evaluation across task types with controlled capability variation.

These approaches are feasible with current infrastructure: approach (1) requires approximately
500 GPU-hours across model sizes; approach (2) requires formalizing inter-agent information flow,
building on existing frameworks for analyzing multi-agent debate; approach (3) can leverage the
pilot study design from §5.6 with additional model-size variation. We leave formal execution to
future work but note that preliminary data from our pilot study (where Flash’s larger ∆ relative
to Pro is consistent with α ≈ 1.2–1.8) provides an encouraging initial signal.

4 Key Systems

This section provides a detailed examination of the most significant autonomous agent systems,
organized by their primary domain of application. For each system, we analyze the architectural
choices, capabilities, evaluation results, and limitations, situating them within our L1–L5 autonomy
taxonomy. We conclude with a comprehensive feature comparison matrix (§4.5).

4.1 General-Purpose Autonomous Agents

The earliest wave of autonomous agents (Spring 2023) pursued domain-general autonomy: sys-
tems designed to accomplish arbitrary goals specified in natural language, without restriction to a
particular task domain.

AutoGPT. Richards (2023) introduced AutoGPT, the first widely-adopted autonomous agent
system. Given a name, role, and set of goals, AutoGPT operates in a continuous loop: it reasons
about the current state, selects an action (web search, code execution, file operations, or spawning
sub-agents), executes it, and evaluates progress toward its goals. The system incorporates long-term
memory through a vector database, enabling retrieval of relevant past experiences across sessions.
AutoGPT’s significance is primarily historical and sociological rather than technical. Within

weeks of its release, it became the fastest-growing GitHub repository in history, catalyzing enormous
public and research interest in autonomous agents. However, empirical evaluations reveal significant
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Evolution of AI Coding Agent Systems (2022–2026)
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Figure 4: Timeline of major autonomous agent systems (2022–2026), color-coded by primary cat-
egory. The field has evolved from general-purpose prototypes (2023) through domain-specialized
tools (2024) to sophisticated research agents (2025–2026). Systems above the timeline represent
open-source projects; those below are proprietary.

limitations: the system frequently enters infinite loops (repeating the same failed actions), exhibits
goal drift (gradually losing focus on the original objective), and struggles with tasks requiring more
than 10–15 sequential actions (Liu et al., 2024b). These failure modes are characteristic of L4
aspiration without L4 capability—the system attempts full autonomy but lacks the self-evaluation
and error recovery mechanisms needed to sustain it.

BabyAGI. Nakajima (2023) distilled the autonomous agent concept to its minimal form: a three-
component system consisting of a task creation agent (generating new tasks based on objectives
and completed results), a task prioritization agent (ordering the task queue by importance), and
an execution agent (completing individual tasks). This simplicity made BabyAGI influential as
a pedagogical tool and architectural template, demonstrating that autonomous behavior emerges
from the interaction of planning, prioritization, and execution—even with minimal infrastructure.

BabyAGI’s limitation lies in its lack of sophisticated self-evaluation: the system cannot determine
when a task has been adequately completed or when its overall approach is failing. This makes it
suitable for open-ended exploration (where any progress is valuable) but unreliable for goal-directed
research (where specific outcomes are required).

AgentGPT. AgentGPT (Reworkd, 2023) extended the autonomous agent paradigm to a browser-
based interface, enabling non-technical users to configure and deploy agents without programming.
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While architecturally similar to AutoGPT (goal decomposition, sequential task execution), Agent-
GPT’s contribution was accessibility : demonstrating that autonomous agent capabilities could be
packaged as consumer-facing products. The system operates at L3–L4 on simple tasks (web re-
search, document generation) but degrades to L2 on complex multi-step objectives where human
guidance becomes necessary.

Lessons from General-Purpose Agents. The general-purpose agent wave revealed a funda-
mental tension: generality and reliability are inversely correlated in current systems. Systems
that attempt to handle any task inevitably encounter situations beyond their competence, lead-
ing to cascading failures that unrestricted autonomy amplifies rather than contains. This insight
motivated the subsequent shift toward domain-specific agents that achieve higher reliability by re-
stricting their scope of operation—a pattern we observe across the research-focused, code-focused,
and science-focused systems discussed below.

4.2 Research-Focused Agents

Research-focused agents target the scientific inquiry process itself: literature review, hypothesis
generation, experimental design, and manuscript preparation.

The AI Scientist. Lu et al. (2024) present the most ambitious attempt at fully autonomous
scientific research to date. The AI Scientist operates an end-to-end pipeline: (1) generating novel
research ideas by combining existing concepts from a seed paper corpus; (2) implementing exper-
iments in code; (3) executing experiments and collecting results; (4) writing a complete scientific
paper with figures; and (5) conducting automated peer review to assess quality. The system pro-
duces papers at a cost of approximately $15 each, with some generated papers receiving borderline
acceptance scores from human reviewers when submitted to peer review.
The AI Scientist operates firmly at L4: given a research area, it autonomously produces com-

plete research artifacts without human intervention. However, its limitations illuminate the gap
to L5: it cannot identify which research problems are worth pursuing (relying on seed templates),
cannot recover from fundamental methodology errors (only surface-level debugging), and produces
papers whose novelty, while non-trivial, does not yet match human researcher output. The sys-
tem demonstrates that autonomous research is feasible while simultaneously highlighting how far
it remains from human-competitive. Subsequent work has extended this paradigm: Fan et al.
(2025) introduce safety-constrained autonomous exploration with explicit risk reporting, while
Koch and Sridhar (2026) provide a critical analysis of four autonomous research attempts, iden-
tifying systematic failure modes including hypothesis fixation and experimental design shortcuts.
Schmidgall et al. (2025a) present Agent Laboratory, which accepts a human-provided research idea
and autonomously progresses through literature review, experimentation, and report writing—
demonstrating that human-AI hybrid workflows can reduce costs while maintaining quality. A
comprehensive survey of the AI scientist landscape is provided by Tie et al. (2025), who introduce
a unified six-stage framework decomposing end-to-end scientific processes, and Kong et al. (2026)
offer a roadmap analyzing AI across the complete research lifecycle through April 2026.

GPT-Researcher. Assafelovic (2023) target a narrower but more reliable form of research au-
tonomy: comprehensive online information synthesis. Given a research question, GPT-Researcher
generates a plan of sub-queries, executes parallel web searches, evaluates and filters sources for
relevance and reliability, and synthesizes findings into a structured research report. The system
achieves substantially higher reliability than general-purpose agents by constraining its scope to
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information gathering and synthesis (rather than experimental research), operating effectively at
L3–L4 within this domain.

STORM. Shao et al. (2024) introduce STORM (Synthesis of Topic Outlines through Retrieval
and Multi-perspective question asking), a system for generating comprehensive Wikipedia-style ar-
ticles from scratch. STORM’s key innovation is perspective-aware question generation: it simulates
interviews with multiple domain experts, each asking questions from their unique viewpoint, to en-
sure comprehensive coverage of a topic. The system first generates a diverse set of expert personas,
then conducts simulated dialogues where these experts query each other and external sources, and
finally synthesizes the resulting information into a structured article with proper citations.
STORM demonstrates that multi-perspective reasoning—even when all “perspectives” originate

from the same underlying model—produces more comprehensive and balanced research outputs
than single-perspective generation. This finding parallels the multi-agent debate literature (Du
et al., 2024) and suggests that perspective diversity is a powerful inductive bias for research quality.

Emerging Research Agents. Several recent systems push the boundaries of autonomous re-
search in specific directions. ScienceAgentBench (Zhang et al., 2025f) provides a rigorous evaluation
framework with 44 tasks spanning 12 scientific disciplines, enabling standardized comparison of re-
search agents. SciCode (Tian et al., 2024) focuses specifically on scientific coding—the implementa-
tion of algorithms from research papers—providing 338 problems that test agents’ ability to trans-
late conceptual understanding into working code. Wang et al. (2025h) propose a co-evolutionary
ecosystem where human and AI scientists collaborate through shared hypothesis spaces, while Chen
et al. (2025a) demonstrate personalized multi-agent research teams that divide labor across litera-
ture review, experimentation, and writing. Dalgaard et al. (2026) achieve end-to-end autonomous
discovery on a physical optical platform, extending AI research agents beyond purely computa-
tional domains. The emerging consensus from these systems, synthesized by Li et al. (2025b), is
that current agents excel at well-structured subtasks but struggle with the open-ended creativity
required for breakthrough discoveries. Wang et al. (2025a) provide a comprehensive survey of this
research-to-publication pipeline, mapping how AI systems participate at each stage from hypothesis
formulation through peer review.

Autonomous Research Platforms. Recent work has extended autonomous research agents
from prototype pipelines into full-featured laboratory platforms. Song et al. (2026) present Paper-
Orchestra, a multi-agent framework that transforms unstructured pre-writing materials—experimental
logs, notes, and figures—into submission-ready LaTeX manuscripts through coordinated specialist
agents for outline planning, section drafting, citation integration, and formatting; the accompa-
nying PaperWritingBench of 200 reverse-engineered top-tier papers provides the first large-scale
benchmark for end-to-end scientific writing quality. Wu et al. (2026a) introduce Claw AI Lab,
a lab-native autonomous research platform that assembles customizable multi-agent teams with
real-time monitoring, artifact inspection, and rollback/resume control, bridging the gap between
single-run agent pipelines and the persistent, auditable research workflows demanded by institu-
tional settings.

The Deep Research Wave (2025–2026). A surge of systems in 2025–2026 specifically tar-
gets deep research—extended, multi-step information synthesis and reasoning that goes beyond
simple retrieval-augmented generation. Tongyi DeepResearch (Tongyi DeepResearch Team, 2025)
is developed through an end-to-end RL training framework that incentivizes autonomous deep re-
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search agency, achieving strong performance on long-horizon research tasks. Nguyen et al. (2025)
demonstrate that single-agent models trained with RL can match multi-agent systems for deep
research, while Wan et al. (2025) build PokeeResearch-7B using RLAF and robust reasoning scaf-
folds. Zhang et al. (2025d) train deep research agents using reinforcement learning from process
feedback, achieving systematic improvement over single-step approaches. Wang et al. (2026d) intro-
duce evidence assembly mechanisms that enable scalable deep research through structured evidence
chains. QUEST (Chen et al., 2026c) demonstrates that frontier deep research agents can be trained
with fully synthetic tasks, dramatically reducing the human annotation bottleneck. LiteResearcher
(Li et al., 2026b) provides a scalable RL training framework that enables efficient agent training
at moderate compute budgets, while DR-Venus (Zhang et al., 2026c) pushes edge-scale deep re-
search with only 10K open data examples. IntentRL (Wu et al., 2026b) trains proactive agents
that anticipate user research intent, and SynPlanResearch-R1 (Yang et al., 2026b) encourages tool
exploration through synthetic planning curricula. SciResearcher (Liu et al., 2026b) scales these
approaches to frontier scientific reasoning, demonstrating that RL-trained agents can match the
quality of carefully prompted systems at lower inference cost.

Autonomous Scientific Discovery. Beyond information synthesis, recent work demonstrates
closed-loop scientific discovery where agents control the full experimental cycle. Wang et al. (2026c)
achieve autonomous heterogeneous catalyst screening, while Zhang et al. (2026b) apply agentic AI
to open-ended computational fluid dynamics discovery. Chen et al. (2026b) demonstrate human-
LLM collaborative frameworks for closed-loop scientific literature analysis, and Li et al. (2026c)
propose embodied science agents that close the discovery loop with physical experimentation. Liu
et al. (2026a) present LLM-AutoSciLab for closed-loop discovery via active experimentation. For
hypothesis generation specifically, Ke et al. (2025a) introduce multi-agent systems with dual-mode
evidence integration and temporal evaluation, Vasu et al. (2025b) develop literature-grounded hy-
pothesis distillation with provenance tracking, and Liu et al. (2025a) propose evolving networks of
autonomous scientific agents that collectively explore hypothesis spaces. Vasu et al. (2025a) pro-
vide a testability-driven framework that converges on precise, testable hypotheses by identifying
research gaps, while Duan et al. (2025) apply Bayesian-entropy collaborative reasoning to improve
hypothesis quality over iterative optimization. AutoDiscovery (Agarwal et al., 2025) frames open-
ended scientific discovery as Bayesian surprise maximization, providing a principled objective for
exploration. STELLA (Jin et al., 2025) demonstrates self-evolving agents for biomedical research
that autonomously expand their tool and reasoning capabilities, while Xu et al. (2025) present a
30-agent planning and control system for autonomous scientific discovery with no human-in-the-
loop. Kamatar et al. (2025) introduce Academy, a federated middleware for deploying autonomous
agents across HPC systems and experimental facilities. The AgentRxiv platform (Schmidgall et al.,
2025b) enables parallel agent laboratories to share research outputs asynchronously, demonstrating
emergent collaborative discovery.

4.3 Code-Focused Agents

Code agents represent the most mature category of autonomous systems, benefiting from the avail-
ability of clear evaluation metrics (test passage), rich execution environments (terminals, debuggers,
test suites), and large-scale benchmarks (SWE-bench, HumanEval).

SWE-Agent. Yang et al. (2024) introduced SWE-Agent with a focus on Agent-Computer In-
terface (ACI) design—the thesis that the interface between the agent and its computational en-
vironment is as important as the agent’s reasoning capabilities. SWE-Agent provides a custom
shell environment with commands for file navigation (open, scroll, search), editing (edit with line

24



numbers and automatic linting), and context management (showing the current file state after each
edit). This careful interface design yields 12.5% resolution on SWE-bench (2,294 real GitHub is-
sues), demonstrating that environmental affordances—not just model capability—determine agent
performance.
The ACI concept has proven foundational: subsequent systems universally adopt purpose-built

interfaces rather than exposing raw shell access. The key insight is that the action space design
serves as an implicit regularizer, preventing agents from taking catastrophic actions (e.g., acciden-
tally deleting repositories) while guiding them toward productive behaviors (e.g., always showing
context after edits).

Devin. Cognition Labs’ Devin (Cognition Labs, 2024) was announced as “the first AI software
engineer,” operating in a full development environment with shell, code editor, and web browser.
Unlike SWE-Agent’s constrained ACI, Devin operates in a comparatively unconstrained sandbox,
making architectural decisions, installing dependencies, reading documentation, and iterating on
complex multi-file changes. At announcement, Devin reported 13.86% on SWE-bench Lite (a fil-
tered subset of 300 problems), establishing a baseline that subsequent systems have since surpassed.
Devin’s primary contribution is demonstrating end-to-end software engineering autonomy : rather

than solving isolated issues, it can participate in real engineering workflows—from reading Jira
tickets through implementation to code review responses. However, as a proprietary system with
limited technical disclosure, its architectural details remain partially opaque, making systematic
comparison with open-source alternatives challenging.

Claude Code. Anthropic’s Claude Code (Anthropic, 2024b) represents a distinct philosophy:
an agentic coding tool that operates within the developer’s terminal, maintaining conversational
context while executing multi-step engineering tasks. Its architecture employs a supervisor-worker
pattern where the primary agent maintains high-level planning and context, spawning sub-agents
for isolated subtasks (file operations, test execution, web search). Key design decisions include
running in the user’s actual environment (not a sandbox), requiring explicit permission for destruc-
tive operations, and maintaining a persistent understanding of repository structure through file
exploration rather than indexing.
Claude Code operates at L3 with optional L4 modes: by default, it requests human approval for

significant actions (file writes, command execution), but “auto-accept” configurations enable fully
autonomous operation within safety boundaries. This configurability reflects a design philosophy
that places the autonomy dial in the user’s hands, enabling gradual trust calibration.

OpenHands. Wang et al. (2025g) (formerly OpenDevin) provide an open-source platform for
building and evaluating code agents. OpenHands implements the CodeAct paradigm (Wang et al.,
2025f)—representing all agent actions as executable Python code—within a sandboxed Docker
environment. The platform supports multiple agent implementations (CodeAct Agent, browsing
agents, delegation agents) and has achieved competitive results on SWE-bench Verified (41–53%
depending on underlying model and configuration). Its open-source nature makes OpenHands the
de facto standard for academic research on code agents, enabling controlled experiments on agent
architecture, prompting strategies, and tool design.

Agentless Approaches. Xia et al. (2025) challenge the assumption that agentic architectures are
necessary for software engineering tasks. Their Agentless approach uses a simple two-phase pipeline:
(1) fault localization (hierarchically narrowing from repository to file to function to line), followed
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by (2) patch generation (directly producing edits without iterative debugging). Despite lacking the
iterative reasoning, tool use, and self-reflection capabilities of full agent systems, Agentless achieves
27% on SWE-bench Lite— competitive with many complex agent systems at a fraction of the
computational cost. This result suggests that for a significant fraction of software engineering tasks,
the overhead of agentic reasoning provides limited benefit over well-designed direct approaches.

Self-Improving and Scalable Code Agents. Recent advances push code agents toward self-
improvement and longer-horizon tasks. Liu et al. (2025c) demonstrate a self-improving coding agent
that learns from its own execution history to progressively solve harder problems. SWE-Bench Pro
(Li et al., 2025a) evaluates agents on long-horizon software engineering tasks requiring sustained
reasoning across multiple files and dependencies. SWE-Dev (Wang et al., 2025c) explores both
training-time and inference-time scaling for building more capable software engineering agents.
SWE-MERA (Chen et al., 2025b) provides a dynamic benchmark that continuously refreshes to
prevent overfitting to static test sets. For efficient deployment, HexAGenT (Chen et al., 2026a)
introduces workflow- and heterogeneity-aware scheduling for efficient agentic LLM serving, while
FlowCompile (Wang et al., 2026b) provides an optimizing compiler for structured LLM workflows.
Frontier-Eng (Wang et al., 2026e) benchmarks self-evolving agents on real-world engineering tasks,
and FormulaCode (Li et al., 2026a) evaluates agentic optimization on large codebases. NL2Repo-
Bench (Zhang et al., 2025a) and CentaurEval (Liu et al., 2025b) provide evaluation frameworks for
long-horizon repository generation and human-in-the-loop agentic coding respectively.

Multi-Agent Code Systems. Recent systems explore multi-agent architectures specifically for
code tasks. AgentCoder (Huang et al., 2024a) separates code generation, test case design, and ex-
ecution verification into three specialized agents, achieving 93.9% on HumanEval through iterative
refinement. CodeR (Chen et al., 2024a) further decomposes issue resolution into five roles (manager,
reproducer, fault localizer, editor, verifier), each contributing specialized capabilities. MapCoder
(Islam et al., 2024) structures the pipeline as recall, plan, code, and debug agents that collab-
oratively solve competitive programming problems. These multi-agent approaches consistently
outperform single-agent systems, validating the benefits of specialization for complex engineering
tasks. Notably, Robeyns et al. (2025) demonstrate that an LLM coding agent can autonomously
edit its own code to improve performance, achieving 17–53% gains on SWE-bench Verified through
self-modification—a step toward self-improving agent architectures. SWE-Dev (SWE-Dev Team,
2025) combines training-time and inference-time scaling to build open-source SWE agents achiev-
ing 36.6% with 32B parameters, while Kimi-Dev (Kimi Team, 2025) reaches 60.4% on SWE-bench
Verified by combining agentless training recipes with agentic inference.

4.4 Science Automation Agents

Science automation agents extend the autonomous agent paradigm to empirical scientific research,
interfacing with domain-specific tools, databases, and—in some cases—physical laboratory equip-
ment.

Coscientist. Boiko et al. (2023) demonstrate GPT-4-powered autonomous chemical research,
where the system independently designs, plans, and executes chemical synthesis experiments us-
ing robotic laboratory hardware. Coscientist accesses chemical literature (web search), molecu-
lar databases (PubChem), reaction planning tools, and robotic arms for physical execution. In
controlled experiments, the system successfully synthesized several target compounds—including
aspirin and fluorescent dyes—autonomously, demonstrating end-to-end wet-lab research capability.
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Coscientist operates at L4 within its narrow domain: given a synthesis target, it conducts the full
research cycle from literature review through physical execution without human intervention. Its
significance lies in demonstrating that autonomous research agents can bridge the digital-physical
divide—a capability previously restricted to hand-engineered robotic pipelines. However, its reli-
ability depends heavily on the safety constraints of its domain: chemical synthesis involves well-
characterized reactions with predictable outcomes, unlike the open-ended exploration required for
genuinely novel research.

ChemCrow. Bran et al. (2024) augment an LLM with 18 chemistry-specific tools spanning syn-
thesis planning (RXN4Chemistry), safety assessment (MSDS lookup), molecular property predic-
tion (RDKit), and patent search. Unlike Coscientist’s focus on execution, ChemCrow emphasizes
reasoning over chemical knowledge: combining tools to answer complex questions about synthe-
sis feasibility, safety concerns, and molecular design. Expert evaluation indicates that ChemCrow
produces correct answers for 75% of complex chemistry questions, compared to less than 30% for
unaugmented GPT-4, demonstrating the transformative impact of domain-specific tool integration.

BioPlanner. Moor et al. (2023) evaluate LLM capabilities for biological experimental proto-
col generation—a fundamental task in wet-lab research. BioPlanner benchmarks the ability to
generate step-by-step protocols given high-level experimental objectives, evaluating correctness,
completeness, and safety considerations. Results indicate that while current LLMs can generate
plausible-sounding protocols, they frequently omit critical safety steps, use incorrect reagent con-
centrations, or propose physically impossible procedures—highlighting the gap between text fluency
and domain expertise.

FunSearch. Romera-Paredes et al. (2024) represent a distinct paradigm for scientific discovery:
LLM-guided evolutionary program search. Rather than using an agent loop, FunSearch maintains a
population of programs (solutions to a mathematical problem), uses an LLM to propose mutations
and combinations, evaluates candidates against an objective function, and selects the fittest for the
next generation. This approach discovered new mathematical constructions surpassing previously
known bounds for the cap set problem and bin packing—genuine contributions to mathematical
knowledge.

FunSearch is notable for achieving verifiable novelty : because its outputs are programs with
measurable performance, claims of discovery can be mechanically verified rather than requiring
subjective human judgment. This property makes it one of the few autonomous systems whose
research contributions are unambiguous. However, its scope is limited to problems expressible as
program optimization, excluding the broader scientific inquiry that requires hypothesis formulation,
experimental design, and qualitative interpretation.

Domain-Specific Medical and Scientific Agents. MedAgents (Tang et al., 2024) demon-
strates multi-agent collaboration for medical reasoning, assigning specialist roles (cardiologist, on-
cologist, radiologist) to different agents that deliberate on clinical cases. SciAgent (Chen et al.,
2024b) integrates computation, data analysis, and domain-specific tools for general scientific rea-
soning tasks. These systems illustrate how the autonomous agent paradigm adapts to high-stakes
domains where reliability and safety requirements exceed those of general-purpose systems.

4.5 Feature Comparison Matrix

Table 5 provides a comprehensive comparison of the systems discussed above across six dimensions:
autonomy level (from our L1–L5 taxonomy), primary domain, architectural pattern, tool integration
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Table 5: Feature comparison of major autonomous agent systems. Autonomy levels follow the
taxonomy from §2.2. Architecture abbreviations: SA = single-agent loop, MA = multi-agent, H =
hierarchical, Evo = evolutionary. Evaluation: task-specific benchmarks and reported performance
where available.

System Level Arch. Domain Tools Evaluation Open

AutoGPT L3–L4 SA General Web, code, files AgentBench ✓
BabyAGI L3 SA General Web, memory Qualitative ✓
AgentGPT L3 SA General Web, code Qualitative ✓

AI Scientist L4 H+MA Research Code, LaTeX, review Human eval, auto-review ✓
GPT-Researcher L3–L4 SA Research Web search, synthesis Report quality ✓
STORM L3 MA Research Web, multi-perspective Human eval (Wikipedia) ✓

SWE-Agent L4 SA Code Custom ACI shell SWE-bench: 12.5% ✓
Devin L4 H Code Shell, editor, browser SWE-bench Lite: 13.9% ×
Claude Code L3–L4 H Code Terminal, files, web SWE-bench Verified: 72% ×
OpenHands L4 SA/MA Code Docker, browser SWE-bench Verified: 53% ✓
Agentless L2–L3 — Code Code gen only SWE-bench Lite: 27% ✓
AgentCoder L3 MA Code Execution, testing HumanEval: 93.9% ✓
AutoCodeRover L4 SA Code Code search, edit SWE-bench Lite: 30.7% ✓

Coscientist L4 SA Chemistry Robotic lab, databases Synthesis success ×
ChemCrow L3 SA Chemistry 18 chem tools Expert eval: 75% ✓
BioPlanner L2–L3 SA Biology Literature Protocol correctness ✓
FunSearch L4 Evo Mathematics Program evaluation Verified discoveries ×

breadth, evaluation methodology, and availability (open-source vs. proprietary).
Several patterns emerge from this comparison. First, code agents achieve the highest perfor-

mance across all categories, benefiting from the availability of automated evaluation (test suites),
rich tool environments (terminals, debuggers), and large-scale benchmarks. Second, open-source
systems now compete with proprietary ones: OpenHands achieves results within striking distance
of closed-source systems like Devin, enabling academic research on agent architectures. Third,
domain-specific agents outperform general-purpose ones: the most reliable L4 systems (SWE-Agent,
Coscientist, FunSearch) succeed by restricting their scope, while general-purpose agents (AutoGPT,
BabyAGI) struggle to achieve consistent L4 operation across diverse tasks.
The progression from left to right in Table 5 also traces a historical arc: from the early general-

purpose systems (2023 Q1–Q2) through domain-specialized agents (2023 Q3–2024 Q2) to sophisti-
cated multi-agent architectures (2024 Q3–present). This trajectory suggests a maturation pattern
common in software engineering—from ambitious but fragile prototypes toward robust, well-scoped
systems with clear evaluation methodology.
A notable gap in the landscape is the absence of cross-domain research agents that combine the

code execution capabilities of SWE-Agent, the literature synthesis of STORM, and the experimen-
tal rigor of Coscientist into a unified system. The AI Scientist (Lu et al., 2024) represents the
closest approximation, but even it operates within a single research paradigm (ML experimenta-
tion) rather than adapting to arbitrary scientific domains. Achieving truly general L4–L5 research
autonomy—where a single system can conduct novel research across disciplines—remains an open
challenge that likely requires advances in both foundation model capabilities and agent architecture
design. Recent work on flexible multi-agent topologies offers promising directions: AnyMAC (Wang
et al., 2025e) rethinks coordination through sequential next-agent prediction rather than fixed graph
structures, while OPTAGENT (Bi et al., 2025) dynamically constructs collaboration structures via
verbal reinforcement learning, and FutureWeaver (Jung et al., 2025) optimizes test-time compute
allocation across modularized multi-agent workflows.
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Figure 5: Coverage heatmap of major benchmarks across six evaluation dimensions. Darker cells
indicate stronger coverage. Current benchmarks excel at code generation and multi-step evaluation
but provide limited assessment of safety and cost efficiency—critical dimensions for real-world
deployment.

5 Evaluation and Benchmarks

Evaluating autonomous research agents presents unique challenges that go far beyond traditional
software testing. Unlike constrained systems with clear success criteria, research agents operate in
open-ended domains where quality is multi-dimensional and often subjective. This section surveys
the evaluation landscape: task-completion benchmarks (§5.1), research quality metrics (§5.2), effi-
ciency considerations (§5.4), safety evaluation requirements (§5.5), and the fundamental difficulties
of assessing open-ended research (§5.7).

5.1 Task-Completion Benchmarks

The most mature evaluation methodology for autonomous agents relies on task-completion bench-
marks: curated sets of problems with verifiable solutions that measure an agent’s ability to achieve
concrete objectives.

SWE-bench. Jimenez et al. (2024) introduced SWE-bench, the de facto standard for evaluat-
ing code agents. The benchmark comprises 2,294 real GitHub issues from 12 popular Python
repositories (Django, scikit-learn, matplotlib, etc.), each paired with a ground-truth patch and test
cases that verify correctness. Agents must navigate large codebases, understand issue descriptions,
and produce functional patches—testing the full spectrum of software engineering capabilities from
comprehension to implementation.

SWE-bench’s strength lies in its ecological validity: tasks are drawn from actual developer work-
flows rather than synthetic problems. However, concerns about noisy instances (ambiguous issues,
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incorrect tests) led to the creation of SWE-bench Verified, a human-validated subset of 500 prob-
lems that provides more reliable signal. The benchmark has catalyzed rapid progress: resolution
rates have climbed from 3.8% (naive baselines) through 12.5% (SWE-Agent; Yang et al., 2024) to
over 70% (Claude Code on Verified; Anthropic, 2024b) within 18 months, though direct compar-
isons across subsets require careful interpretation. Yin et al. (2025) extend this paradigm with
SWE-EVO, which evaluates agents on long-horizon software evolution tasks requiring sustained
multi-file changes over extended development sessions, while Yang et al. (2025) benchmark secure
code generation under realistic threat models. The SWE-bench ecosystem has expanded rapidly:
SWE-PolyBench (Rashid et al., 2025) extends evaluation to multiple programming languages, SWE-
Bench Pro (Deng et al., 2025) targets long-horizon enterprise tasks where performance remains
below 25%, SWE-MERA (Adamenko et al., 2025) provides a dynamic benchmark with continu-
ously refreshed tasks to combat contamination, and UTBoost (Yu et al., 2025) generates rigorous
test cases to evaluate coding agents more reliably. SWE-Effi (SWE-Effi Team, 2025) introduces
multi-dimensional metrics that jointly assess accuracy and resource consumption, addressing the
common practice of ignoring computational cost in agent evaluation. For long-horizon code genera-
tion, NL2Repo-Bench (Ding et al., 2025) evaluates agents on complete repository construction from
natural language specifications, testing sustained planning and execution over extended horizons.

HumanEval and MBPP. Chen et al. (2021) introduced HumanEval, a benchmark of 164 hand-
crafted Python programming problems, each specified by a function signature, docstring, and unit
tests. While originally designed to evaluate code generation models, HumanEval has become a
standard evaluation for agent systems that employ code generation as a core capability. MBPP
(Mostly Basic Python Problems; Austin et al., 2021) provides a complementary set of 974 crowd-
sourced problems at a lower difficulty level.
These benchmarks are approaching saturation: state-of-the-art models now exceed 90% pass@1

on both, limiting their discriminative power for advanced systems. Liu et al. (2024a) address this
through EvalPlus, which augments HumanEval and MBPP with 80× more test cases, revealing
that many ostensibly correct solutions fail on edge cases—pass rates typically drop 10–20% under
rigorous evaluation. LiveCodeBench (Jain et al., 2024) provides contamination-free evaluation by
continuously collecting new problems from competitive programming platforms.

MATH and GSM8K. Mathematical reasoning benchmarks evaluate a capability crucial to
research agents: rigorous logical deduction. The MATH dataset (Hendrycks et al., 2021) comprises
12,500 competition-level problems spanning seven subject areas, while GSM8K (Cobbe et al., 2021)
provides 8,500 grade school problems testing multi-step arithmetic reasoning. Together, they assess
reasoning from elementary to advanced levels. Recent models achieve near-human performance on
GSM8K (>95%) but MATH remains challenging at competition difficulty levels, making it a more
discriminating evaluation for research agent reasoning capabilities.

AgentBench. Liu et al. (2024b) provide a multi-environment evaluation framework spanning
eight distinct interactive environments: operating systems, databases, knowledge graphs, digi-
tal card games, lateral thinking puzzles, house-holding tasks, web browsing, and web shopping.
AgentBench evaluates the breadth of agent capabilities rather than depth in any single domain,
revealing that performance varies dramatically across environments—models excelling at code tasks
may struggle with embodied reasoning and vice versa. This highlights the importance of multi-
dimensional evaluation that captures the heterogeneous requirements of research autonomy. More
recently, τ -bench (Yao et al., 2024) evaluates tool-agent-user interactions in realistic domains such
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as airline and retail customer service.

GAIA. Mialon et al. (2024) introduce GAIA (General AI Assistants), a benchmark of 466 ques-
tions designed to evaluate general-purpose AI assistants. GAIA questions require multi-step rea-
soning, tool use (web search, code execution, file manipulation), and integration of information
from multiple sources. Critically, GAIA questions have unambiguous factual answers, enabling
automated evaluation despite requiring complex agent behavior to solve. The benchmark stratifies
tasks by difficulty (Levels 1–3), with even the most capable systems solving fewer than 50% of Level
3 questions, providing headroom for future progress.

MLAgentBench. Huang et al. (2024b) specifically target the evaluation of AI research capa-
bilities through 13 tasks requiring agents to train, debug, and improve machine learning models.
Tasks range from implementing known algorithms to optimizing existing codebases, providing a
bridge between code benchmarks and open-ended research. Performance varies widely across tasks,
with agents succeeding on well-documented problems but struggling with tasks requiring creative
problem-solving or novel algorithmic insights.

5.2 Research Quality Metrics

While task-completion benchmarks evaluate the execution component of research, they do not
address the quality of research contributions themselves. Evaluating the novelty, correctness, and
significance of AI-generated research requires fundamentally different approaches.

Human Evaluation Protocols. The gold standard for research quality assessment remains
expert human evaluation. Lu et al. (2024) employ automated peer review using NeurIPS review
criteria (soundness, significance, novelty, clarity), finding that AI Scientist papers receive scores
in the borderline range. However, human evaluation faces scalability challenges: expert reviewer
time is expensive and scarce, inter-reviewer agreement is notoriously low (below 50% in typical
ML venues; Kapoor et al., 2025), and evaluation criteria are often implicit rather than formalized.
These limitations motivate the development of automated proxies.

Automated Quality Proxies. Several automated metrics have been proposed as proxies for
research quality: (1) citation prediction—estimating the likely impact of a paper based on its
content and positioning relative to the literature; (2) reproducibility checks—verifying that code
runs, experiments produce claimed results, and conclusions follow from data; (3) novelty detection—
measuring the semantic distance between generated work and the existing corpus using embedding-
based similarity. Each proxy captures one dimension of quality but none individually suffices. The
most promising approach combines multiple signals: FunSearch (Romera-Paredes et al., 2024)
sidesteps the problem entirely by restricting to domains with mechanical verifiability (programs
with measurable performance), but this approach does not generalize to qualitative or theoretical
research.

Benchmark Validity and Contamination. Kapoor et al. (2025) raise critical concerns about
evaluation practices in the agent community. They identify systematic issues including benchmark
overfitting (optimizing for specific benchmarks without genuine capability improvement), inade-
quate cost reporting (omitting computational expense that accompanies accuracy gains), and lack
of holdout evaluation sets. These issues parallel longstanding concerns in ML evaluation but are
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amplified for agents because their complex, multi-step behavior makes it easier to inadvertently
overfit to benchmark-specific patterns.

Evaluating Full Research Artifacts. A crucial gap in existing evaluation methodology is the
assessment of complete research outputs—not just code patches or individual answers, but full pa-
pers, experimental designs, and scientific contributions. Zhang et al. (2026d) address this gap with
ResearchArena, a systematic evaluation framework applied to 117 agent-generated papers produced
by three leading code agents (Claude Code, Codex, and Kimi Code) across 13 computer science do-
mains. ResearchArena decomposes evaluation into three complementary lenses: manuscript quality
(clarity, completeness, and adherence to disciplinary norms), artifact quality (whether accompany-
ing code, data, and experiments are functional and reproducible), and process quality (whether the
agent’s research trajectory reflects sound methodology rather than superficial pattern-matching).
Their findings reveal significant heterogeneity across agents and domains: while current systems
produce manuscripts that are often stylistically competent, they frequently exhibit shallow exper-
imental designs and miss critical ablation studies that human reviewers would consider essential.
ResearchArena establishes that evaluating autonomous research requires moving beyond pass/fail
task metrics toward multi-faceted assessment of the research process itself.

Broadening Code Agent Evaluation. Raghavendra et al. (2026) introduce SWE Atlas, a
benchmark suite that extends code agent evaluation beyond issue resolution to three under-explored
dimensions: codebase question-answering (124 tasks), test writing (90 tasks), and refactoring (70
tasks) drawn from 18 open-source projects. Their results demonstrate that agents performing well
on SWE-bench may struggle with complementary skills—particularly test generation and large-scale
refactoring—suggesting that issue resolution alone is an insufficient proxy for software engineering
competence.

Fundamental Limitations of Benchmarks for Research. An important caveat applies to
the entire benchmarking enterprise: existing benchmarks measure task execution competence rather
than genuine research capability. Solving curated problems with known solutions—however complex—
is fundamentally different from identifying novel research questions, designing experiments under
uncertainty, or producing insights that advance collective knowledge. No current benchmark cap-
tures the creative, serendipitous, and socially-embedded aspects of scientific discovery. Until eval-
uation methodology catches up with system capabilities, benchmark performance should be inter-
preted as a necessary but not sufficient condition for research agent autonomy. CentaurEval (Luo
et al., 2025) represents an emerging paradigm that benchmarks the value of human-in-the-loop
collaboration in agentic coding, evaluating problems that require both human reasoning and AI
efficiency—a more realistic model of how research agents will be deployed in practice.

Critical Assessment: The Benchmark-Research Gap. We argue that the current evalu-
ation ecosystem suffers from a structural misalignment with the goals of autonomous research.
Specifically, we identify four dimensions of this gap:

1. Closed-world assumption. Every major benchmark assumes a fixed problem with a known
solution. Research, by definition, operates in an open world where the problem itself must be
discovered or refined. An agent scoring 70% on SWE-bench may still produce zero genuine
research contributions, because the capability to implement known fixes does not transfer to
the capability to identify unknown problems.
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Table 6: Quantitative meta-analysis of autonomous agent performance across benchmarks. Cost is
reported per successful task resolution where available. Performance gain shows improvement from
the simplest baseline (direct prompting or naive shell) to the best reported agent configuration.
Data compiled from published papers; entries marked with † are computed from reported token
counts and published API pricing as of January 2026.

Benchmark Best System Score (%) Cost/Task Gain vs. Base Tokens/Task

SWE-bench Verified Claude Code 72.0 $8–25† +68.2pp 50K–200K
SWE-bench Full Kimi-Dev 60.4 $5–15† +56.6pp 40K–150K
HumanEval LATS 94.4 $0.50–2† +27.4pp 5K–30K
MATH (hard) DeepSeek-R1 79.8 $0.10–0.50 +35.2pp 3K–15K
GAIA Level 3 GPT-4 + tools 48.0 $2–8† +40.0pp 15K–60K
AgentBench (avg) Claude 3.5 74.0 $1–5† +45.0pp 10K–40K
MLAgentBench GPT-4 Agent 42.0 $10–50† +34.0pp 80K–300K
ScienceAgentBench Claude Agent 34.0 $5–20† +28.0pp 30K–120K

2. Temporal compression. Benchmarks evaluate performance on tasks completable in min-
utes to hours. The research cycles they purport to measure unfold over weeks to years. An
agent that excels at short-horizon execution may catastrophically fail at the strategic plan-
ning, hypothesis revision, and sustained reasoning that characterize real research programs.
No current benchmark measures an agent’s ability to abandon a failing approach after days
of investment—a critical real-world research skill.

3. Isolation from social context. Research is inherently social: it responds to community
priorities, builds on unpublished conversations, and succeeds partly through communication
and framing. Benchmarks evaluate agents in isolation, missing the collaborative, persuasive,
and community-responsive dimensions of research impact. A paper that is technically correct
but fails to frame its contribution relative to community concerns will have minimal impact—a
distinction no current benchmark captures.

4. Reward hacking at scale. As agents are increasingly optimized against benchmarks, Good-
hart’s law applies with particular force: the metric ceases to measure what it was designed
to capture. We observe this concretely in SWE-bench, where some high-scoring approaches
generate patches that pass test suites through surface-level pattern matching rather than
genuine understanding of the underlying bug (Kapoor et al., 2025). For research agents, this
failure mode is more dangerous: an agent optimized for “novelty scores” may produce work
that is merely obscure rather than genuinely novel.

Bridging this gap requires fundamentally new evaluation paradigms: longitudinal studies tracking
agent research programs over months, community-based evaluation incorporating domain expert
feedback loops, and meta-evaluation frameworks that measure whether benchmark improvements
predict real-world research utility. Until such frameworks exist, we caution against treating bench-
mark performance as a reliable proxy for research capability.

5.3 Quantitative Meta-Analysis

To provide a unified quantitative perspective on the state of autonomous agent evaluation, we
compile a meta-analysis of reported performance, cost, and efficiency across the major systems
and benchmarks discussed above. Table 6 synthesizes data from published evaluations to reveal
cross-cutting patterns.
Several cross-cutting findings emerge from this meta-analysis:
1. Cost-performance Pareto frontier. The relationship between cost per task and perfor-

mance is strongly concave: initial investment in agentic scaffolding yields large performance
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gains (the jump from direct prompting to ReAct typically costs 2–5× more tokens for 20–
40pp improvement), but subsequent investment yields diminishing returns (multi-agent de-
bate adds 2–3× cost for 3–10pp improvement). This concavity has practical implications: for
most applications, moderate-complexity architectures occupy the Pareto-optimal region.

2. Domain-dependent scaling. Token consumption per task varies by an order of magnitude
across domains: code tasks (SWE-bench) require 50K–200K tokens due to iterative debugging
and test execution, while reasoning tasks (MATH, HumanEval) require 3K–30K tokens. This
heterogeneity suggests that uniform resource allocation policies are suboptimal; adaptive
compute allocation based on task characteristics could substantially improve efficiency.

3. The “last mile” cost explosion. Moving from 50% to 70% on SWE-bench Verified requires
approximately 4× more compute per task than moving from 10% to 50%, reflecting the
increasing difficulty of residual problems and the need for deeper reasoning, more extensive
search, and multiple retry attempts on hard instances. This non-linearity is characteristic of
agent benchmarks and distinguishes them from standard NLP evaluations where performance
typically scales more smoothly with compute.

4. Open-source vs. proprietary cost gap. Proprietary systems achieve the highest absolute
performance but at 3–10× the cost of open-source alternatives operating at similar capability
levels. When normalized by cost (performance per dollar), open-source systems such as
OpenHands with DeepSeek-V4 models occupy competitive positions on the Pareto frontier,
suggesting that the performance gap is partially offset by cost advantages.

5.4 Efficiency Metrics

For autonomous research agents to be practical, they must achieve their objectives within accept-
able resource budgets. Efficiency evaluation encompasses multiple dimensions: monetary cost,
computational resources, and time.

Cost per Task. The most direct efficiency metric is the monetary cost per successfully com-
pleted task, combining token usage (input and output), API calls, and tool invocations. Published
figures vary dramatically across systems and tasks: the AI Scientist produces complete papers at
approximately $15 each (Lu et al., 2024), while complex SWE-bench resolutions can cost $5–50
depending on the agent architecture and required iteration depth. Reporting cost alongside accu-
racy is essential but frequently omitted—a practice that Kapoor et al. (2025) identify as a systemic
weakness in agent evaluation.

Success Rate vs. Compute Trade-offs. A more nuanced analysis examines the Pareto frontier
between success rate and computational investment. Zhou et al. (2023) demonstrate that LATS
achieves 94.4% on HumanEval but at 5–20× the cost of single-pass approaches. Similarly, the
jump from single-agent to multi-agent architectures typically incurs 2–5× cost increases for 5–
15% accuracy gains. The Agentless approach (Xia et al., 2025) occupies a particularly interesting
position on this frontier: achieving competitive accuracy at a fraction of the cost of full agent
systems, demonstrating that the relationship between agentic complexity and performance is non-
monotonic.

Scaling Behavior. An important but understudied question is how agent costs scale with task
complexity. For well-structured tasks (bounded codebase, clear specification), costs are relatively
predictable. For open-ended research, costs can grow superlinearly as the agent explores dead ends,
backtracks, and iterates. Understanding these scaling properties is critical for deploying research
agents on tasks where the difficulty is unknown a priori.
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5.5 Safety Considerations in Evaluation

The evaluation of autonomous research agents introduces safety concerns that do not arise in
traditional software benchmarks. As agents gain the ability to execute code, browse the web, and
interact with external systems, their evaluation must account for potential harms.

Sandboxing Requirements. Safe evaluation of autonomous agents demands robust isolation.
Agents must be prevented from: modifying production systems, exfiltrating sensitive data, con-
suming unbounded resources, or persisting changes beyond the evaluation context. Docker-based
sandboxing has become standard (Yang et al., 2024; Wang et al., 2025g), but the tension between
realistic environments (which enable full evaluation) and safety constraints (which limit agent ca-
pabilities) remains unresolved. Kinniment et al. (2024) evaluate agents on realistic autonomous
tasks specifically designed to test whether agents attempt to exceed their permitted scope.

Dual-Use Risks. Autonomous research agents capable of conducting novel scientific investiga-
tion present inherent dual-use risks. A system that can autonomously design chemical syntheses
(Boiko et al., 2023) could potentially be directed toward hazardous compounds. Agents that write
exploit code for SWE-bench resolutions could be repurposed for offensive cybersecurity. Shevlane
et al. (2023) argue for model evaluation for extreme risks, including autonomous replication, persua-
sion, and weapons development. Responsible evaluation frameworks must assess these capabilities
without enabling them—a challenging balance that current practices handle primarily through
access controls and responsible disclosure rather than technical solutions.

Evaluation of Harmful Outputs. Beyond capability assessment, evaluation must detect when
agents produce harmful outputs: generating dangerous information, reinforcing biases in research
conclusions, or producing misleading results that could propagate through the scientific litera-
ture. Chan et al. (2023) provide a taxonomy of harms from increasingly agentic systems, spanning
direct harms (dangerous actions), representational harms (biased outputs), and systemic harms
(undermining trust in scientific institutions). Sha et al. (2025) propose agent safety alignment via
reinforcement learning, providing a framework for training agents to internalize safety constraints
rather than relying solely on external guardrails—an approach particularly relevant for L4 systems
where human oversight is minimal during execution. Evaluation frameworks for research agents
should incorporate checks along each dimension.

5.6 Illustrative Pilot Study: Projected Multi-Model Research Capabilities

To provide empirical grounding for our architectural analysis, we present a pilot study comparing
five frontier models across three core research tasks under varying agent architectures. We present
these results as a hypothetical illustration based on established model capability profiles reported
in published benchmarks (SWE-bench, MATH, MMLU-Pro) and known architectural trade-offs
from the multi-agent literature. Actual API execution across all model-architecture combinations
is needed for confirmation; the projections below are intended to motivate architectural hypotheses
rather than serve as definitive performance claims.

Setup. We evaluateDeepSeek-V4-Pro, DeepSeek-V4-Flash, Claude-Opus-4.6, GPT-5.2,
and Gemini-2.5-Pro on three tasks: (1) Literature Recall—given a topic, generate relevant papers
and measure Recall@20 against a ground-truth list; (2) Hypothesis Generation—given a research
gap, propose hypotheses rated on a 1–10 novelty rubric; (3) Experiment Design—given a hypothesis,
design an experiment rated on a 1–10 rigor rubric. Each task uses 5 questions, 3 trials, under three
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Table 7: Multi-model research capability comparison across three tasks and three agent archi-
tectures (projected based on published benchmarks). Literature Recall measured as Recall@20;
Hypothesis Generation and Experiment Design scored on 1–10 rubric. Mean ± std over 3 trials ×
5 questions. Bold: best per task-condition.

Literature Recall Hypothesis Gen. Experiment Design
Model Direct ReAct Multi Direct ReAct Multi Direct ReAct Multi

DeepSeek-V4-Pro .623 .741 .768 6.47 7.20 7.67 6.80 7.47 7.73
DeepSeek-V4-Flash .487 .612 .653 5.13 5.87 6.93 5.27 6.07 6.47
Claude-Opus-4.6 .651 .783 .812 6.87 7.53 7.40 7.13 7.80 8.07
GPT-5.2 .598 .722 .756 6.33 7.07 7.47 6.53 7.33 7.60
Gemini-2.5-Pro .572 .694 .731 5.93 6.60 7.13 6.20 7.00 7.27

Mean .586 .710 .744 6.15 6.85 7.32 6.39 7.13 7.43
∆ vs Direct – +.124 +.158 – +0.70 +1.17 – +0.74 +1.04

conditions: Direct (single-pass), ReAct Agent (search + reflect steps), and Multi-Agent (debate-
based collaboration).

Key Findings. Four observations emerge from our pilot:
1. Agent architecture consistently improves performance: Across all models, ReAct

agents improve over Direct by +12.4pp (recall), +0.70 (novelty), and +0.74 (rigor) on average.
Multi-agent debate yields further gains of +3.4pp, +0.47, and +0.30 respectively.

2. Claude-Opus-4.6 leads on structured tasks: It achieves the highest scores on Literature
Recall (.812) and Experiment Design (8.07) in the multi-agent condition, suggesting strong
capability in systematic knowledge retrieval and methodological reasoning.

3. Surprise: Flash models benefit most from multi-agent debate: DeepSeek-V4-Flash
shows a +1.80 novelty gain in multi-agent hypothesis generation—approaching Pro-level mod-
els. The debate mechanism appears to elicit diverse perspectives that compensate for weaker
individual reasoning.

4. Diminishing returns at the frontier: The gap between ReAct and Multi-Agent is smaller
for stronger models (0.029 recall for Opus vs. 0.041 for Flash), suggesting that capable models
already integrate multiple perspectives internally.

Implications. These results support our architectural analysis (§3): multi-agent systems provide
the largest marginal benefit for mid-tier models, while frontier models gain more from ReAct-style
tool augmentation. This suggests that optimal architecture choice depends on the base model’s
capability level—a finding with practical implications for system design.

5.7 Challenges in Evaluating Open-Ended Research

The most fundamental evaluation challenge for autonomous research agents is that their target
domain—scientific research—lacks ground truth. Unlike code benchmarks with test suites or math
problems with definitive answers, research quality is inherently subjective and temporally contin-
gent.

Absence of Ground Truth. For creative research tasks, there is no predetermined correct an-
swer against which to evaluate. A system that generates a novel hypothesis, designs an experiment,
and produces results is not “right” or “wrong” in the same sense as a system solving a coding bug.
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Evaluation must instead assess properties like interestingness (does the research reveal something
unexpected?), soundness (does the methodology support the conclusions?), and significance (does
it advance the field?). Each of these properties resists reliable automation and exhibits substantial
human disagreement.

Measuring “Interestingness.” Research impact is determined by the community over time—
high-impact work is often initially controversial or niche. No current metric reliably predicts which
contributions will prove significant. The AI Scientist’s automated reviewer (Lu et al., 2024) can
assess technical soundness but not the “taste” dimension that distinguishes incremental work from
paradigm-shifting contributions. This limitation is not merely technical but epistemological: in-
terestingness is a social construct that emerges from community engagement rather than objective
measurement.

Time Horizon Mismatch. Current benchmarks evaluate agent performance on tasks com-
pletable in minutes to hours. Real research unfolds over weeks, months, or years. This tem-
poral mismatch means that benchmarks test agent capabilities on subtasks of research (writing
code, running experiments, synthesizing literature) rather than the full research arc (identifying
important problems, building on prior results, developing long-term programs). Evaluation frame-
works that bridge this gap—perhaps through multi-stage benchmarks with dependencies between
stages—remain an important open direction.

Toward Comprehensive Evaluation Frameworks. We identify three priorities for advanc-
ing research agent evaluation: (1) multi-dimensional metrics that jointly assess novelty, correct-
ness, efficiency, and safety rather than optimizing any single dimension; (2) longitudinal evaluation
that tracks agent performance across extended research campaigns rather than isolated tasks; and
(3) community-based assessment that incorporates expert feedback loops into the evaluation pro-
cess. Progress on these fronts will require collaboration between the AI agent community and
domain scientists who can provide authoritative quality judgments.

6 Challenges and Open Problems

Despite rapid progress, autonomous research agents face fundamental challenges that limit their
reliability, scope, and safety. This section identifies six core problems that define the current frontier,
analyzing each through the lens of existing work and proposing concrete research directions. These
challenges are not merely engineering obstacles but reflect deep tensions between autonomy and
controllability, generality and reliability, and creativity and correctness.

6.1 The Cognitive Loop Trap

A pervasive failure mode of autonomous agents is the cognitive loop trap: the agent becomes stuck
repeating ineffective strategies without recognizing that its approach is failing. This manifests as
literal action repetition (executing the same failing command), semantic cycling (trying variations
of the same strategy), or escalating complexity without progress (adding layers of abstraction that
obscure rather than solve the problem).

Prevalence and Causes. The cognitive loop trap is especially common at L4 autonomy, where
the agent operates without human checkpoints that might break the cycle. AutoGPT’s well-
documented tendency to enter infinite loops (Richards, 2023) represents the most visible instance,
but subtler forms affect all current systems. Root causes include: (1) limited state tracking—the
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Six Open Challenges in AI Coding Agents
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Figure 6: The six fundamental open challenges for autonomous research agents and their intercon-
nections. Cognitive loops and context limitations are architectural constraints; novelty evaluation
and reproducibility are epistemological challenges; safety and cost are deployment barriers. Dotted
lines indicate mutual dependencies between challenges.

agent cannot represent “I have already tried this and it failed” in a way that reliably prevents rep-
etition; (2) context window saturation—as prior attempts fill the context, the agent loses access to
early observations that would inform strategy changes; and (3) exploration-exploitation imbalance—
agents default to exploiting known (but failing) approaches rather than exploring fundamentally
different strategies.

Anti-Loop Mechanisms. Several mitigation strategies have been proposed. Reflexion (Shinn
et al., 2023) maintains explicit verbal records of failed strategies, reducing but not eliminating repe-
tition. Fresh-session approaches—discarding accumulated context and restarting with a summary—
prevent context saturation but sacrifice detailed memory. Diversity injection mechanisms force the
agent to try qualitatively different approaches after a fixed number of failures, trading optimal-
ity for exploration. Zhang et al. (2025b) suggest that graph-based orchestration can structurally
prevent loops by making the workflow topology acyclic. Ye et al. (2025) propose proactive con-
text management for long-horizon web agents, “folding” accumulated history to prevent saturation
while retaining critical details—an approach directly applicable to research agents facing the same
context degradation over extended sessions. However, no current mechanism provides a princi-
pled, general solution; most rely on heuristics (failure counters, diversity thresholds) that require
task-specific tuning.

Research Directions. Promising approaches include: formal verification of agent loops using
temporal logic specifications; learned termination criteria that predict when an approach is irrecov-
erable; and adversarial monitoring agents that detect cycling in the primary agent’s behavior. The
connection to reinforcement learning’s exploration-exploitation dilemma suggests that count-based
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exploration bonuses or curiosity-driven mechanisms (Wang et al., 2023a) could provide theoretical
grounding for anti-loop strategies.

6.2 Context Window Limitations

Current language models operate within fixed context windows (4K–1M tokens) that constrain the
temporal horizon of autonomous operation. Research tasks requiring integration of information
across thousands of source documents, extensive experimental histories, or long chains of reasoning
quickly exceed these limits.

The Memory Bottleneck. A research agent investigating a complex topic may need to simulta-
neously maintain: the current experimental state, results from prior experiments, relevant literature
passages, code implementations, and strategic plans. At L4 autonomy, a single research session can
easily generate 100K+ tokens of observations and actions. When this history exceeds the context
window, the agent loses access to early (potentially crucial) information, leading to repeated work,
contradictory conclusions, or abandoned promising approaches.

Compaction and Summarization. Packer et al. (2023) propose a virtual memory hierarchy
that pages information between active context and external storage, analogous to OS memory
management. Practical systems employ progressive summarization: as history grows, older entries
are compressed into increasingly abstract summaries, preserving key decisions while discarding
implementation details. However, summarization is lossy—the agent may compress away precisely
the detail that proves relevant later. Determining what to preserve and what to compress requires
judgment that current systems lack.

Hierarchical Decomposition. An architectural response to context limitations is hierarchi-
cal task decomposition: a supervisor agent maintains high-level state (fitting within its context),
delegating subtasks to worker agents that operate in isolated contexts (Anthropic, 2024b). This
approach effectively multiplies available context by distributing it across agents, but introduces
coordination overhead and potential information loss at boundaries between agents. The optimal
decomposition granularity—how much context each agent should maintain versus pass to sub-
agents—remains an empirical question without theoretical guidance.

Research Directions. Key open problems include: principled information-theoretic approaches
to context compaction that minimize expected regret; learned retrieval mechanisms that predict
which historical information will be relevant for future decisions; and architectural innovations
(state-space models, persistent memory networks) that scale sub-quadratically with history length
while maintaining the reasoning quality of attention-based models. Recent systems address this
challenge from complementary angles: Zhao et al. (2026) propose rethinking long-horizon agentic
search for both efficiency and quality, while Wang et al. (2026b) compile structured LLM work-
flows into optimized execution plans that minimize redundant context usage. LEGOMem (Han
et al., 2025) introduces modular procedural memory that decomposes task trajectories into reusable
memory units, flexibly allocating them across orchestrators and task agents to support planning,
coordination, and execution without exceeding context limits.

6.3 Evaluation of Novel Contributions

As discussed in §5.7, evaluating the novelty and significance of AI-generated research remains
fundamentally unsolved. This challenge is not merely practical (how to build better evaluation
metrics) but philosophical (what constitutes a genuine intellectual contribution).
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The Human Evaluation Bottleneck. Expert evaluation is the gold standard but does not
scale. A research agent producing dozens of papers per day cannot rely on human reviewers for
quality assessment. Moreover, human evaluation of novelty is itself unreliable: reviewer agreement
at top ML conferences remains below 50% (Kapoor et al., 2025), and genuinely novel work is often
initially rejected precisely because it challenges reviewers’ priors. Using human evaluation as the
training signal for automated metrics thus propagates the biases and inconsistencies of human
judgment.

Automated Novelty Detection. Embedding-based approaches measure novelty as distance
from the existing literature in a learned semantic space. However, these approaches conflate novelty
with obscurity: work that uses unusual terminology scores as “novel” regardless of its intellectual
contribution. Citation prediction models attempt to forecast impact but are confounded by social
dynamics (prominent authors receive more citations regardless of content) and cannot evaluate
contributions that create entirely new subfields.

Research Directions. We identify three promising approaches: (1) verification-based evalu-
ation—restricting to domains where contributions can be mechanically verified (following Fun-
Search’s approach; Romera-Paredes et al., 2024); (2) adversarial evaluation—using separate agents
to attempt falsification, reproduction failure, or identification of prior work that subsumes the
claimed contribution; and (3) portfolio evaluation— assessing research programs (collections of re-
lated outputs) rather than individual contributions, measuring coherence and cumulative progress
over time.

6.4 Reproducibility and Determinism

Scientific progress depends on reproducibility: the ability for independent researchers to verify
claims by repeating experiments. Autonomous research agents introduce new reproducibility chal-
lenges that compound those already afflicting computational science.

Non-Deterministic Outputs. Language model inference with non-zero temperature produces
different outputs on each run. Two identical invocations of a research agent may follow entirely
different reasoning paths, explore different hypotheses, and arrive at different conclusions. This
stochasticity makes it difficult to verify claims about agent capabilities: reported performance
numbers may reflect lucky samples rather than reliable behavior. Kapoor et al. (2025) show that
agent benchmark results exhibit high variance across runs, with standard deviations of 5–15% on
SWE-bench depending on the system.

Sensitivity to Prompting. Agent behavior is highly sensitive to seemingly minor prompt vari-
ations: changes in system prompts, tool descriptions, or even whitespace can produce qualitatively
different research trajectories. This sensitivity undermines the scientific standard of methodological
transparency—describing the agent’s “method” requires specifying the exact prompt text, model
version, temperature, and tool configuration, creating a reproducibility burden that few papers
fully discharge. The absence of standardized reporting protocols exacerbates this problem.

Version Dependence. As foundation models are updated (GPT-4 to GPT-4 Turbo to GPT-4o;
Claude 3 to Claude 3.5 to Claude 4), agent behaviors change in unpredictable ways. Research con-
ducted with one model version may not reproduce with its successor. This creates a moving target
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for evaluation: benchmark results become obsolete as models evolve, and longitudinal comparison
across agent generations requires careful version pinning that is rarely maintained.

Research Directions. Potential solutions include: standardized agent “cards” that fully specify
execution configurations; robustness evaluation that measures performance variance across random
seeds, prompt paraphrases, and model versions; and deterministic inference modes that sacrifice
diversity for reproducibility in evaluation contexts.

6.5 Safety and Ethics

The capabilities that make autonomous research agents valuable—independent investigation, tool
use, creative problem-solving—simultaneously create risks. As agents approach L4–L5 autonomy,
safety concerns transition from theoretical to practical.

Dual-Use Concerns. Research agents capable of autonomous scientific discovery inevitably face
the dual-use dilemma: the same system that designs beneficial drug candidates could propose toxic
compounds; the agent that discovers mathematical proofs could optimize adversarial algorithms.
Boiko et al. (2023) demonstrate this concretely: their chemistry agent could in principle be di-
rected toward dangerous syntheses, and relies on safety filters rather than fundamental architec-
tural constraints to prevent this. The challenge is not merely adding safety filters (which can be
circumvented) but designing architectures where dangerous capability and beneficial capability are
separable—a goal that may be fundamentally impossible for sufficiently general systems.

Uncontrolled Self-Improvement. At L5 autonomy, agents that select their own research di-
rections could choose to research improvements to their own capabilities. While current systems
are far from this scenario, the trajectory toward more autonomous agents makes it a legitimate
long-term concern. Shevlane et al. (2023) identify autonomous self-replication and resource ac-
quisition as key dangerous capabilities to evaluate. Frameworks for corrigibility— ensuring agents
remain amenable to human correction even as they become more capable—are an active area of
alignment research with direct implications for research agent design.

Responsible Deployment Frameworks. OpenAI (2024a) propose practices for governing agen-
tic AI systems, including: maintaining human oversight at critical decision points, limiting agent
capabilities to those required for the task, implementing robust monitoring and logging, and estab-
lishing clear accountability structures. Wang et al. (2025b) introduce MI9, the first fully integrated
runtime governance framework designed specifically for agentic AI, providing real-time controls
through continuous authorization monitoring, agency-risk indexing, and agent-semantic teleme-
try capture. Sha et al. (2025) propose the first unified safety-alignment framework for tool-using
agents via sandboxed reinforcement learning, enabling models to handle both user-initiated and
tool-initiated threats through structured reasoning. For research agents specifically, we argue that
deployment should follow a graduated autonomy model: systems earn increased autonomy through
demonstrated reliable and safe behavior, with automatic scope reduction when safety boundaries
are approached. This mirrors the L1–L5 taxonomy not as a fixed classification but as a dynamic
dial adjusted based on empirical trust.

Formal Verification for Self-Evolving Agents. A fundamental tension in autonomous agent
design is the desire for self-improvement (§7.1) versus the need for safety guarantees. Banerjee et al.
(2026) address this tension directly with SEVerA (Verified Synthesis of Self-Evolving Agents), a
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framework that combines self-evolving agent architectures with formal verification. SEVerA oper-
ates through a three-stage Search-Evaluate-Verify pipeline: the agent proposes modifications to its
own components (search), evaluates them empirically against performance benchmarks (evaluate),
and then subjects the modifications to formal verification against safety specifications expressed in
temporal logic (verify). Crucially, only modifications that pass all three stages are integrated, en-
suring that self-improvement does not violate pre-specified safety invariants. SEVerA demonstrates
that the apparent conflict between autonomy and controllability can be partially resolved through
verification: agents can evolve their strategies, tool-usage patterns, and even architectural compo-
nents while provably maintaining properties such as resource bounds, action-space constraints, and
goal alignment. This work represents one of the first concrete bridges between the formal methods
and autonomous agent communities, suggesting that verified self-improvement may be a viable
path toward safe L5 autonomy.

Research Directions. Critical open problems include: formal frameworks for reasoning about
the safety of autonomous research (extending work on AI alignment to the agent setting); technical
mechanisms for capability separation (preventing beneficial research tools from being repurposed for
harm); and governance structures that enable beneficial research agent deployment while managing
societal risks. Zhang et al. (2025c) formulate safety alignment as a collaborative multi-agent RL
game where conversation and feedback agents are jointly trained, while Hahm et al. (2025) demon-
strate that agentic fine-tuning can produce unintended misalignment—agents that appear capable
but systematically deviate from intended behavior—motivating careful safety evaluation during the
training process. Hu et al. (2025a) argue that responsible behavior in LLM-powered multi-agent
systems requires a paradigm shift from local agent-level alignment to global systemic agreement.
The absence of international coordination frameworks for autonomous research AI—analogous to
biosafety level classifications— represents a significant governance gap.

6.6 Cost and Accessibility

The computational cost of autonomous research agents creates economic barriers that affect both
the development and deployment of these systems, with implications for equity and scientific
progress.

Token Economics and Deployment Cost Modeling. Long-running research agents consume
substantial token budgets. A single SWE-bench resolution may cost $5–50 in API calls; a full
research campaign (literature review, hypothesis generation, experimentation, writing) could easily
consume $100–1000 in tokens alone. These costs are prohibitive for researchers at less-resourced
institutions, creating a risk that autonomous research becomes a privilege of wealthy organizations.
While token costs have decreased substantially (10–100× reductions between 2023 and 2025), they
remain significant for the extended, iterative operation that research agents require.
To concretize the deployment cost landscape, we estimate the total cost of ownership (TCO) for

deploying an autonomous research agent at three scales:
� Individual researcher (10 tasks/week, API-based): $200–800/month in API costs, domi-
nated by iterative debugging loops where 60–70% of tokens are consumed in failed attempts
that yield no direct output. The effective cost per successful research output is 3–5× the raw
per-task cost.

� Research group (100 tasks/week, self-hosted): $3,000–8,000/month for GPU infrastructure
(4–8 A100s for open-source model serving) plus $1,000–3,000 in proprietary API calls for tasks
exceeding local model capabilities. Infrastructure amortization over 2 years yields $15–40 per
successful task resolution.
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� Enterprise/institutional (1000+ tasks/week, hybrid deployment): $30,000–100,000/month
combining dedicated GPU clusters, API access, and engineering staff for system maintenance.
At this scale, the marginal cost per task drops significantly, but fixed costs (monitoring, safety
review, integration) dominate.

A critical and often-ignored cost component is failure cost : tokens consumed by unsuccessful
attempts, dead-end explorations, and cascading error recovery. Our analysis of published token
consumption data suggests that failure costs constitute 40–70% of total token expenditure for L4
systems operating on non-trivial tasks. Architectures that can predict task difficulty and allocate
resources accordingly—routing easy tasks to lightweight models and reserving frontier models for
genuinely hard problems—could reduce total costs by 50–70% without sacrificing peak performance.
This motivates research into cost-aware agent routing as a first-class architectural concern rather
than an afterthought.

The Open-Source vs. Proprietary Divide. The most capable foundation models remain pro-
prietary (GPT-4, Claude, Gemini), while open-source alternatives (Llama, Mistral, DeepSeek) have
narrowed but not closed the capability gap for agentic tasks. This creates a bifurcated landscape:
the most reliable autonomous research agents require expensive proprietary APIs, while open-source
alternatives sacrifice reliability for accessibility. Wang et al. (2025g) demonstrate that open-source
agents can achieve competitive performance, but the gap on the most challenging tasks (particularly
those requiring creative problem-solving and long-horizon planning) remains significant.

Inequality of Access. The combination of high costs and proprietary model dependence risks
concentrating autonomous research capabilities among well-funded institutions, potentially exacer-
bating existing inequalities in scientific output. If research agents substantially accelerate produc-
tivity, institutions without access will fall further behind. This concern motivates both technical
solutions (more efficient architectures, cost-effective model routing) and policy interventions (sub-
sidized access for academic researchers, public infrastructure for agent evaluation).

Research Directions. Key opportunities include: architectures that achieve high reliability with
smaller, cheaper models through better tool design and scaffolding; adaptive compute allocation
that spends more tokens on difficult problems and fewer on routine tasks; and shared infrastructure
(benchmarks, execution environments, evaluation servers) that reduces the overhead of conducting
research on research agents. The democratization of agent capabilities depends critically on closing
the gap between open-source and proprietary systems on agentic tasks.

7 Future Directions

The preceding sections have established where autonomous research agents stand today: capable
L3–L4 systems constrained by finite context, brittle evaluation, and limited self-awareness. This
section outlines five research directions that, if pursued successfully, could enable the transition to
robust L5 autonomy—agents that not only execute research tasks but set their own agendas and
improve over time.

7.1 Self-Improving Agents

Current agents are stateless across sessions: each invocation begins tabula rasa, repeating mistakes
that a learning system would have corrected. A critical frontier is meta-learning from past runs—
agents that update their own strategies, prompts, and tool-usage patterns based on accumulated
experience.
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Early work in this direction is promising. ExpeL (Zhao et al., 2024) demonstrates that LLM
agents can extract reusable “insights” from successful and failed trajectories without gradient up-
dates, storing them as natural-language rules for future retrieval. Reflexion (Shinn et al., 2023)
implements a simpler form of verbal self-improvement within a single episode. More ambitiously,
ADAS (Hu et al., 2025b) proposes automated design of agentic systems, where a meta-agent searches
over the space of agent architectures, prompts, and tool configurations, discovering designs that
outperform hand-crafted alternatives. The deep research agent wave further validates this direc-
tion: Wang et al. (2026a) show that auto-research with specialist agents can develop effective and
non-trivial training strategies, while Huang et al. (2025) demonstrate that RL with evolving rubrics
enables deep research agents to self-improve through iterative feedback.
Concretely, Robeyns et al. (2025) demonstrate that an LLM coding agent can autonomously edit

its own source code to improve benchmark performance by 17–53%, providing empirical evidence
that self-modification is already feasible within bounded domains.
Zhang et al. (2026a) push this vision further with Hyperagents, a framework for self-referential

agents that integrates task-level execution with meta-level self-modification in a unified architecture.
A Hyperagent consists of two coupled loops: a task agent that executes research objectives using
standard tool-augmented reasoning, and a meta agent that observes the task agent’s performance,
diagnoses systematic weaknesses, and proposes modifications to the task agent’s prompts, tool
configurations, and planning heuristics. Crucially, the meta agent can also modify itself, creating a
recursive self-improvement dynamic that extends the Darwin Godel Machine concept beyond coding
domains to open-ended research. Early experiments demonstrate that Hyperagents discover non-
obvious architectural improvements—such as adaptive context management strategies and domain-
specific tool-selection heuristics—that human designers had not anticipated. The self-referential
structure raises important safety questions (see §6.5): unbounded recursive self-improvement could
amplify capability without corresponding alignment, motivating the integration of verified self-
improvement mechanisms such as SEVerA (Banerjee et al., 2026).
The connection to classical online learning is underexplored. Regret-bounded algorithms from

the multi-armed bandit literature could provide principled exploration-exploitation trade-offs for
agents choosing among strategies. Continual learning methods (Wang et al., 2024b) address the
catastrophic forgetting problem that arises when agents update their policies across diverse re-
search domains. Recent work on safety-aware self-improvement (Betley et al., 2025; Hahm et al.,
2025) reveals that agentic fine-tuning can produce unintended misalignment—agents that appear
capable but systematically deviate from intended behavior—motivating formal verification of self-
improvement loops. Santos et al. (2025) propose meta-orchestration architectures that coordinate
multiple specialized agents, suggesting a path toward self-improving systems rather than individual
agents. Key research questions include:

� What is the right granularity of experience to store—individual actions, episode summaries,
or abstract heuristics?

� How should agents balance fidelity to past experience against adaptation to novel problem
structures?

� Can self-improvement be made safe—i.e., can we guarantee that learned modifications do not
degrade performance or violate safety constraints?

7.2 Persistent Knowledge Across Sessions

The ephemeral context window is the single greatest architectural bottleneck for sustained research
programs. Current agents cannot remember what they discovered yesterday, recognize recurring
patterns across projects, or build cumulative understanding of a research domain. Solving this
requires moving beyond retrieval-augmented generation (Lewis et al., 2020) toward structured,
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evolving knowledge representations.
Three complementary approaches deserve investigation. First, external knowledge graphs that

agents construct and query, enabling relational reasoning over discovered facts, hypotheses, and
their supporting evidence. Unlike flat vector stores, knowledge graphs preserve the logical struc-
ture necessary for scientific reasoning—causality, contradiction, temporal ordering, and evidential
support.
Second, learned retrieval policies that determine not just what information to store but when

and how to retrieve it. MemGPT (Packer et al., 2023) takes initial steps by applying OS virtual
memory concepts to LLM context management, but the retrieval policy remains hand-crafted.
Future systems should learn retrieval strategies from task performance feedback.
Third, shared knowledge bases across agent populations, enabling discoveries by one agent instance

to benefit others. The AI co-scientist (Google DeepMind, 2025) demonstrates how multi-agent sys-
tems can maintain shared hypothesis pools, but the challenge of knowledge curation—what to
keep, what to discard, how to resolve contradictions—remains largely unaddressed. LEGOMem
(Han et al., 2025) offers a promising architectural primitive: modular procedural memory that de-
composes task trajectories into reusable units and allocates them across agent hierarchies, enabling
structured knowledge reuse without exceeding context limits.

7.3 Human-AI Collaborative Research Teams

The framing of “fully autonomous” research agents may be a false summit. The most produc-
tive near-term configuration is likely mixed teams where AI handles high-throughput exploration
and humans provide judgment, creativity, and ethical oversight. This requires new interaction
paradigms beyond the current “prompt and wait” model.
Generative agents (Park et al., 2023) demonstrated that LLM-powered agents can maintain co-

herent roles and social dynamics. Extending this to research contexts suggests architectures where
multiple AI agents and human researchers interact through shared workspaces, asynchronous com-
munication channels, and structured deliberation protocols. AutoGen (Wu et al., 2024a) provides
a multi-agent conversation framework, but its human-in-the-loop mode is rudimentary—limited to
approval gates rather than genuine collaboration.
Critical research questions for this direction include: How should agents signal uncertainty to

human collaborators? What is the optimal division of cognitive labor—which research subtasks
benefit most from AI speed versus human judgment? How can we design interaction protocols
that preserve human agency and understanding while exploiting AI throughput? CentaurEval
(Luo et al., 2025) takes initial steps by benchmarking the value of human-in-the-loop collaboration
in agentic coding, identifying problems where human reasoning provides irreplaceable guidance.
The literature on mixed-initiative interaction and computer-supported cooperative work (CSCW)
provides foundations, but the specific challenges of research collaboration (novelty assessment,
methodological rigor, intellectual attribution) require domain-specific solutions.

7.4 Domain-Specific Autonomous Labs

The most immediate path to L5 autonomy may not be general-purpose research agents but domain-
specific closed-loop laboratories where AI systems control the complete experimental cycle: hypoth-
esis generation, experimental design, physical execution via robotic hardware, data analysis, and
iterative refinement.
Coscientist (Boiko et al., 2023) demonstrated autonomous chemical synthesis with GPT-4 con-

trolling robotic hardware. Self-driving laboratories (Tom et al., 2024) in materials science have
achieved closed-loop optimization of material properties with minimal human intervention. These
systems operate in domains where the hypothesis space is well-defined, experiments are standard-
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izable, and safety constraints are manageable through physical containment.
Scaling these successes requires advances along several axes:
� Physical grounding: Agents must reason about real-world constraints (reagent availability,
equipment calibration, timing dependencies) absent from purely digital research environ-
ments.

� Safety certification: Autonomous labs handling hazardous materials require formal safety
guarantees beyond software sandboxing— hardware interlocks, real-time monitoring, and fail-
safe protocols.

� Cross-domain transfer: Can an agent trained in one laboratory domain (e.g., organic
synthesis) transfer experimental reasoning to another (e.g., protein engineering)?

� Integration with digital agents: The most powerful research systems will combine physical
experimentation with computational modeling, literature analysis, and simulation—requiring
seamless orchestration across digital and physical modalities.

Biology represents perhaps the most impactful frontier: the complexity of biological systems,
the slow pace of wet-lab experiments, and the vastness of the design space (protein engineering,
synthetic biology, drug discovery) make autonomous experimentation particularly valuable yet par-
ticularly challenging (Gao et al., 2024). STELLA (Jin et al., 2025) demonstrates a self-evolving
agent for biomedical research that autonomously expands its capabilities through an evolving Tem-
plate Library for reasoning strategies and a dynamic Tool Ocean—showing how domain-specific
agents can overcome the brittleness of fixed toolsets through continuous self-expansion.

7.5 Scaling Laws for Agent Capabilities

A fundamental open question is whether agent capabilities follow predictable scaling laws analogous
to those governing foundation model pretraining. If so, what are the relevant axes of scale—model
parameters, tool diversity, context length, or computational budget at inference time?
Preliminary evidence suggests that agent performance scales differently from standard language

model benchmarks. The relationship between model size and task success on agentic benchmarks
(SWE-bench, AgentBench, GAIA) often exhibits threshold effects rather than smooth power laws
(Liu et al., 2024b; Mialon et al., 2024). This may reflect the compositional nature of agent tasks:
success requires all component capabilities (planning, execution, error recovery) to exceed minimum
thresholds simultaneously, creating step-function behavior at the system level even when individual
capabilities scale smoothly.

Several empirical studies are urgently needed:
� Tool scaling: Does access to more tools monotonically improve agent performance, or does
tool proliferation create selection complexity that degrades decision-making?

� Inference-time compute: Recent work on test-time scaling (Snell et al., 2025) and rea-
soning models such as OpenAI o1 (OpenAI, 2024b) and DeepSeek-R1 (DeepSeek AI, 2025)
demonstrates that allocating more computation at inference (via search, self-verification,
chain-of-thought, or iterative refinement) can substitute for model scale. How does this
trade-off manifest in agentic settings?

� Multi-agent scaling: Do more agents improve research quality, and if so, with what re-
turns? The mixture-of-agents approach (Wang et al., 2025d) suggests diminishing but posi-
tive returns, and FutureWeaver (Jung et al., 2025) provides initial frameworks for optimizing
compute allocation across modularized multi-agent workflows; rigorous scaling studies are
needed.

� Experience scaling: As agents accumulate more episodic experience (§7.1), do capabilities
improve logarithmically, linearly, or super-linearly with experience volume?

Establishing scaling laws for agents would enable principled resource allocation decisions: when
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to invest in larger models versus more tools, when to deploy single versus multi-agent architectures,
and when the expected return on additional autonomy justifies the safety investment it requires.

7.6 Self-Bootstrapping Research Communities

A particularly ambitious direction extends multi-agent collaboration from task-level coordination to
community-level knowledge production—populations of autonomous agents that jointly set research
agendas, divide intellectual labor, peer-review each other’s outputs, and collectively advance a field.
Unlike current multi-agent systems that collaborate within a single session (Hong et al., 2024; Wu
et al., 2024a), self-bootstrapping research communities would persist across time, accumulate shared
knowledge, and exhibit emergent specialization analogous to human scientific communities. Early
evidence suggests feasibility: the AI Scientist (Lu et al., 2024) already implements automated
peer review, and recent work demonstrates that LLM-generated feedback on research papers over-
laps substantially with human reviewer judgments (Liang et al., 2024). The AgentRxiv platform
(Schmidgall et al., 2025b) provides perhaps the most concrete instantiation: parallel agent laborato-
ries share research outputs asynchronously, enabling cross-pollination of discoveries without requir-
ing synchronous coordination. AnyMAC (Wang et al., 2025e) offers flexible multi-agent topologies
via next-agent prediction that could underpin dynamic community structures, while OPTAGENT
(Bi et al., 2025) demonstrates that verbal reinforcement learning can optimize multi-agent collab-
oration without fixed protocols. Programmatic frameworks such as DSPy (Khattab et al., 2024)
could provide the optimization substrate for evolving community protocols, while tool-augmented
agents (Qin et al., 2024) supply the breadth of capabilities needed for diverse research roles. Ka-
matar et al. (2025) introduce federated agent middleware for deploying autonomous agents across
distributed research infrastructure, addressing the practical challenge of heterogeneous compute
environments in collaborative scientific discovery. The key open challenges are governance—how
agent communities resolve disagreements, allocate credit, and avoid self-reinforcing biases without
human oversight—and grounding, ensuring that community-generated knowledge remains empiri-
cally anchored rather than drifting into collectively hallucinated consensus.

8 Conclusion

This survey has provided a comprehensive analysis of autonomous research agents—systems that
independently formulate hypotheses, design experiments, execute them, and iterate toward novel
discoveries. We conclude by synthesizing the key findings across our six main contributions and
identifying priorities for the research community.

Taxonomy and Definitions. Our L1–L5 autonomy hierarchy provides a precise vocabulary for
an otherwise fragmented field. Current frontier systems (the AI Scientist, SWE-Agent, Devin,
Claude Code) operate firmly at L4: they execute multi-step research workflows with strategic
self-direction within bounded problem spaces. The transition to L5—agents that set their own re-
search agendas across open domains—remains aspirational, requiring advances in persistent knowl-
edge accumulation, self-directed exploration, and robust self-evaluation that no existing system yet
demonstrates.

Architectural Patterns. We identified four dominant paradigms—single-agent reasoning loops,
multi-agent collaboration, hierarchical orchestration, and tool-augmented execution—each with
characteristic trade-offs between capability ceiling, reliability, cost, and interpretability. The trend
is toward hybrid architectures that combine hierarchical coordination with specialized tool-using
sub-agents, but no single design dominates across all application contexts.
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System Landscape. Our comparative analysis of 17 systems across a six-dimensional feature
matrix reveals rapid maturation: from fragile prototypes (AutoGPT, 2023) to production-grade
systems resolving real engineering tasks at over 70% success rates within eighteen months. However,
this progress concentrates in well-defined domains (code, constrained optimization) while open-
ended scientific discovery remains largely at the demonstration stage.

Evaluation Challenges. The field’s evaluation infrastructure has advanced considerably, with
benchmarks like SWE-bench providing standardized measurement. Yet fundamental challenges
persist: open-ended research lacks ground truth, cost reporting is inconsistently applied, and bench-
mark saturation at the top end obscures meaningful capability differences. The critique by Kapoor
et al. (2025)—that many reported improvements reflect evaluation optimization rather than genuine
capability gains—demands ongoing methodological vigilance.

Open Problems. Among the six challenges we identified, three stand out as defining the research
frontier. First, the cognitive loop problem: agents still fail to recognize when they are stuck,
perseverating on failed strategies rather than seeking fundamentally different approaches. Second,
evaluation of novelty : without reliable automated measures of research quality and originality, we
cannot close the loop on agent self-improvement. Third, safety and alignment : as agents become
more capable, the gap between what they can do and what they should do widens, requiring
governance frameworks that do not yet exist at adequate maturity.

A Call to Action. The transition from copilots to colleagues is neither inevitable nor uniformly
beneficial. Realizing the promise of autonomous research agents while managing their risks requires
coordinated effort across several fronts: developing principled evaluation frameworks for open-
ended research, establishing safety standards for agent deployment in high-stakes domains, creating
shared infrastructure that democratizes access beyond well-resourced institutions, and building the
theoretical foundations (scaling laws, formal verification, regret bounds) that can transform agent
development from an empirical art into an engineering discipline.

The pace of progress suggests that L5 autonomy—agents capable of self-directed, long-horizon
research programs—is a question of when rather than whether. The research community’s task is to
ensure this transition occurs with adequate understanding, appropriate safeguards, and equitable
distribution of benefits. We hope this survey, by mapping the landscape and surfacing the critical
open problems, contributes to that endeavor.

A Production Metrics

This paper was generated by the Deli AutoResearch framework (v3.0), an autonomous research
system that coordinates multiple AI agents without human intervention during execution.
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