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I. INTRODUCTION

An autonomous agent is a system situated within
and a part of an environment that senses that environ-
ment and acts on it, over time, in pursuit of its own
agenda and so as to effect what it senses in the futurel

—Franklin and Graesser (1997)

The rapid advancement of Large Language Mod-
els (LLMs) has revolutionized the landscape of au-
tonomous agents, endowing them with unprecedented
capabilities in natural language reasoning, coding, and
task planning [37][11]. Concurrently, Machine Learn-
ing Engineering(MLE)—the discipline of designing, de-
ploying, and maintaining end-to-end ML systems—has
evolved into a cornerstone of Al advancement, with
workflows spanning data preprocessing, model design,
hyperparameter tuning, deployment, and monitoring,

!Franklin, S., & Graesser, A. C. (1997). Is it an agent, or just a
program?: A taxonomy for autonomous agents. Proceedings of the Third

International Workshop on Agent Theories, Architectures, and Lan-
guages (ATAL), 21-35.
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Positioned at the frontier of Al-for-Al progress, within several months, multiple methods boosted the performance of MLE-Bench, one of

the most authoritative autonomous machine learning engineering benchmarks, highlighting the rapidly evolving path toward AI4AI. This picture is

modified from [B5]

as shown in Figure m The core driver behind MLE
Automation lies in the broader pursuit and experi-
mentation of Al-for-Al (AI4AI)—a paradigm where
Al systems autonomously optimize, advance, and scale
Al development itself. This pursuit has spurred the
exploration of LLM-based agents as a transforma-
tive solution for MLE Automation: unlike traditional
rule-based or narrow Al tools, LLM agents possess
the unique ability to understand open-ended tasks,
generate executable code, and interact with domain-
specific tools, making them ideal for transcending
fragmented automation and realizing end-to-end MLE
workflows. While the inherent complexity of modern
MLE pipelines (e.g., dynamic data distributions, multi-
stage trade-offs) underscores the practical need for such
automation, it is the vision of AI4AI that fundamen-
tally motivates the integration of LLM agents into
MLE, aiming to shift from human-led Al development

to autonomous, self-evolving Al systems.

Despite the growing body of work at this inter-
section, existing research lacks a comprehensive syn-
thesis that unifies the foundations, state-of-the-art,
evaluation benchmarks, and future directions of LLM
agents for MLE Automation. Pre-LLM AutoML frame-
works focused on isolated pipeline stages rather than

holistic workflows, while general-purpose coding agents
lack MLE-specific domain knowledge. Specialized MLE

agents, though advancing rapidly, are scattered across
diverse exploration strategies and evaluation settings,
with no systematic analysis of their convergent patterns
and inherent limitations. Additionally, the connection
between MLE Automation and the broader vision of
AT4AI remains underexplored in existing literature.
These gaps highlight the need for a structured review
to consolidate insights, identify critical challenges, and

guide future research in this emerging field.

This review aims to fill these gaps by providing
a comprehensive analysis of LLM agents for MLE
Automation. Its scope encompasses four core dimen-
sions: (1) foundational definitions tailored to the MLE
context, including formalizations of agent systems and
their environments; (2) a taxonomy and critical review
of existing LLM-based agents for MLE, spanning pre-
LLM AutoML, general-purpose coding agents, and spe-
cialized MLE agents; (3) a systematic comparison of
evaluation benchmarks, covering software engineering,
MLE-specific, and general-purpose agent benchmarks;
and (4) an in-depth discussion of current challenges and
future prospects, including the transition from MLE
Automation to AI4AIL

The remainder of this paper is organized as follows:
Section @ establishes key definitions and foundational

frameworks for MLE environments and agent systems.
Section reviews existing LLM agents for MLE Au-



tomation, categorizing them by their design paradigms
and analyzing their strengths and limitations. Section
@ surveys relevant evaluation benchmarks, comparing
their scope and suitability for assessing MLE agents.
Section M discusses core challenges in current systems
and outlines future research directions, including the
pathway from MLE Automation to AI4Al. Finally,
Section @ concludes the review.

This work makes four primary contributions:

1) It provides the first comprehensive review of
LLM agents for MLE Automation, unifying frag-
mented research across AutoML, coding agents,
and MLE-specific systems;

2) It formalizes foundational definitions for MLE-
oriented agent environments and architectures,
establishing a consistent terminology for the field;

3) It systematically compares existing evaluation
benchmarks, highlighting their complementary
roles and gaps in assessing real-world MLE ca-
pabilities;

4) It articulates a clear pathway from MLE Au-
tomation to AI4Al, identifying critical research
milestones to realize fully autonomous Al-driven

AT development.

II. DEFINITIONS AND FOUNDATIONS

Taxonomy (Figure E) Before diving into a compre-
hensive survey, we first put forward a dual taxonomy
to structure the landscape of LLM agents for MLE au-
tomation, encompassing both agent design paradigms
and benchmark evaluation categories. This taxonomy
not only clarifies the distinctions between different
agent types but also aligns them with appropriate eval-
uation frameworks, laying a foundation for understand-
ing the unique characteristics and assessment needs of
MLE agents.

Machine Learning Engineering(MLE) refers
to the discipline focused on designing, implementing,
deploying, and maintaining end-to-end machine learn-
ing systems. It integrates algorithmic research, soft-
ware engineering, and operational practices to trans-

form theoretical ML models into reliable, scalable,

and production-ready solutions that address real-world
tasks.

MLE Automation refers to the process of lever-
aging intelligent systems (e.g., agent systems, au-
tomated pipelines) to streamline, optimize, and au-
tonomously execute key stages of machine learning
engineering workflows. This includes but is not limited
to automated data preprocessing, model selection, hy-
perparameter tuning, deployment orchestration, perfor-
mance monitoring, and iterative refinement. The goal
of MLE automation is to reduce manual intervention,
accelerate development cycles, enhance reproducibility,
and enable scalable maintenance of ML systems while
adapting to dynamic data distributions and evolving
task requirements.

Environment We first define the environment
of an agent system as a partially observable Markov
Decision Process (POMDP), represented as a tuple
E = (G,5, AT, R,Q,0,v) where each component is
tailored to machine learning engineering (MLE) as
follows(Modified from[d]):

e G is a set of MLE task goals. Each g € G ties to
predefined evaluation metrics and task types (e.g.,
"binary classification minimizing F1-score”).

e S is a set of states. Each s € S represents the
internal state of the environment.

o« A is a set of actions. Each action a € A can
be a combination of textual reasoning, retrieval of
external knowledge, and tool calls.

o T is the state transition probability function which
takes a state-action pair (s,a) and outputs the
probability distribution 7' (s’ | s,a) of the next
state.

e R: SxAxG — R is the feedback/reward
function, conditioned on the specific goal g € G.
The feedback r =

form of a scalar score or textual feedback.

R(s,a,g) typically takes the

o () is a set of observations accessible to the agent.

e O is the observation probability function which
takes a state-action pair (s,a) and outputs the
probability distribution O (o’ | s,a) of the next ob-

servation for the agent.
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e v is the discount factor.

Agent system We define a (multi-)agent sys-
tem as II = (I, {s},{C:},{W;}). The architecture
I" determines the control flow of the agent system
or collaborative structures between multiple agents.
It is typically represented as a sequence of nodes (
Ny, No,. ..

Each node N; consists of the following components:

) organized by graph or code structures.

the underlying LLM/MLLM.

: the context information, e.g., prompt P; and

o« Y

. C;
memory M;.

o W; : the set of available tools/APIs.

At each node, the agent policy is a function 7y, (- |
0) that takes an observation and outputs the probabil-
ity distribution of the next action, where 6; = (¢;, C;).
The actual action space here is the union of the natural
language space and the tool space W;. For a given
task T = (E
and a corresponding goal g € G, the agent system

,g), represented by an environment E

follows the topology I' to generate a trajectory 7 =
(09, ag,01,0a1,...), and receives a feedback r either from
the external environment or from internal signals (e.g.,

self-confidence or feedback from an evaluator).
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III. LLM AGENTS FOR MLE AUTOMATION

Benefiting from the increasing capability in cod-
ing and task planning, Large Language Models
(LLMS)[@][@] are shifting from simple code assis-
tants[@] [@] to autonomous agents of sophisticated Ma-~
chine Learning Engineering (MLE)[] [H] In the realm
of MLE, LLM agents are required to enhance specific
metrics for the given task by iteratively optimizing
code, which requires a comprehensive consideration of
various factors such as data, model architectures, and

SO OI1l.

A. Pre-LLM Era Auto-ML

In the pre-LLM era, while development of Au-
toML[@] [@] has brought about significant progress in
optimizing discrete stages such as data processing, they
often fall short of managing the entire end-to-end MLE
workflow (i.e., from data preparation to model training
and inference).

Automl[@] systematically surveyed the state-of-
the-art(SOTA) at that time of AutoML, summarizing
its core value in automating repetitive, parameter-
intensive tasks (e.g., hyperparameter optimization, fea-
ture engineering) via techniques like Bayesian opti-

mization and evolutionary algorithms, which greatly re-



duced manual labor in model development. [14] further
advanced this direction with Auto-Sklearn 2.0, a meta-
learning-enhanced framework that leveraged historical
pipeline performance data to improve optimization ef-
ficiency, enabling hands-free automation of classical
machine learning pipelines for tabular data.

Despite these advancements, both works reflected
the inherent limitations of pre-LLM AutoML: they were
confined to optimizing isolated stages or predefined
pipeline scopes, lacked adaptability to complex domain-
specific workflows (e.g., custom NLP /vision tasks), and
relied on manual definition of problem boundaries.
These gaps laid the groundwork for the emergence of
LLM agents, which, equipped with reasoning capabil-
ities and coding proficiency, aim to transcend frag-
mented automation and enable more holistic, adaptive
MLE workflows.

B. General-Purpose Coding Agents

Recent advances in Large Language Models
have led to the development of powerful LLM-based
agents[2][49][48] designed to tackle general software
engineering tasks. Most early LLM-based agents were
designed as general coding assistants, providing a flexi-
ble architecture without domain-specific tuning. For ex-
ample, OpenHands[49] integrates LLM reasoning with
tool use for complex software engineering tasks. SWE-
Agent[p3] offers comprehensive command sets for navi-
gating codebases and implementing solutions, achieving
notable performance on software engineering bench-
marks.

However, despite their versatility in general soft-
ware engineering scenarios, these general-purpose cod-
ing agents have inherent limitations when applied to
specialized MLE tasks. They often lack domain-specific
knowledge of machine learning workflows, struggle to
prioritize MLE-critical optimizations (e.g., model gen-
eralization, computational efficiency), and tend to treat
coding tasks as isolated implementations rather than
iterative optimization processes tailored to ML metrics.
These gaps highlight the need for specialized LLM
agents designed explicitly for MLE, which combine

coding proficiency with deep ML domain expertise to
address the unique challenges of end-to-end machine

learning engineering workflows.

C. Specialized LLM Agents for MLE

To address the unique challenges of machine learn-
ing engineering, a dedicated class of coding agents has
been developed[24][35][13][82][22][16], which leverage
the planning and execution capabilities of LLMs to op-
timize task performance across a broader search space,
with many evaluated on comprehensive benchmarks
like MLE-Bench[8]. The comparative results of these
agents on MLE-Bench are presented in Table ﬂ These
agents primarily frame the problem as a search for an
optimal code-based solution.

As a pioneer, AIDE[24] reformulates the explo-
ration process of optimizing codes as a tree search, em-
ploy a greedy search strategy, and achieves gold medals
in some Kaggle competitions. However, it can be sus-
ceptible to local optima. To overcome this, subsequent
frameworks have adopted more sophisticated explo-
ration strategies. Multi-agent collaboration approaches
like AutoKaggle[30] distribute tasks among specialized
agents. Tree search has also emerged as a dominant
paradigm. AutoMind[B9] introduces an agentic tree
search grounded by an expert knowledge base, while
R&D-Agent[b4] manages parallel exploration traces,
iteratively refines codes through the cooperation of
the researcher agent and the developer agent. DS-
Agent[16] uses case-based reasoning[28][50] to discover
strategies for solution generation by utilizing manually
curated cases (primarily from Kaggle). ML-Master[32]
introduces a selectively scoped memory mechanism and
standard MCTS to integrate exploration and reason-
ing. MLE-STAR|[35] utilize a search engine to retrieve
effective models and then explore various strategies tar-
geting specific ML pipeline components to improve the
solution. FM-Agent leverages a synergistic combination
of LLM-based reasoning and large-scale evolutionary
search. AutoMLGen[12] combines a curated ML knowl-
edge base with Monte Carlo Graph Search (MCGS) to

address key limitations of current MLE approaches.



D. Discussion

However, a critical analysis of these frameworks
reveals both convergent patterns and notable limita-
tions that warrant deeper scrutiny. Collectively, they
converge on a core paradigm: framing MLE tasks
as a structured search problem, where the solution
space is navigated through either tree-based explo-
ration (e.g., AutoMind’s[39] knowledge-grounded tree
search, ML-Master’s[32] MCTS) or distributed collab-
oration (e.g., AutoKaggle’s[30] multi-agent partition-
ing). This shared focus on systematic exploration re-
flects a recognition that MLE tasks—characterized by
complex pipelines, hyperparameter interactions, and
domain-specific constraints—demand more than ad-
hoc reasoning.

Yet, significant divergences emerge in their han-
dling of exploration-exploitation tradeoffs. Methods like
AIDE[24], reliant on greedy search, prioritize efficiency
but risk prematurely converging to local optima, es-
pecially in high-dimensional spaces (e.g., deep learn-
ing hyperparameter tuning). In contrast, approaches
integrating evolutionary strategies (FM-Agent[29]) or
parallel trace management (R&D-Agent[54]) enhance
exploration breadth but often incur higher compu-
tational overhead, limiting scalability for large-scale
datasets or real-time applications.

Another key distinction lies in knowledge integra-
tion: AutoMLGen[12] and AutoMind[39] anchor search
in curated ML knowledge bases to prune irrelevant
paths, while MLE-STAR([35] relies on external search
engines for dynamic model retrieval. While knowledge
grounding accelerates convergence, it risks bias toward
established techniques, potentially stifling innovation
in novel problem settings (e.g., emerging architectures
like transformers for tabular data). Conversely, search-
engine-dependent strategies may introduce noise from
low-quality or outdated retrieval results, undermining
solution robustness.

A persistent limitation across most frameworks is
their narrow focus on code-centric optimization, often
neglecting broader MLE lifecycle stages—such as data

validation, pipeline monitoring, or deployment scala-

bility—that are critical for real-world impact. Addi-
tionally, evaluation remains predominantly benchmark-
bound (e.g., MLE-Bench[§], Kaggle competitions), with
limited evidence of generalization to messy, real-world
datasets characterized by missing values, concept drift,
or ethical constraints. These gaps highlight the need
for future work to balance search efficiency with adapt-
ability, integrate holistic MLE workflows, and validate

performance in ecologically valid settings.
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IV. EVALUATION AND BENCHMARKS FOR MLE
AGENTS

As the field of MLE agents rapidly advances, rig-
orous evaluation frameworks and standardized bench-
marks become indispensable for assessing their ca-
pabilities, identifying limitations, and guiding future
development. MLE agents[32][[12][24][35][B0], which aim
to automate complex machine learning engineering
workflows spanning data processing, model develop-
ment, deployment, and maintenance, operate in a mul-
tifaceted ecosystem that demands evaluation across
diverse dimensions—from code generation proficiency
and task-specific problem-solving to system integration
and adaptive decision-making. Traditional evaluation
metrics for standalone LLMs or narrow Al systems are
insufficient here, as they fail to capture the holistic
agency, tool utilization, and contextual reasoning re-
quired of MLE agents. This section reviews existing
benchmarks relevant to MLE agents, categorizing them
into software engineering benchmarks (foundational for
coding tasks), MLE-specific benchmarks (tailored to
ML engineering workflows), and general-purpose agent
benchmarks (assessing broader agency capabilities). By
synthesizing these evaluation efforts, we highlight gaps
in current methodologies and outline the need for more
comprehensive frameworks that align with the unique

challenges of MLE automation.

A. Software Engineering Benchmarks

The integration of large language models (LLMs)
into software development workflows has spurred the
creation of benchmarks to evaluate their code gener-
ation and understanding capabilities, laying a critical
foundation for assessing MLE agents—given that cod-
ing constitutes a core component of machine learning
engineering.

Early benchmarks focused on fundamental code
synthesis tasks, where models generate code snippets
from natural language descriptions or incomplete spec-
ifications. HumanEval [J] introduced a curated set of
164 handwritten programming problems, primarily in

Python, to measure functional correctness via unit

tests, becoming a staple for initial LLM coding evalu-
ations. MBPP (Mostly Basic Programming Problems)
[b] expanded this with 974 problems, emphasizing ac-
cessibility to non-experts and including test cases for
validation.

As LLMs advanced, more challenging benchmarks
emerged. The Apps benchmark [19] raised the bar by
incorporating 10,000+ problems from competitive pro-
gramming platforms (e.g., Codeforces), requiring not
just syntax correctness but also algorithmic reasoning
and optimization. LiveCodeBench [23] addressed limi-
tations of static benchmarks by introducing dynamic,
real-world coding scenarios with continuous updates
to mitigate data contamination, evaluating not only
code generation but also debugging, refactoring, and
collaboration with tools like linters.

While frontier models[36] have achieved near-
saturating performance on many of these synthetic
benchmarks [21], their success in automating end-to-
end software engineering remains limited. This gap mo-
tivated benchmarks rooted in real-world development
workflows, such as SWE-bench [25], which tasks models
with resolving 2,294 genuine pull requests from open-
source repositories (e.g., Django, scikit-learn) by fixing
bugs or adding features. Such benchmarks highlight
the disparity between synthetic task performance and
the complexity of real-world software development—in-
cluding understanding legacy code, adhering to project
conventions, and reasoning about system-wide impacts
—Ilessons directly relevant to evaluating MLE agents,
which must similarly navigate real-world ML codebases

and infrastructure.

B. MLE-Specific Benchmarks

While software engineering benchmarks lay the
groundwork for evaluating coding proficiency, MLE
agents operate in a domain-specific ecosystem that
demands specialized benchmarks tailored to machine
learning workflows—encompassing data preprocessing,
model selection, hyperparameter tuning, evaluation,
and deployment. These benchmarks must account for

the unique interplay between code generation, domain



knowledge (e.g., understanding ML algorithms, statis-
tical properties), and tool utilization (e.g., interacting
with frameworks like scikit-learn, PyTorch, or cloud ML
services), which distinguishes MLE automation from

general software development.

MLAgentBench[22] takes 13 tasks from Kaggle and
bespoke ML tasks, provides a simple baseline solution
for each, and evaluates how often agents can achieve
at least a 10% improvement over the baseline solution.
ML-Bench[47], tests agents’ abilities to generate code
and execute commands to interact with popular ML
repositories. DSBench[26] consists of 466 data analysis
tasks and 74 data modeling tasksk, designed to evaluate

data science agents with realistic tasks.

Among these, MLE-bench [8] has emerged as a
widely adopted standard, offering 75 carefully curated
tasks derived from offline Kaggle competitions, each
designed by a team of ML engineers to reflect real-
istic challenges in classification, regression, and unsu-
pervised learning. What distinguishes MLE-bench is
its focus on end-to-end ML engineering: agents must
independently handle data exploration, feature engi-
neering, model selection, hyperparameter tuning, and
result validation, with performance measured against
competition leaderboard metrics. Its large task diver-
sity, emphasis on holistic workflow automation, and
alignment with real-world competition dynamics have
made it a benchmark of choice for assessing MLE

agents’ practical capabilities.

Collectively, these MLE-specific benchmarks ad-
dress critical gaps in general software engineering eval-
uations, but they vary in scope—from incremental im-
provement (MLAgentBench) to library-specific tool use
(ML-Bench) and full lifecycle automation (DSBench,
MLE-bench). MLE-bench, in particular, has gained
recognition for its balance of realism, task diversity,
and focus on end-to-end proficiency, making it a refer-
ence point for comparing state-of-the-art MLE agents.
However, even these benchmarks primarily focus on
technical ML tasks, leaving gaps in evaluating broader
agency capabilities such as long-term planning, dy-

namic resource allocation, and adaptation to evolv-

ing requirements—areas where general-purpose agent

benchmarks provide complementary insights.

C. General-Purpose Agent Benchmarks
SWE-bench, MLAgentBench, and MLE-bench are

multi-step benchmarks evaluating Al agents in the soft-
ware domain. Here, components such as LMs, retrieval,
and external tools are “scaffolded” together via code,
unlocking new levels of autonomy unattainable via a
single inference call[57].

AgentBench[31] provides environments for agents
to complete multi-turn challenges, such as editing per-
missions on a Linux OS. OSworld[52] is the first-of-
its-kind scalable, real computer environment for mul-
timodal agents, supporting task setup, execution-based
evaluation, and interactive learning across various oper-
ating systems such as Ubuntu, Windows, and macOS.
GAIA[B4] focuses on agent interactions with the real
world, providing 466 questions that are conceptually
simple for humans but challenging for current Al sys-
tems. [[15] propose AgentQuest, a modular agent eval-
uation framework designed for extensibility, and [27]
provide an analysis of agent evaluation efforts so far.
PaperBench[45] is a benchmark consisting of 20 ML
research papers and author-approved rubrics, and an
automated grading workflow using LLM-based judges.
It is designed to evaluate the ability of Al agents to
replicate state-of-the-art Al research.

Compared to MLE-specific benchmarks, these
general-purpose agent benchmarks emphasize broader
cognitive and operational capabilities beyond techni-
cal ML workflows. For instance, multimodal under-
standing (as in OSworld) enables agents to process
visual interfaces, GUI elements, and non-textual system
feedback—skills less critical in scripted ML pipelines
but essential for real-world tool operation. Others,
like PaperBench, assess scientific reasoning through
complete research replication, encompassing literature
review, methodology adaptation, and result interpre-
tation—steps that extend beyond the technical execu-
tion focus of MLE benchmarks. Meanwhile, frameworks

like AgentBench and GAIA prioritize general problem-



solving across diverse domains, testing an agent’s abil-
ity to decompose novel tasks, adapt to unfamiliar
environments, and recover from errors—competencies
that underpin robustness but are not specific to ML
engineering contexts. Collectively, these benchmarks
complement MLE-specific evaluations by measuring the
"general intelligence” foundations required for flexible,

real-world agency.

D. Discussion

The distinct focus of MLE-specific benchmarks
remains indispensable for advancing ML engineering
automation, as they address the unique confluence
of domain knowledge, tool proficiency, and workflow
orchestration that defines the MLE agent’s role. Unlike
general-purpose benchmarks, which prioritize breadth
of capability across diverse tasks, MLE-specific frame-
works like MLE-bench[§] and DSBench[26] are uniquely
positioned to measure mastery of specialized ML work-
flows—from statistical feature engineering to model de-
ployment best practices—that demand deep expertise
in ML systems. Similarly, while software engineering
benchmarks excel at evaluating coding proficiency, they
lack the domain-specific metrics (e.g., model accuracy,
training efficiency, generalization performance) that are
central to assessing ML engineering success.

That said, the boundaries between these categories
are not rigid. General-purpose agent benchmarks offer
critical insights into capabilities that enhance MLE
agents’ practical utility, such as multimodal interaction
with ML dashboards (OSworld[52]), long-term project
planning (AgentQuest[15]), and research-driven inno-
vation (PaperBench[45]). Future evaluation frameworks
may benefit from integrating these complementary
strengths: combining MLE-specific technical rigor with
the broader agency metrics of general benchmarks.
Such hybrid frameworks could, for example, evaluate an
agent’s ability to optimize a model’s performance while
adapting to changing data requirements, documenting
decisions for stakeholders, and troubleshooting deploy-
ment issues across cloud environments—mirroring the

end-to-end responsibilities of human ML engineers.
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Ultimately, advancing MLE agent evaluation requires
both specialized benchmarks that drill into domain-
specific competence and integrative frameworks that
capture the holistic, real-world complexity of ML en-

gineering practice.

V. CHALLENGES AND OUTLOOK

The rapid evolution of LLM-based agents for ma-
chine learning engineering (MLE) automation, coupled
with the development of specialized benchmarks, has
demonstrated significant progress in automating com-
plex ML workflows. However, as these agents transi-
tion from controlled benchmark environments to real-
world MLE scenarios, a host of challenges emerge—
ranging from limitations in exploration strategies and
knowledge integration to gaps in handling the full MLE
lifecycle. Addressing these challenges will be critical
for unlocking the full potential of MLE agents, en-
abling them to match or exceed human ML engineers
in both technical proficiency and practical impact.
This section examines key challenges in current MLE
agent systems and outlines promising directions for
future research, with a focus on advancing exploration
mechanisms, framework architectures, alignment with
real-world MLE demands and much more ambitious
target(AI4AT).

A. MLE Agent System

1) Current Challenges: The rapid advancement
of MLE agents has been accompanied by persistent
challenges across multiple dimensions, from structural
design to adaptive capabilities:

Framework Structure Limitations: Existing
agent architectures struggle to balance flexibility and
efficiency in navigating complex MLE solution spaces.
Early tree search approaches (e.g., AIDE[24]) suffer
from rigid exploration paths that exacerbate local op-
timum trapping. While MCTS-based frameworks (ML-
Master[32]) improve exploration-exploitation balance,
they retain tree-structured constraints that fail to cap-
ture cyclic dependencies in ML pipelines (e.g., iterative

feature engineering and model validation loops). More
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COMPARISON OF EXPLORATION STRATEGIES AND PARALLEL EXECUTION CAPABILITIES OF DIFFERENT METHODS

Method Exploration Parallel
Strategy Execution
MLAB[22] Chain X
OpenHands[49] Chain X
SELA[LQ] Tree & Predefined X
AIDE[24] Tree & Greedy X
Mlzero[[L3] Iterative X
MLE-STAR[B5] Search Engine X

Agent Laboratory[41]
R&D-Agent[p4]
AutoKaggle[B0]
ML-Master[32]
AutoMLGen][12]

FM Agent[29]

Tree & Greedy
Multi-chain & Fusion
Chain & Iterative
Tree & Balanced

Graph

Evolutionary Algorithm

recent graph-based methods (AutoMLGen[12]) address
this partially but lack dynamic adjustment of graph
complexity based on task difficulty, leading to either

under-exploration or computational overload.

Tool Utilization and Model Context Pro-
tocol (MCP) Gaps: Despite progress in tool inte-
gration, current agents exhibit limited proficiency in
dynamically managing context across diverse tools and
model interactions. AutoKaggle’s[30] multi-agent col-
laboration relies on rigid context-sharing protocols that
hinder seamless information flow between specialized
sub-agents (e.g., data preprocessing). MLE-STAR|[35]
demonstrates effective search engine integration but
lacks standardized MCP for aligning retrieved exter-
nal knowledge with internal model states, leading to
context mismatches when applying search results to

specific pipeline stages.

Context Engineering Deficiencies: Context
management remains a critical bottleneck, with agents
struggling to maintain relevant information across
While ML-

Master[32] introduces a selectively scoped memory

extended problem-solving trajectories.

mechanism, it lacks fine-grained awareness of interme-
diate MLE processes—such as incremental performance
changes during hyperparameter tuning, data drift de-
tection signals, or trade-offs between model complexity
and inference latency. This deficit leads to incomplete

context representations, where agents may retain high-

level metrics (e.g., final accuracy) but discard granular
insights (e.g., which feature transformations most influ-
enced performance gains) that are critical for iterative

refinement.

Limited Self-Evolving Capabilities: While
frameworks like ML-Master[32] and AutoMLGen][l12]
incorporate basic iterative improvement—using past
results to guide subsequent search steps—their self-
evolving capabilities remain constrained. Both frame-
works struggle to determine what to evolve: they often
refine structural components(e.g., pre-training model
selection) while overlooking how to make good use of
these structures(e.g., hyperparameter finetuning), and
they lack meta-level reasoning to prioritize evolution
directions based on task complexity or resource con-

straints.

2) Owutlook: The evolution of MLE agent systems
is poised to address these challenges through targeted
innovations across framework design, tool utilization,

context management, and adaptive learning;:

Framework Structure: Adaptive Graphs
with Dynamic Complexity: Building on the tra-
jectory from tree search (AIDE[R4]) to MCTS (ML-
Master[32]) and MCGS (AutoMLGen[12]), future
frameworks may prioritize flexible graph structures
that adapt to task complexity. This direction aims to
resolve tree-based rigidity and static graph inefficiency

by dynamically adjusting representation granularity



and capturing cyclic dependencies inherent to ML
pipelines, balancing exploration breadth with compu-
tational feasibility.

Tool Use and Model Context Protocol
(MCP): Semantic Interoperability: To address
rigid context sharing and alignment gaps, future ad-
vancements may center on standardized, semantic
MCP frameworks. This direction extends AutoKaggle’
s[BO] collaboration and MLE-STAR’ s[B5] search in-
tegration by enabling seamless cross-tool and multi-
agent information flow, resolving context mismatches
between external knowledge and internal model states,
and simplifying dynamic tool integration.

Context Engineering: Process-Aware Mem-
ory Systems: Moving beyond ML-Master’ s[32] se-
lective memory, future context management may focus
on capturing fine-grained intermediate MLE processes.
This direction emphasizes retaining granular insights
from iterative workflows and organizing context hier-
archically to support informed, cross-stage decision-
making, addressing gaps in incomplete context repre-
sentation.

Self-Evolving Agents: Targeted Meta-
Reasoning: To overcome unfocused and slow evolution
in frameworks like ML-Master([32] and AutoMLGen[12],
future agents may integrate meta-reasoning-driven
adaptation. This direction prioritizes identifying high-
impact evolution targets, aligning refinement with
task complexity and resource constraints, and moving
beyond trivial component tweaks to meaningful,
context-aware self-improvement. By advancing these
core directions, MLE agents may evolve from task-
specific automation tools to versatile, adaptive systems
capable of navigating the full complexity of real-world

machine learning engineering.

B. From MLE Automation to AIJAI

Artificial Intelligence (AI) has profoundly re-
shaped human civilization, driving transformative ad-
vancements across diverse areas[b1][L7]. As AT advances
toward surpassing human-level intelligence, it is crucial

to advocate for the emergence of Al-for-Al (AI4Al),
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which leverages Al techniques to automate and opti-
mize the design, training, and deployment of Al sys-
tems themselves[60][46]. Al-for-AI can be understood
as a progressive paradigm unfolding in three stages:
human-led human-AI collaboration, Al-led human-AI
collaboration, and fully autonomous Al systems. We are
likely in the midst of transitioning from the first to the
second stage. The ultimate form of Al-for-Al envisions
fully autonomous systems capable of end-to-end Al
research and development—from hypothesis generation
and experimental design to algorithmic discovery and
validation. One possible vision for the development
of AI4AI can be drawn from the progression seen in
systems like AlphaGo[43] and AlphaZero[44], where the
journey began with human-guided training to improve
the machine’ s Go-playing skills, eventually leading
to machines surpassing human-level performance and

further enhancing their skills through self-play.

1) Current AILAI Challenge: Although
recent breakthroughs in Large Language
Models (LLMs)[L1][38][] and autonomous
agents[49][58][p9][41]  have  provided  evidence

supporting the feasibility of AI4AI, most studies
still
works[33][10][22][66] [42] like AT Scientist[33], SELA[LQ],
and Dolphin[56]

strategies without sufficiently leveraging the analytical

encounter significant challenges. Previous

primarily emphasize exploration

reasoning capabilities of advanced reasoning models,
thus missing valuable insights and limiting their

adaptability in complex scenarios.

Specifically, AI Scientist[33] is capable of gen-
erating novel research ideas, writing code, execut-
ing experiments, visualizing results, and describing its
findings by composing complete scientific papers, fol-
lowed by conducting simulated review processes for
evaluation. SELA[10] incorporates tree-based search
mechanisms to enhance the decision-making capabili-
ties of large language models. Dolphin[56] introduces
retrieval-augmented generation and an iterative refine-
ment strategy to improve the quality of idea pro-
posal processes. Paper2Code[42] demonstrates excep-

tional performance in translating research papers into



executable code.

2) Outlook: From MLE Automation to
AIJAI: The evolution of artificial intelligence has
traversed distinct stages, with the role of MLE mark-
ing a pivotal phase in human-driven Al development.
MLE have been the architects of Al advancement,
translating theoretical insights into practical systems,
optimizing model performance, and bridging the gap
between research and deployment. As Al systems grow
increasingly complex(encompassing trillion-parameter
models[11], multi-modal architectures[f], and dynamic
real-world deployment scenarios), the demands on hu-
man MLE have surged beyond sustainable limits, ne-
cessitating a paradigm shift toward greater automation.

This shift naturally converges with the broader vi-
sion of AI4ATI: a future where Al systems autonomously
advance Al research and development. Within this tra-
jectory, MLE Automation (or ATl for MLE’) emerges as
a critical and pragmatic stepping stone. By automating
the repetitive, high-complexity tasks central to MLE
workflows(such as hyperparameter tuning, architecture
optimization, deployment pipeline management, and
performance debugging), MLE Automation not only
alleviates human bottlenecks but also establishes a
foundational framework for AI4AI. It codifies the ex-
pertise, heuristics, and iterative processes inherent to
MLE work into structured, learnable tasks that Al
systems can progressively master and refine.

In essence, MLE Automation represents the first
frontier of AI4Al, where Al begins to assume the role
of an ”assistant MLE,” then a ”collaborative MLE,”
and ultimately an "autonomous MLE.” This incremen-
tal progression—rooted in solving tangible, domain-
specific challenges of Al development—provides a con-
crete pathway to realizing the broader AI4Al vision,
ensuring that the transition from human-led to Al-
augmented to fully autonomous Al development is both

feasible and robust.

VI. CONCLUSIONS

The intersection of Large Language Models
(LLMs) and Machine Learning Engineering (MLE)
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Automation has emerged as a defining frontier in
the broader pursuit of Al-for-AI (AI4AI), marking a
pivotal shift from fragmented workflow optimization
to holistic, autonomous Al-driven development. This
review provides the first comprehensive synthesis of
this rapidly evolving field, systematically organizing the
foundational theories, state-of-the-art systems, evalua-
tion benchmarks, and future trajectories of LLM agents
for MLE Automation.

At its core, this work establishes a unified
framework for understanding MLE-oriented agent sys-
tems—formalizing the MLE environment as a goal-
conditioned Partially Observable Markov Decision
Process (POMDP) and defining agent architectures
through modular components of LLMs, context man-
agement, and tool integration. Through a three-tier
taxonomy, we trace the evolutionary path of MLE
automation: from pre-LLM AutoML systems focused
on isolated pipeline stages, to general-purpose cod-
ing agents with broad software engineering capabili-
ties but limited ML domain expertise, to specialized
MLE agents that integrate structured exploration (e.g.,
tree/graph search, multi-agent collaboration) and ML
lifecycle awareness to tackle end-to-end workflows. This
taxonomy highlights a clear convergent trend: the most
effective MLE agents frame automation as a structured
search problem, balanced by domain knowledge inte-

gration and iterative refinement.

Our systematic analysis of evaluation benchmarks
reveals a complementary ecosystem: software engineer-
ing benchmarks lay the groundwork for coding pro-
ficiency, MLE-specific benchmarks (e.g., MLE-bench)
address domain-specific workflow mastery, and general-
purpose agent benchmarks enhance assessments of
broader cognitive and operational capabilities. To-
gether, these benchmarks expose critical gaps in cur-
rent evaluations—particularly in real-world adaptabil-
ity, lifecycle-wide optimization, and alignment with
human MLE responsibilities—which future frameworks
must address to bridge the gap between benchmark

performance and practical deployment.

We further identify four core challenges con-



straining current MLE agent systems: rigid frame-
work structures that struggle with cyclic MLE de-
pendencies, inadequate tool integration via standard-
ized Model Context Protocols (MCP), deficient con-
text engineering that overlooks granular intermediate
processes, and limited self-evolving capabilities lack-
ing targeted meta-reasoning. Corresponding future di-
rections—adaptive graph-based architectures, semantic
interoperability for tool use, process-aware memory sys-
tems, and meta-reasoning-driven self-improvement—
offer actionable pathways to enhance agent flexibility,

efficiency, and robustness.

Fundamentally, this review articulates MLE Au-
tomation as a pragmatic and indispensable step-
ping stone toward AI4Al. By automating the high-
complexity, repetitive tasks central to MLE workflows,
LLM agents not only alleviate human bottlenecks but
also codify ML engineering expertise into structured,
learnable processes that pave the way for fully au-

tonomous Al development.

The four primary contributions of this work—
unifying fragmented research, formalizing foundational
definitions, systematizing benchmark comparisons, and
mapping the MLE-to-AI4Al pathway—provide a crit-
ical knowledge base for researchers and practitioners
alike, establishing a consistent terminology and struc-

tured framework to guide future innovations.

As the field advances, the transition from MLE
Automation to AI4Al may hinge on embracing in-
cremental progress: refining agent systems to master
real-world MLE complexities, integrating cross-domain
capabilities from general-purpose agent research, and
validating performance in ecologically valid settings
beyond synthetic benchmarks. In doing so, LLM agents
for MLE Automation may not only transform how
Al systems are built and maintained but also unlock
the broader vision of self-evolving Al-—where Al itself
becomes the primary driver of its own advancement.
This review serves as both a snapshot of the current
state and a roadmap for the journey ahead, empha-
sizing that the success of AI4AIl may be rooted in
solving the tangible, domain-specific challenges of MLE
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