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Abstract

While memory is a core component in agent
systems, its behavioral impact in complex, long-
horizon domains like machine learning engi-
neering (MLE) remains poorly understood. Un-
like short, reactive exchanges, MLE agents
solve tasks through cycles of experimentation
and improvement where past errors can inform
future success. This paper presents a system-
atic study dissecting how memory influences
agent behavior and performance across diverse
MLE challenges. We first introduce a dynamic
coding memory designed to capture and reuse
debugging experiences, and integrate it into two
representative agent paradigms: a sequential,
chain-based agent that mirrors human-like it-
erative refinement, and a parallel, tree-based
agent that performs broad, self-exploratory
search in the code space. Our central finding
is that the role of memory is contingent on
the agent’s underlying architecture. For chain-
based agents, memory proves highly beneficial,
enabling them to avoid recurring mistakes
and engage in more coherent, iterative re-
finement, which significantly improves relia-
bility and task success. In contrast, for tree-
based search agents, memory introduces a criti-
cal trade-off: it enhances procedural stability
at the cost of constraining search diversity,
which can prematurely narrow exploration and
lead to suboptimal final solutions. These find-
ings reveal a fundamental trade-off between
procedural reliability and solution innovation
modulated by memory, offering insights for de-
signing more effective and robust MLE agents.

1 Introduction

As artificial intelligence (AI) evolves, it is increas-
ingly tasked with solving complex, open-ended
problems that define the "second half" of its de-
velopment, such as systematic scientific discov-
ery (Yao et al., 2023). An example of such a
challenge is machine learning engineering (MLE),

*Work was done during the internship at Visa Research.

where the goal is to automate and optimize the
entire data science workflow (Huang et al., 2024;
Jing et al., 2024; Chan et al., 2025; Hong et al.,
2024a). This has led to the development of agents
that leverage large language models (LLMs) to au-
tonomously handle the full machine learning life-
cycle, from understanding tasks and datasets to
engineering features, selecting models, and evalu-
ating results (Sun et al., 2024; Zheng et al., 2025;
Lu et al., 2025).

To tackle the complexity of real-world MLE
tasks, two prominent agent paradigms have
emerged. The first is the solution-evolution frame-
work, exemplified by AIDE (AI-Driven Explo-
ration) (Jiang et al., 2025), which frames MLE as a
code optimization problem and structures the trial-
and-error process as a tree search over possible
solutions. The second is the sequential, chain-
based paradigm, represented by agents like Open-
Hands (Wang et al., 2024), which mimics a hu-
man developer’s workflow through an iterative,
linear loop of actions and observations. While
these approaches have achieved state-of-the-art per-
formance on benchmarks like MLE-Bench (Chan
et al., 2025), our analysis reveals that, despite their
architectural differences, both are fundamentally
constrained by repetitive and inefficient behaviors.
As illustrated in Figure 1, agents frequently get
stuck in error loops, either by repeating the same
mistake within a single exploratory tree or by mak-
ing identical errors across independent runs of the
same task. This core challenge stems from several
shared issues: (1) Structural Isolation: The agent
fails to transfer knowledge effectively, both within
a single solution tree and across different tasks,
leading to redundant exploration. (2) Inefficient
Processes: The reliance on simple greedy policies
or linear reasoning often traps agents in local op-
tima or repetitive error-correction cycles (Toledo
et al., 2025; Liu et al., 2025).

Recent advances underscore the power of mem-
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Step 4  🚨  It seems there was
an error because I attempted to
read a Markdown file as a DOCX
file.  I'll read the content as a
text file.

Node 7  ⚠️  TypeError:
LGBMClassifier.train() got an
unexpected keyword
argument
'early_stopping_rounds'
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Functional Node

Buggy Node

Node 3 ⚠️  TypeError:
LGBMClassifier.train() got an
unexpected keyword
argument
'early_stopping_rounds'

Node 5 ⏰  TimeoutError:
Execution exceeded the time
limit

Node Analysis

Node 7 is repeating
Node 3 error !

(a) AIDE

Step 3 📁  To understand the
problem setup and requirements,
let me check
`/home/data/description.md` 
COMMAND: parse_docx
('/home/data/description.md')

Run 3 is repeating Run
1 error!

(b) OpenHands

Task: Spooky Author Identification

Task: Nomad2018 Predicting Transparent Conductors

Run 1 Run 3

Step 2 🔎  Let's start by
reading the competition-
specific instructions.
COMMAND: parse_docx
('/home/data/description.md')

Step 3 ⚠️  It seems there
was an error because the file
`/home/data/description.md`
is not a DOCX file.

...
Step 1 🤔  To begin solving the
machine learning task,
I will first read the
competition-specific
instructions provided in the
`/home/data/description.md`.

Figure 1: Illustration of repetitive error patterns in MLE
agents. (a) In AIDE, the agent repeats an error that had
previously occurred during exploration. (b) In Open-
Hands, the agent reproduces the same file-format error
across different runs for the same task.

ory as an essential enhancement for LLM agents,
enabling both long-horizon reasoning and the accu-
mulation of knowledge across interactions (Zhang
et al., 2024b; Chhikara et al., 2025; Li et al., 2023;
Zhang et al., 2024a; Lu et al., 2023; Packer et al.,
2023). However, these memory systems are pre-
dominantly crafted for conversational contexts,
such as dialogue history tracking, session recall,
or user preferences, rather than for the structured,
code-centric workflows of machine-learning explo-
ration. This paper presents a systematic empir-
ical study investigating how memory modulates
MLE agent behavior across different architectural
paradigms. To enable this investigation, we in-
troduce Dynamic Coding Memory, a structured
mechanism designed to mitigate repetitive errors
by allowing agents to retain, retrieve, and update
experiences from previous executions. Unlike
general-purpose conversational memory, our ap-
proach is built for code-centric reasoning and orga-
nizes knowledge at the granularity of both tasks and

coding packages. We integrate our memory module
into the two representative agent architectures: the
parallel, tree-based AIDE and the sequential, chain-
based OpenHands, and evaluate their performance
and behavior on the comprehensive MLE-Bench
benchmark. The key contributions of this paper
are:

• We design and implement Dynamic Coding
Memory, a task-aware memory system specif-
ically tailored for the structured, code-centric
workflows of machine learning exploration.

• We present a core empirical finding that mem-
ory acts as a double-edged sword: it consis-
tently improves the reliability and success of
sequential agents by preventing recurring er-
rors, but it can hinder parallel search agents
by reducing exploratory diversity, leading to
safer but ultimately suboptimal solutions.

• We provide a detailed quantitative analysis of
how memory rebalances the trade-off between
exploration and exploitation. We show that
for parallel search agents, memory strongly
favors exploitation—promoting safer, local re-
finements (evidenced by a 22.7% bug rate re-
duction) at the cost of exploration (measured
by reduced search diversity). For sequential
agents, it encourages a more effective exploita-
tion, leading to more coherent refinement. We
also note that these behavioral shifts are fur-
ther nuanced by data modality.

2 Related Works

LLM Agents for Machine Learning Engineer-
ing Recent work leverages large language models
(LLMs) to build agentic workflows across diverse
domains, such as software engineering (Liu et al.,
2024; Hong et al., 2024b; Chen et al., 2023; Is-
lam et al., 2024; Anthropic, 2025; Google, 2025),
web automation (Zhou et al., 2023; Abuelsaad
et al., 2024; Lu et al., 2025), and embodied set-
tings (Li et al., 2024; Guo et al., 2024b). A par-
ticularly promising frontier is LLM agents for sci-
entific discovery (Gridach et al., 2025), focusing
on the end-to-end automation of machine learn-
ing engineering (MLE) (Sun et al., 2024; Jing
et al., 2024; Zhang et al., 2025a). MLE that tradi-
tionally requires extensive manual effort for data
pre-processing, modeling, and evaluation, is well-
suited for agent-based automation. Two primary
paradigms have emerged for structuring these MLE
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agents. The first is chain-based reasoning, where
agents refine solutions through stepwise reasoning-
and-acting loops, easing the interpretation of inter-
mediate logic. For example, DS-Agent employs a
Reflexion-inspired (Shinn et al., 2023) debugger
that analyzes execution feedback to reflect on po-
tential bugs before generating corrected code (Guo
et al., 2024a). Other iterative agents combine ex-
ternal tools and knowledge as complementary con-
text. MLE-STAR uses a search engine to retrieve
effective models from the web to form an initial so-
lution, which it then iteratively refines (Nam et al.,
2025). The second paradigm is exploratory search,
which enables agents to consider multiple poten-
tial solution paths simultaneously. This approach
frames problem-solving as a tree or graph search,
allowing for more robust and comprehensive ex-
ploration (Yao et al., 2023). A prominent example
is AIDE (Jiang et al., 2025), which treats MLE
tasks as code optimization problems solvable via
a structured tree search. While this paradigm is
powerful for navigating complex solution spaces, it
introduces significant challenges in managing the
search process efficiently. Despite architectural dif-
ferences, existing MLE agents largely treat memory
as a uniformly beneficial component, without sys-
tematically examining how it reshapes exploration
dynamics under different agent paradigms.

Agent Memory In the context of LLM agents,
memory is the process of acquiring, storing, re-
taining, and subsequently retrieving information to
inform future actions (Wu et al., 2025; Zhang et al.,
2025b; Xiong et al., 2025). It is a critical com-
ponent for enabling the long-term reasoning and
knowledge accumulation required to solve com-
plex, real-world problems. Recognizing its im-
portance, many general-purpose memory architec-
tures have been proposed, from systems enhancing
the personalization of conversational agents (Ope-
nAI, 2024; Xu et al., 2025; Packer et al., 2023) to
frameworks designed for long-term task comple-
tion and tool use (Zhang et al., 2024a; Li et al.,
2023). In LLM agents for MLE, initial works have
highlighted the importance of memory. MLZero, a
multi-agent system for automating the ML pipeline,
employs semantic and episodic memory to itera-
tively refine code (Fang et al., 2025). ML-Master
utilizes a selectively scoped memory mechanism
to share insights and successful code snippets be-
tween sibling nodes in its exploration process (Liu
et al., 2025). While these systems prove memory is

beneficial, they rely on a flat storage of past interac-
tions. Another gap exists for a task-aware memory
framework that organizes knowledge structurally,
generalizing insights at a higher semantic level
(e.g., by code libraries) to prevent repetitive errors
and promote knowledge reuse across tasks. Mean-
while, recent work has studied the role of diversity
in MLE agents. Zhang et al. (2026) propose mech-
anisms to boost solution diversity through learned
ideation, and AlphaEvolve (Novikov et al., 2025)
maintains a database of programs to encourage var-
ied exploration. These works focus on promoting
diversity, while our study provides the systematic
empirical evidence that memory has a concrete im-
pact on MLE agents’ diversity, and quantify how it
reshapes the exploration-exploitation balance.

3 Methodology

3.1 Preliminary

We study machine-learning engineering (MLE)
agents aiming to produce runnable programs. For
a task t with dataset Dt = (Xt,Yt) and an evalua-
tion functional Evalt : Z ×Dt → R, a candidate
implementation is z = (f, λ) ∈ Z , where f is a
runnable Python program and λ is a light configura-
tion (e.g., random seed, flags). Executing z yields
a scalar validation score

Jt(z) = Evalt
(
z;Dt

)
. (1)

The objective is to identify a high-scoring imple-
mentation:

z⋆ ∈ argmax
z∈Z

Jt(z). (2)

Rather than formulating MLE as a long-horizon
control problem, we evaluate fully specified pro-
grams independently.

3.2 Representative Agent Frameworks

We instantiate two representative MLE agent ar-
chitectures that stand for different paradigms of
machine learning exploration: a chain-based event–
observation loop and a tree-based code-space
search. Both serve as foundations for integrating
memory in MLE agents.

Chain-based MLE Agent OpenHands (Wang
et al., 2024) is a generalist coding agent that inter-
acts with a sandboxed OS through a small set of
programming-language–native actions (run bash,
run Python/IPython, and browse). The agent state
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Figure 2: Overview of the proposed dynamic coding memory. (a) Build Memory: past tasks and error–fix pairs are
encoded into structured memory entries, organized by task and package. (b) Search Memory: during each new run,
the agent retrieves relevant experiences based on task similarity and embedding-level relevance to guide current
decisions. (c) Update Memory: new errors and fixes are integrated online, with a lightweight management module
that filters duplicates or outdated entries (NOOP/ADD). This dynamic mechanism enables continuous learning
across runs while reducing repetitive coding errors.

is represented by an event stream, a chronological
log of actions and their corresponding observations.
At each iteration, the agent applies an API

step(state) → Action,

The agent’s primitive operations include:

• EXECUTE: run Python or shell commands to
test or evaluate code,

• OBSERVE: read console outputs or error
traces returned from the environment,

• REVISE: modify or extend code snippets
based on observed outcomes.

Each interaction thus forms a step in a sequential
reasoning loop that mirrors human debugging and
refinement behavior. We use OpenHands represent-
ing chain-based experiments, enabling the memory
module to provide contextual reminders and prior
error knowledge during the iterative updates.

Tree-based MLE Agent (code-space search).
AIDE (Jiang et al., 2025) frames the MLE pro-
cess as AI-Driven Exploration in the space of exe-
cutable code. AIDE maintains a dynamic solution

tree where each node corresponds to a runnable
Python script with an associated validation score.
A search policy Π alternates among operations:

• DRAFT: generate a new candidate solution
from scratch as a root of a new branch;

• DEBUG: repair a previously failed node while
preserving its design intent;

• IMPROVE: modify a valid script incrementally
to enhance its performance metric.

Each script is executed to obtain its validation score
Jt(z) (Eq. 2), and a summarization operator con-
denses relevant historical information such as code
edits, scores, and errors to form concise prompts.

3.3 Dynamic Coding Memory
Large language model–based machine learning ex-
ploration (MLE) agents often exhibit repetitive er-
ror patterns when attempting to generate or opti-
mize runnable code. Such repetition stems from
recurring root causes including software package
incompatibilities, misuse of application program-
ming interfaces, or mismatched data schema defi-
nitions. These issues frequently reappear not only
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within a single task branch but also across indepen-
dent runs and related competitions.

To mitigate this inefficiency, we propose a Dy-
namic Coding Memory mechanism that allows
agents to retain, retrieve, and update structured
experiences extracted from previous executions.
Unlike general conversational memory designed
for open-domain dialogue, this module is built for
code-centric reasoning and is organized at the gran-
ularity of both task and package, enabling fine-
grained transfer of debugging knowledge across
semantically similar problem contexts.

Memory Construction and Representation.
During each task execution, whenever the gener-
ated code fails to execute successfully, the system
parses the error traceback and forms a structured
record of the failure event. Each memory entry is
represented as

e =
(
t, package, error, fix, ϕ(e)

)
(3)

where t denotes the task identifier, package in-
dicates the software module associated with the
failure (e.g., lightgbm, sklearn), error stores a
canonicalized version of the runtime traceback, fix
describes the corresponding remedy that success-
fully resolves the error, and ϕ(e) ∈ Rd is an em-
bedding computed from the textual concatenation
of the error and its fix summary. To improve the
generalization of the memory representation, we
use “general” as a package to cover those errors
which could not be simply attributed to a specific
package or module, such as I/O-related issues. All
entries are saved into a task–package–structured
memory library (Figure 2a).

Memory Retrieval and Update. Unlike general
chatting memory, the current query in coding tasks
does not reveal the to-be-written solution. More-
over, general memory retrieved through RAG of-
ten provides limited complementary signals for
code-specific failures. Therefore, we adopt a task-
indexed retrieval strategy: for the current task t,
the agent only searches memory entries recorded
under the same task. Formally, we first restrict the
library to the task-specific subset:

Mt =
{
e ∈ M

∣∣ task(e) = t
}
.

As the agent continues exploration, new
experiences are continuously added to the
memory system. Whenever a new exe-
cution yields an error, a temporary record

e′ = (t, package′, error′, fix′, ϕ(e′)) is produced
through LLM and a text embedding model. Before
adding this record, the system checks whether it is
redundant with respect to existing memories from
the same task and package. Specifically, it retrieves
the subset of entries in M that share the same task
identifier t and package name, and ranks them by
embedding similarity between representation ϕ(·).
We set the number of existing similar entries to
compare to 5. If the new error-fix pair is highly
similar to any stored entry, it is skipped. Otherwise,
the record is appended to the memory library and
its embedding vector is stored for future retrieval.
This lightweight redundancy check ensures that the
memory grows only when novel or substantially
improved debugging knowledge is encountered,
keeping M compact, diverse, and focused on
non-overlapping experiences.

Integration with Agentic Search. The dynamic
coding memory operates as a modular component
compatible with both agent paradigms described
in Section 3.2. In the chain-based agent (Open-
Hands), retrieved entries are used to construct con-
textual prompts that help the agent prevent repeat-
ing known package-specific mistakes and suggest
verified code revisions in the initial message for
each attempt to propose a solution. In the tree-
based agent (AIDE), memory guides both the DE-
BUG and IMPROVE operations by warning the agent
of previously resolved errors when generating the
next solution in the search tree. In both cases, the
memory system transforms short-term reactive cor-
rections into persistent, transferable knowledge,
leading to higher success rates and more stable
exploration behaviors across runs and tasks.

4 Experiments and Analyses

4.1 Experimental Setup
Implementation Details We select AIDE and
OpenHands as they represent the two fundamen-
tal paradigms—tree-based search and sequential
chain—that underpin most existing MLE agents.
For example, DS-Agent (Guo et al., 2024a) and
MLE-STAR (Nam et al., 2025) follow the chain-
based pattern, while ML-Master (Liu et al., 2025)
and MLZero (Fang et al., 2025) build on tree-based
exploration. We use o3 (OpenAI, 2025) as the back-
bone LLM for AIDE, as studies show reasoning
models bring much gain over the tree-search frame-
work (Jiang et al., 2025; Chan et al., 2025). We de-
ploy GPT-4o as the backbone LLM of OpenHands,
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Table 1: Results from Scaffolding and Models experiments. Experiments on AIDE are repeated with 16 seeds, while
those for OpenHands are repeated with 3 seeds. Scores represent the mean ± one standard error of the mean.

Model
Made

Submission
(%)

Valid
Submission

(%)

Above
Median

(%)

Bronze
(%)

Silver
(%)

Gold
(%)

Any
Medal

(%)

AIDE (o3)

Baseline 100.00±0.00 91.27±0.83 55.47±1.94 14.76±1.45 9.03±1.81 10.61±1.61 34.40±1.83
+ Memory 100.00±0.00 94.80±0.95 44.77±1.61 7.72±1.35 10.36±0.92 4.87±0.77 22.95±1.77

OpenHands (gpt-4o)

Baseline 31.82±6.94 28.79±6.06 15.15±4.01 13.64±2.62 0.00±0.00 1.52±1.52 15.15±4.01
+ Memory 34.85±1.52 34.85±1.52 19.70±1.52 16.67±1.52 0.00±0.00 1.52±1.52 18.18±0.00

MLAB (gpt-4o) [Estimated/Rebuttal]

Baseline 36.36±4.50 22.72±3.80 4.54±2.00 4.54±2.00 0.00±0.00 0.00±0.00 4.54±2.00
+ Memory 40.90±4.20 31.81±3.50 4.54±2.00 4.54±2.00 0.00±0.00 0.00±0.00 4.54±2.00
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Figure 3: Averages of best-so-far validation metric and cumulative numbers of bugs for AIDE Baseline and Memory
over all steps. For regression task group, metrics are transformed as 1/(1 + loss) (higher better).

following the setting in MLE-Bench (Chan et al.,
2025). More implementation details are listed in
Appendix 6. All experiments are conducted on a
compute server running Ubuntu 20.04, equipped
with dual AMD EPYC 7513 32-core processors
(128 vCPUs), 448 GB RAM, and a single NVIDIA
A100-SXM4 GPU (40 GB VRAM). The system
provides 2 TB of SSD storage with full read–write
access for intermediate results and final outputs.
Each LLM agent is allocated a 24-hour wall-clock
budget per task. For AIDE, all experiments are
repeated 16 times per task and 3 times for Open-
Hands. We report the mean and standard error of
the mean across runs.

Datasets MLE-bench (Chan et al., 2025) com-
prises 75 tasks sourced from Kaggle, designed to
assess the capabilities of agents in machine learn-
ing engineering. In our experiments, we evaluate
on MLE-bench lite, a curated subset of 22 tasks

selected from the full benchmark. We compare
each agent’s submission with those of human par-
ticipants on the official leaderboard of each Kag-
gle competition, and average across all designated
splits. We adopt the MLE-Bench evaluation met-
rics, consisting of two categories: (1) Competition
Ranking Metrics. Agents are evaluated on sim-
ulated Kaggle leaderboards following its official
medal system. Each submission can earn a bronze,
silver, or gold medal based on its percentile among
all teams, with thresholds adjusted by competition
size to ensure consistent difficulty. The headline
metric is the proportion of attempts that win any
medal (bronze or above), providing a single com-
petitiveness indicator comparable to top human
Kagglers. We also include Above-Median Ranking,
denoting whether a submission ranks higher than
the median team. (2) Submission-related metrics.
They capture the agent’s ability to complete and
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validate submissions, including Made Submission,
which indicates whether a valid file was produced,
and Valid Submission, which measures the ratio of
successfully evaluated submissions to all attempts.

4.2 Main Results and Observations
Table 1 presents the aggregated outcomes of inte-
grating our proposed dynamic coding memory into
two representative MLE agent frameworks: the
tree-based AIDE and the chain-based OpenHands.
The introduction of memory yields mixed yet in-
formative effects. Across both paradigms, memory
integration yields measurable improvements in sta-
bility, though with distinct behavioral implications.

In OpenHands, which executes tasks through a
single linear reasoning loop, the primary bottle-
neck lies in error recovery during debugging. The
incorporation of memory substantially alleviates
this limitation. The Made and Valid Submission
rates increase by +3.0% and +6.1% points, respec-
tively, accompanied by a +3.0 point improvement
in Any-Medal achievement. These results confirm
that memory enables the chain-based agent to avoid
recurring implementation mistakes and stabilize it-
erative code refinement, directly addressing the
dominant failure mode in sequential workflows.

In contrast, AIDE operates as a self-exploration
system that concurrently expands and revises multi-
ple branches within a solution tree. While memory
enhances the Valid Submission Rate by +3.53%
points, it leads to notable declines in Above-
Median (−10.7%) and Any-Medal (−11.5%) out-
comes. This degradation suggests that when ex-
ploration already occurs at scale, memory may in-
troduce an unintended bias toward previously val-
idated but suboptimal solution regions, reducing
the diversity of candidate branches. Consequently,
memory acts as a stabilizer in sequential agents
but a regularizer in exploratory agents, balancing
efficiency and risk at the cost of innovation. These
contrasting effects motivate our subsequent behav-
ioral analyses on (1) Early Errors vs. Final Gen-
eralization, (2) Exploration vs. Exploitation, and
(3) Task-Type Sensitivity, to further dissect how
memory modulates learning dynamics across agent
architectures.

4.3 Memory-Induced Reliability vs.
Generalization in Self-Exploring

To examine how memory influences the balance
between exploration safety and final performance,
we conduct a step-level analysis of AIDE, as it

implements autonomous self-exploration. Specifi-
cally, we compare the best-so-far validation metric
and cumulative bug number across search steps av-
eraged over all runs. We aggregate results from
tasks sharing metrics (classification and ranking,
regression-loss-like, and text-normalization; full
task lists and per-task objectives are in Appendix 8).
For regression-loss-based objectives, we map the
raw loss to a higher-is-better surrogate 1/(1+loss).
As shown in Figure 3, the memory-augmented
AIDE achieves a substantial 23% reduction in cu-
mulative bug frequency across all task groups,
demonstrating markedly improved execution relia-
bility during search. However, this increased safety
does not consistently translate to superior final out-
comes. As shown in the aggregated results, the
improvement in best-achieved metric varies by task
family—classification and regression tasks benefit
from more stable progression curves, while text nor-
malization tasks plateau early. Across 22 tasks, 11
exhibit performance gains whereas 10 show slight
declines, resulting in a weak Pearson correlation
coefficient (r = 0.21) between bug reduction and
final validation performance.

These findings reveal a behavioral trade-off:
memory promotes procedural stability, minimiz-
ing redundant or premature failures, but may also
reduce search diversity by discouraging exploratory
risk-taking. Especially in self-exploring agents like
AIDE, excessive emphasis on prior error avoidance
can constrain the discovery of novel, high-reward
configurations. This insight motivates our next
analysis on the Exploration–Exploitation Dynam-
ics, where we quantitatively assess how memory
reshapes the structural diversity of code trajectories
within the solution tree.

4.4 Memory-Rebalanced Search: Exploration
vs. Exploitation

To quantify how agent memory reshapes search
behavior, we evaluate two complementary axes: (1)
exploration breadth, captured by the diversity of
tools/packages and code-level operators, and (2)
exploitation intensity, captured by the degree of
local refinement around a viable solution.

For AIDE, exploration breadth is computed on
runnable nodes by estimating the Shannon en-
tropy H of (i) imported software packages and
(ii) AST-level operators, and reporting the effec-
tive number of categories Neff = exp(H) (i.e.,
the size of an equally frequent partition with the
same entropy). Exploitation is assessed via (a)
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Table 2: Aggregated exploration–exploitation metrics
for AIDE, averaged across all tasks and runs. Each entry
reports the mean ± SEM, with ∆ denoting the paired
difference (Memory–Baseline).

Baseline +Memory ∆

Bug rate (%)↓ 46.72±1.58 24.02±1.06 -22.7
Neff↑ 8.45±0.16 8.10±0.14 -0.34
First valid node↓ 3.12±0.30 0.80±0.14 -2.32
Valid code dist.↓ 29.17±0.54 27.18±0.41 -0.02

Table 3: Aggregated exploration–exploitation metrics
for OpenHands, averaged across paired runs. Values in-
dicate mean ± SEM, and ∆ denotes Memory–Baseline.

Baseline +Memory ∆

Bug rate (%)↓ 16.27±1.48 14.11±1.66 -2.16
Neff (tool)↑ 2.13±0.08 1.93±0.09 -0.20
Neff (command)↑ 115.24±23.60 181.19±28.19 +65.95
Neff (ops)↑ 0.66±0.17 0.53±0.16 -0.13

time-to-first-valid node (smaller indicates earlier
commitment to a workable approach) and (b) the
distance between consecutive valid codes using
token-set Jaccard distance, with a smaller value
indicating tighter, more iterative refinement). For
OpenHands, exploration breadth is measured at
two levels: (i) tool diversity, defined over high-
level action types (e.g., IPythonRunCellAction,
ShellCommandAction, FileEditAction), and
(ii) command diversity, defined over the issued
command/invocation strings within a tool family.
In addition, we also compute package and AST-
operator diversity on successful steps and report
Neff = exp(H).

From the results in Table 2, memory substan-
tially reduces the overall bug rate (−22.7%) and
accelerates the steps it takes to the first runnable so-
lution (−2.32%). These improvements coincide
with a slight contraction in exploration breadth
(−0.34%) and a marginally smaller distance be-
tween valid codes (−0.02%). The pattern suggests
that memory regularizes AIDE’s self-exploration,
suppressing repeated failure modes and promot-
ing locally consistent refinements at the expense of
broad search diversity. For OpenHands, memory
yields a moderate decline in bug rate (−2.16%).
Tool diversity decreases slightly (−0.20%), yet
command diversity expands markedly (+65.95%).
Together, these outcomes indicate that memory en-
hances OpenHands stability and promotes more co-
herent, iterative refinement, while reducing redun-
dant failures with constructive exploitation rather
than extensive exploration.

4.5 Modality Sensitivity of Memory
To further understand how memory influences per-
formance across different types of machine learn-
ing tasks, we analyze per-task and per-modality
outcomes. Figure 4 visualizes the relative improve-
ment in “Any Medal” rate for each task, while Ta-
ble 5 summarizes the aggregated changes by data
modality. Overall, memory reduces error rates con-

Figure 4: Per-task improvement in “Any Medal” rate for
memory-augmented agents compared to baselines.

sistently across modalities, confirming its role in
enhancing reliability. However, its impact on final
performance varies by task type. For AIDE, the
largest gains appear in tabular tasks (+16.25%),
where structured reasoning benefits most from past
correction, while image and audio tasks exhibit de-
clines (−23.13% and −5.00%, respectively). In
contrast, OpenHands shows more balanced im-
provements, with notable gains in text (+11.11%)
and tabular (+8.33%) domains, reflecting the ad-
vantage of linguistic and symbolic memory reuse
in single-trajectory exploration.

4.6 When Memory Helps and When It Hurts
The previous analyses characterize memory’s ef-
fects in aggregate. Here we trace its mechanism
through two representative AIDE tasks. Table 4
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Table 4: Representative memory entries accumulated by AIDE during exploration. Each entry records the originating
task, the responsible package, the error encountered, and the fix that resolved it.

Task Package Error Fix

leaf-classif. lightgbm TypeError: LGBMClassifier.fit()
got unexpected keyword argument
early_stopping_rounds

Use callback-based early stopping:
callbacks=[lgb.early_stopping(50)]

leaf-classif. xgboost TypeError: XGBClassifier.fit()
got unexpected keyword argument
eval_metric

Move eval_metric to the
XGBClassifier(. . . ) con-
structor

aerial-cactus timm LocalEntryNotFoundError: attempted
to download pretrained weights without
internet access

Set pretrained=False in
timm.create_model

denoising-dirty sklearn TypeError:
HistGradientBoostingRegressor
does not accept n_jobs

Remove n_jobs=-1 from initializa-
tion

Table 5: Per-modality performance comparison between
baseline and memory-augmented MLE agents. ∆ de-
notes absolute and relative change in mean ± SEM.

Modality Baseline Memory ∆

AIDE

Audio 25.00 ± 17.68 20.00 ± 14.14 -5.00 ↓
Image 37.50±12.09 14.37±7.24 -23.13 ↓
Tabular 18.75±16.24 35.00±20.46 16.25 ↑
Text 35.42± 15.21 30.21±11.06 -5.21 ↓

OpenHands

Audio 0.00± 0.00 0.00± 0.00 0.0 →
Image 13.33 ± 9.66 10.00±6.75 -3.33 ↓
Tabular 25.00 ± 13.82 33.33±16.67 8.33 ↑
Text 16.67 ± 6.80 27.78 ± 12.21 11.11 ↑

lists concrete memory entries accumulated during
exploration.

Success: leaf-classification. Without mem-
ory, the agent encounters persistent API-version
mismatches—TypeErrors from deprecated key-
word arguments in lightgbm and xgboost (Ta-
ble 4, rows 1–2)—that recur across branches. With
memory, actionable fixes are stored early and re-
trieved frequently (74% of buggy nodes). The bug
rate drops from 91.7% (440/480 nodes) to 21.2%
(102/480), with the dominant TypeError falling
from 260 to 18 occurrences. This demonstrates
memory’s core strength: converting ephemeral de-
bugging outcomes into reusable knowledge that
transfers across branches of the search tree.

Failure: dog-breed-identification. Mem-
ory reduces the bug rate (39.8%→34.6%),
yet the best-so-far score degrades substantially
(0.622→0.294). A four-step causal chain explains
this: (1) Of 1,348 stored entries, 548 (40.7%) are
timeout errors reflecting execution limits rather
than code bugs. (2) On buggy nodes, 55/95 re-
trievals (57.9%) return timeout guidance, steering

the agent toward cheaper approaches. (3) Deep im-
age packages decline on successful steps (torch:
280→107; timm: 20→3) while tabular stacks rise
(lightgbm: 1→35; catboost: 0→26; sklearn:
289→314). (4) The agent converges on lightweight
models ill-suited for this image task. Timeout
memories act as an implicit regularizer that penal-
izes compute-intensive but task-appropriate strate-
gies—a concrete instance of the diversity-reduction
mechanism identified in Section 4.3. Additional
per-run trajectory traces for these and other tasks
are provided in Appendix C.

5 Conclusion

In this work, we conducted a systematic inves-
tigation into the impact of memory on machine
learning engineering agents. This study highlights
an inherent trade-off between execution reliability
and exploratory innovation in memory-augmented
MLE agents. Our findings also connect to the
broader study of diversity in MLE agents, provid-
ing the first empirical evidence that memory is a
concrete source of diversity reduction, and quanti-
fying how this effect varies across agent architec-
tures. Future work could explore adaptive memory
mechanisms that dynamically balance exploitation
and exploration, for instance by down-weighting
memory’s influence during early-stage broad ex-
ploration and strengthening it during later-stage
debugging. Our case studies further reveal that
memory quality matters as much as memory quan-
tity. In sum, understanding the role of memory in
MLE agents is essential for building the next gener-
ation of intelligent agents capable of robustly and
creatively solving complex real-world problems.
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Limitations

Our study primarily investigates how memory
shapes the behavior and performance of MLE
agents. While we identify several characteristic
behavioral patterns, our analyses are limited to
existing benchmark environments and predefined
agent architectures. Future research should evalu-
ate whether these findings generalize to real-world
machine learning engineering workflows with more
dynamic data, resource, and feedback conditions.
Our current memory design uses task-indexed re-
trieval, which does not transfer knowledge across
different tasks. A cross-task retrieval ablation
shows that intra-task similarity is 2–4.9× higher
than cross-task similarity (t=10.69, p<1e-9), sug-
gesting that cross-task transfer is a promising but
methodologically challenging direction, as task or-
dering would introduce an additional confound. In
addition, because memory enables persistent be-
havioral patterns and reminds agents of past errors,
it also introduces potential risks of bias amplifi-
cation and error propagation, where agents may
inadvertently reinforce flawed reasoning from ear-
lier attempts. Understanding and mitigating these
pathological memory effects will be essential for
developing more reliable and interpretable MLE
agents. Adaptive memory scheduling, e.g., dis-
abling memory during early exploration to preserve
search diversity, is another concrete direction worth
investigating, particularly for tree-based agents.
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A Implementation details

Table 6 details the hyperparameters for the two
tested scaffolds: AIDE (Jiang et al., 2025) and
OpenHands (Wang et al., 2024).

Table 6: Scaffold hyperparameters.
AIDE

Parameter Value

agent.code.model o3
agent.feedback.model gpt-4.1
agent.steps 30
agent.search.max_debug_depth 3
agent.search.debug_prob 0.5
exec.timeout 7200

OpenHands

Parameter Value

agent CodeActAgent
model gpt-4o
max_time_in_hours 24
max_steps 500

Table 7: Error-type recurrence: fraction of runs where
the same error type appears in both early (steps 0–9)
and late (step ≥ 10) phases. Only tasks with non-zero
recurrence are shown.

Task Base Mem

dog-breed-identification 0.00 0.33
histopathologic-cancer-detection 0.33 0.00
new-york-city-taxi-fare-prediction 0.33 0.33
text-normalization-english 0.33 0.00
text-normalization-russian 0.00 0.33
the-icml-2013-whale-challenge 0.00 0.67

B Memory Retrieval and Error Analysis

Cross-task retrieval ablation. Intra-task re-
trieval yields a mean embedding similarity of
0.032±0.009, compared to 0.013±0.003 for cross-
task retrieval—a 2.0–4.9× gap (t=10.69, p<1e-9,
Cohen’s d=2.28). The strongest cross-task matches
are generic library-level fixes (e.g., API deprecation
warnings), whereas intra-task retrieval preserves
task-local context. Cross-task retrieval would also
introduce task-ordering as an additional confound.

Early-phase error analysis. We analyze how
early-phase errors (steps 0–9) relate to error preven-
tion in later steps (step ≥ 10). Table 9 shows that
memory reduces late-phase errors on 11/22 tasks,

with the largest reductions on tasks where early er-
rors encode critical environmental knowledge (e.g.,
data schema, package availability). Table 7 further
shows that memory eliminates early-to-late error
recurrence on several tasks, confirming that early-
phase memories break recurring error patterns.

C Annotated Trajectory Examples

Example 1: KeyError cascade
.(siim-isic-melanoma-classification).
In the baseline, Run 2 falls into a KeyError:
’sex’ loop at step 13 persisting for 84/263 steps
(32%). With memory, all runs exhibit zero
KeyError occurrences.

Task: siim-isic-melanoma-classif.

Baseline Run 1 | 35 steps | late_err =2
[step 0] PackageNotFoundError
[step 18] ModuleNotFoundError: 'sklearn '
[step 21] NameError: 'train_data_encoded '

Baseline Run 2 | 263 steps | late_err =84
[step 0] NameError: 'parse_markdown '
[step 13] KeyError: 'sex '
[step 15] KeyError: 'sex '
[step 18] KeyError: 'sex '
... +245 more KeyError occurrences

Baseline Run 3 | 22 steps | late_err =5
[step 0] NameError: 'parse_markdown '
[step 13] ModuleNotFoundError: 'tensorflow '
[step 16] ModuleNotFoundError: 'tensorflow '
[step 18] ModuleNotFoundError: 'tensorflow '
[step 20] ModuleNotFoundError: 'tensorflow '
[step 21] UnicodeDecodeError

Memory Run 1 | 14 steps | late_err =0
[step 0] NameError: 'parse_markdown '

Memory Run 2 | 500 steps | late_err =0
(no errors)

Memory Run 3 | 25 steps | late_err =1
[step 0] NameError: 'parse_markdown '
[step 9] ModuleNotFoundError: 'sklearn '
[step 12] TypeError: OneHotEncoder.__init__ ()

Task: histopathologic-cancer-detect.

Baseline Run 1 | 346 steps | late_err =0
[step 0] PackageNotFoundError

Baseline Run 2 | 23 steps | late_err =3
[step 0] NameError: 'parse_markdown '
[step 4] ImportError: 'pandas or numpy '
[step 6] ImportError: 'PIL '
[step 12] ModuleNotFoundError: 'sklearn '
[step 18] ModuleNotFoundError: 'tensorflow '
[step 22] UnicodeDecodeError

Baseline Run 3 | 22 steps | late_err =2
[step 0] PackageNotFoundError
[step 9] ModuleNotFoundError: 'sklearn '
[step 15] ModuleNotFoundError: 'tensorflow '
[step 21] UnicodeDecodeError

Memory Run 1 | 500 steps | late_err =0
(no errors)

Memory Run 2 | 5 steps | late_err =0
[step 0] NameError: 'parse_markdown '
[step 4] UnicodeDecodeError

Memory Run 3 | 11 steps | late_err =1
[step 0] NameError: 'parse_markdown '
[step 10] UnicodeDecodeError
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Figure 5: The prompt from memory summarization.

Memory Summarization Instructions

You are an expert in ML coding challenges who reviews errors from previous
coding attempts and creates concise error summaries to inform future
coding decisions.

## Task
Extract the ** package ** and ** summary ** for each error analysis provided.

## Package Guidelines
- Identify the root cause package responsible for the error
- Look at the input code and analysis to determine the true source
- Use `general ` for errors related to:

- Uninstalled packages
- External dependencies (data files , network resources)
- Environment/system issues

## Summary Requirements
Write a concise 1-2 sentence summary containing:
1. ** Error description **: Error type and the operation/class/function that

caused it
2. ** Suggested fix**: If mentioned in the analysis (exclude fixes requiring

new packages or internet access)

## Output Format
```
[PACKAGE] package_name
[ERROR] Error description. Suggested fix if available.
```

## Constraints
- Only include information from the current error analysis
- Do not suggest fixes requiring new package installations
- Do not suggest fixes requiring internet access
- Keep summaries concise and actionable

### Examples
**Input code :** ......

** Output summary :** [PACKAGE] lightgbm
[ERROR] TimeoutError: model training interrupted during fold 4 due to large

dataset and high n_estimators =500. Reduce n_estimators , add early stopping
, or optimize data processing to speed up training.
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Figure 6: The prompt from memory update.

Memory Update Instructions

You are a memory manager for ML coding errors. Your job is to decide if a new
error is the SAME as existing errors.

RULES:
- ADD: If the new error is DIFFERENT from all existing errors
- NONE: ONLY if the new error is EXACTLY the same as an existing error

CRITICAL: Be VERY CONSERVATIVE. If you 're not 100% sure they 're identical ,
choose ADD.

Decision criteria:
1. Different function names = ADD (e.g., LGBMClassifier.fit() vs lgb.train())
2. Different error types = ADD (e.g., TypeError vs ValueError vs RuntimeError)
3. Different error messages = ADD (even if same package and function)
4. Different packages = ADD (e.g., torch vs torchvision vs lightgbm)
5. Only EXACT same error message = NONE

1. **ADD**
If the retrieved fact contains new information not already present in memory ,

add it by generating a new ID in the id field.

2. **NONE** (No Change)
ONLY if the retrieved fact describes the EXACT same issue (i.e., same package ,

same function/method , same error type , and same root cause), make no
change.

IMPORTANT: Different functions , different error types , or different root
causes should be considered as ADD , even if they seem related.

Examples of what should be ADDED (different issues):
- LGBMClassifier.fit() vs lgb.train () (different functions)
- TypeError vs ValueError (different error types)
- BCEWithLogitsLoss vs AttributeError (different error types)
- SyntaxError vs NameError (different error types)
- Different packages (torch vs torchvision vs lightgbm)
- Different error messages even if same package and function

Examples of what should be NONE (same issue):
- Exact same error message
- Same function , same error type , same root cause

EXAMPLES: ......
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Table 8: MLE-Bench Lite Task Categories.

Task Name Modality Metric Group

aerial-cactus-identification Image Classification
aptos2019-blindness-detection Image Ranking
denoising-dirty-documents Image Generation
detecting-insults-in-social-commentary Text Classification
dog-breed-identification Image Probabilistic Classification
dogs-vs-cats-redux-kernels-edition Image Probabilistic Classification
histopathologic-cancer-detection Image Classification
jigsaw-toxic-comment-classification-challenge Text Classification
leaf-classification Image Probabilistic Classification
mlsp-2013-birds Audio Classification
new-york-city-taxi-fare-prediction Tabular Regression
nomad2018-predict-transparent-conductors Tabular Regression
plant-pathology-2020-fgvc7 Image Classification
random-acts-of-pizza Text Classification
ranzcr-clip-catheter-line-classification Image Classification
siim-isic-melanoma-classification Image Classification
spooky-author-identification Text Probabilistic Classification
tabular-playground-series-dec-2021 Tabular Classification
tabular-playground-series-may-2022 Tabular Regression
text-normalization-challenge-english-language Text Prediction accuracy (Seq2Seq)
text-normalization-challenge-russian-language Text Prediction Accuracy (Seq2Seq)
the-icml-2013-whale-challenge-right-whale-redux Audio Classification

Example 2: ModuleNotFoundError
(histopathologic-cancer-detection).
Baseline runs hit ModuleNotFoundError for
sklearn/tensorflow in late steps; memory runs
avoid these entirely.

Table 9: Late-phase error steps (step ≥ 10), averaged
over 3 OpenHands runs per task. ∆ = base − mem
(positive = memory helps).

Task Base Mem ∆

aerial-cactus-identification 3.3 1.7 +1.7
aptos2019-blindness-detection 3.3 0.0 +3.3
denoising-dirty-documents 3.3 1.7 +1.7
detecting-insults-in-social-commentary 0.3 0.7 −0.3
dog-breed-identification 0.7 1.7 −1.0
dogs-vs-cats-redux-kernels-edition 0.7 0.0 +0.7
histopathologic-cancer-detection 1.7 0.3 +1.3
jigsaw-toxic-comment-classif. 0.0 0.0 0.0
leaf-classification 2.0 0.3 +1.7
mlsp-2013-birds 7.3 31.0 −23.7
new-york-city-taxi-fare-prediction 1.7 2.0 −0.3
nomad2018-predict-transparent-cond. 0.3 0.7 −0.3
plant-pathology-2020-fgvc7 0.3 2.7 −2.3
random-acts-of-pizza 20.7 1.0 +19.7
ranzcr-clip-catheter-line-classif. 0.3 1.3 −1.0
siim-isic-melanoma-classification 30.3 0.3 +30.0
spooky-author-identification 0.3 0.3 0.0
tabular-playground-series-dec-2021 0.7 0.7 0.0
tabular-playground-series-may-2022 6.3 0.0 +6.3
text-normalization-english 4.0 1.3 +2.7
text-normalization-russian 0.7 0.3 +0.3
the-icml-2013-whale-challenge 0.7 12.3 −11.7
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