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Abstract

Existing machine learning engineering (MLE)
agents struggle to iteratively optimize their im-
plemented algorithms for effectiveness. To ad-
dress this, we introduce MLE-IDEATOR, a
dual-agent framework that separates ideation
from implementation. In our system, an im-
plementation agent can request strategic help
from a dedicated IDEATOR. We show this
approach is effective in two ways. First, in
a training-free setup, our framework signifi-
cantly outperforms implementation-only agent
baselines on MLE-Bench. Second, we demon-
strate that the IDEATOR can be trained with
reinforcement learning (RL) to generate more
effective ideas. With only 1K training samples
from 10 MLE tasks, our RL-trained Qwen3-8B
IDEATOR achieves an 11.5% relative improve-
ment compared to its untrained counterpart and
surpasses Claude Sonnet 3.5. These results
highlights a promising path toward training
strategic Al systems for scientific discovery.

1 Introduction

Artificial intelligence (Al) agents capable of build-
ing machine learning models offer great potential
to accelerate scientific discovery (Swanson et al.,
2024; Lu et al., 2024; Chan et al., 2025). While Al
agents powered by large language models (LLMs)
have made significant progress in relevant fields
such as software development (Wang et al., 2025b;
Jimenez et al., 2024; Yang et al., 2024), their typ-
ical designs are insufficient for autonomous ma-
chine learning engineering (MLE). They are often
limited to implementing a single valid solution,
ceasing exploration prematurely rather than con-
tinuously optimizing algorithms to enhance per-
formance. In MLE tasks, a merely valid solution
is insufficient, as the task demands strategic itera-
tion—testing alternative models and hyperparam-
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Figure 1: Overview of MLE-IDEATOR. The IMPLE-
MENTER uses a <seek_help> action to solicit strategic
guidance from a dedicated IDEATOR. This separation
improves performance over single-agent baselines and
enables the IDEATOR to be optimized via reinforcement
learning with execution-based rewards.

eters, refining data and features to achieve state-
of-the-art results (Chan et al., 2025; Qiang et al.,
2025; Zhang et al., 2025b).

While recent work has sought to develop agents
capable of strategic iteration, typically by train-
ing small language models (SLMs) as MLE agents
via reinforcement learning (RL) (Liu et al., 2025b;
Yang et al., 2025b), these approaches typically rely
on a single-agent paradigm that conflates strategic
reasoning (idea proposal) with coding proficiency
(implementation). This conflation imposes a criti-
cal trade-off: small models lack the coding capacity
to implement complex solutions, yet training them
to master both skills requires inefficient multi-turn
rollouts with sparse rewards. To address this struc-
tural limitation, we ask: Can decoupling ideation
from implementation enable small models to effi-
ciently learn strategies that guide stronger models?

We answer this question by designing a novel
dual-agent framework MLE-IDEATOR (Figure 1)
that explicitly separates ideation from implemen-
tation. When the Implementer’s progress plateaus,
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it can invoke a new <seek_help> action to solicit
high-level strategies from the IDEATOR. This de-
sign facilitates superalignment (Burns et al., 2024),
where a lightweight IDEATOR model serves as a
strategic guider for a more capable Implementer,
directing algorithm refinements without needing
to retrain the Implementer itself. A well-trained
IDEATOR can thus be reused as a plug-in to aug-
ment the performance of various implementer mod-
els.

We first demonstrate on the MLE-Bench (Chan
et al., 2025) that training-free ideation improves
performance over implementation-only agent base-
lines. To further enhance ideation capability, we
introduce an RL pipeline to train the IDEATOR.
Each proposed idea is executed by a frozen Im-
plementer in a single step and rewarded if it im-
proves performance. The IDEATOR is then updated
using the GRPO (Shao et al., 2024) algorithm to
maximize this execution-based reward, thereby ef-
ficiently avoiding costly multi-step rollouts. Our
experiments show that the Qwen3-8B model, after
RL training on just 10 MLE tasks, not only outper-
forms its untrained counterpart but also surpasses
the powerful Claude Sonnet 3.5 as an IDEATOR.
These results highlight a promising path toward
teaching LLM agents to generate high-impact ideas
for scientific discovery.

Our contributions are threefold:

* We introduce MLE-IDEATOR, a novel dual-
agent framework that separates high-level
ideation from low-level implementation for
MLE tasks.

* We design an efficient RL pipeline to train an
IDEATOR with execution-based rewards, min-
imizing reliance on costly multi-step rollouts.

* We demonstrate strong performance gains
on MLE-Bench, showing that an RL-trained
small Ideator can outperform more powerful
LLMs in guiding the Implementer.

2 Related Work

Single-Agent Frameworks for MLE. Coding
agents such as CodeAct (Wang et al., 2025b),
MLAB (Huang et al., 2024), and RepoMas-
ter (Wang et al., 2025a) execute MLE tasks using
basic tools like Python and Bash but lack dedicated
ideation, often stopping at the first valid solution.
Parallel exploration frameworks like AIDE (Jiang
et al., 2025b), AIRA (Toledo et al., 2025), and

ML-Master (Liu et al., 2025a) extend this via tree
search across multiple solution branches. However,
these methods rely on expensive code-space search
and static prompting, limiting exploration to imple-
mentation rather than high-level ideation. In con-
trast, we decouple ideation from coding, enabling
efficient idea-space exploration without costly tree-
search orchestration.

Multi-Agent Frameworks for MLE. Multi-
agent frameworks like MLZero (Fang et al., 2025),
InternAgent (Zhang et al., 2025a), Agent Lab-
oratory (Schmidgall et al., 2025), and R&D-
Agent (Yang et al., 2025c) decompose tasks us-
ing specialized roles (e.g., planner, experimenter).
Yet, their coordination relies on complex, rigid,
and prompt-driven workflows. Our work differs in
two ways. First, we employ a dynamic workflow
where the Implementer solicits on-demand strategic
guidance via a <seek_help> action, ensuring col-
laboration is context-driven rather than predefined.
Second, unlike prompt-only systems, we apply re-
inforcement learning directly to the ideation model,
optimizing it to generate effective algorithmic sug-
gestions based on performance outcomes.

RL-Trained MLE Agents. Reinforcement learn-
ing has recently been applied to MLE agents (Liu
et al., 2025b; Yang et al., 2025b), but these works
focus on training single-agent implementers for
code generation, neglecting the strategic challenge
of ideation. By contrast, we train the IDEATOR
itself with RL to directly optimize idea quality via
performance feedback. This lightweight mecha-
nism enables the IDEATOR to learn high-level re-
finements.

3 Methods

3.1 MLE-IDEATOR

To decouple ideation from implementation in ma-
chine learning engineering tasks, we propose a
dual-agent framework in Figure 1 that consists of
two primary components: a Implementer agent
responsible for implementation and an IDEATOR
agent for providing high-level suggestions. We
instantiate the Implementer with the CodeAct
agent framework (Wang et al., 2025b), which
provides an action space for executing Python
and Bash commands (<execute_ipython> and
<execute_bash>). We introduce a new action,
<seek_help>, which the Implementer can invoke
as needed when it experiences plateaued perfor-
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mance, or identifies a potential optimization oppor-
tunity. The query is formatted as follows:

Implementer Agent Query via <seek help>

<seek_help>
PROBLEM_STATEMENT :
<one sentence describing the current blocking issue>

ATTEMPTS_SO_FAR:
<a short bullet list of what you already tried>

GOAL :
<one sentence on what success looks like for this step>
</seek_help>

\\ _J

The IDEATOR receives this query along with the
full trajectory of the Implementer’s work (including
code, logs, performance) and provides a structured
suggestion:

IDEATOR Agent Response for <seek_help>

ANALYSIS_ON_CURRENT_PROGRESS:

<Briefly state whether to keep refining the present
approach or revert to a prior solution and pursue a
new path.>

ACTION:
<One imperative command or code block the agent must
execute next.>

RATIONALE:

<Concise justification for why this action is optimal
right now.>

|\ J

This structure makes the suggestions easily com-
prehendable and actionable for the Implementer.
The Implementer receives the IDEATOR’s output
as an observation and integrates the suggested ac-
tion into its workflow in the subsequent step. This
protocol enables targeted, context-aware collabora-
tion.

3.2 MLE-IDEATOR-RL

To enable the IDEATOR to learn from experience,
we introduce a reinforcement learning framework
to train the IDEATOR to propose more effective
ideas.

State and Action Space. At each timestep ¢
where the Implementer issues a <seek_help> ac-
tion, the IDEATOR receives a comprehensive snap-
shot of the Implementer agent’s progress as the
current state representation s; = (D, 1.4, pr, Ct),
consisting of the task description D, the cur-
rent trajectory 714 = (a1,01,...,a¢), which
includes all previous actions and observations,
the current ML solution’s performance score
pt, and the full ML solution code Cy. The
IDEATOR’s action is to generate a natural lan-
guage suggestion o with a structured format: o =
(ANALYSIS, ACTION, RATIONALE).

Reward Function. To directly optimize for effec-
tive ideas, we define a discrete, three-level reward
function R:(«) that evaluates the outcome of ap-
plying an idea a:

+1 if prgi(a) > py
Rt(Oé) == 0

—1 if format errors,

if pr41(a) < py or execution fails

€]
where p, is the solution performance before the
idea, and p;y1(«) is the new performance after
the Implementer executes revised code based on
the idea « in a single step. The reward function
incentivizes the IDEATOR to propose ideas that
improve performance and penalizes those that are
ineffective or invalid.

RL Training Pipeline. To avoid regenerating
agent trajectories online at each training step, we
first run MLE-IDEATOR offline to collect a pool of
states whose trajectories end with the <seek_help>
action. These states are then used to construct
prompts for the IDEATOR (see Appendix D). We
employ GRPO (Shao et al., 2024) as our RL al-
gorithm for its efficiency and stability. The train-
ing objective is to maximize the expected reward
for the ideas generated by the IDEATOR (Ap-
pendix A.1). Each training step begins with an
ideation (rollout) phase, where we sample G can-
didate ideas {a, ..., i} from the IDEATOR’s cur-
rent policy. Next, during the execution (reward
calculation) phase, a frozen Implementer agent
attempts to implement each valid idea in a single
step.! If execution succeeds, we evaluate the new
ML solution to compute a performance-based re-
ward defined in Equation 1. Finally, in the back-
propagation phase, we update the IDEATOR’s
policy parameters using the GRPO loss function
(Appendix A.2). This formulation enables di-
rect optimization of idea effectiveness through
performance-based feedback.

4 Experiments

4.1 Experimental Setup

Dataset and Baselines. Our experiments are con-
ducted on the MLE-Bench dataset (Chan et al.,
2025). For our training tasks, we select 10 di-
verse Kaggle tasks (Appendix B.1) that span multi-
ple data modalities and whose solutions can typi-

'We restrict execution to a single step for simplicity and

efficiency, though more turns could reduce execution failure
through agent self-debugging.

438



System IDEATOR  Avg@3 Best@3

Implementation-only Agent Baselines

CodeAct + GPT-40 - 47.9 51.7
AIDE + GPT-40 - 49.6 50.7
AIDE + Sonnet 3.5 - 50.7 53.8

Implementer = Claude Sonnet 3.5
CodeAct - 50.6 52.8

Sonnet 3.5 58.5 60.9
Qwen3-8B 532 56.6

MLE-IDEATOR-RL Qwen3-8B-RL  58.4 63.1

MLE-IDEATOR

Implementer = Qwen3-8B
CodeAct - 25.4 259

Sonnet 3.5 28.0 28.3
Qwen3-8B 25.2 25.6

MLE-IDEATOR-RL Qwen3-8B-RL  29.8 30.1

MLE-IDEATOR

Table 1: Main results on 51 held-out MLE-Bench tasks.

cally be executed within 20 minutes, a criterion
that enables faster reward calculation. To col-
lect training data from these 10 tasks, we run the
MLE-IDEATOR framework 90 times for each us-
ing Claude Sonnet 3.5 as the backbone model and
randomly sample 1000 states to serve as training
prompts (100 per task) and 100 states for valida-
tion (10 per task).> Our evaluation is performed
on a held-out set of 51 tasks (21 low-complexity
and 30 medium-complexity), excluding the 15
high-complexity tasks where agents consistently
struggle to produce a valid submission within the
time limit. We test several configurations using
Qwen3-8B (Yang et al., 2025a) and Claude Son-
net 3.5 as the backbone LLMs for the IDEATOR
and Implementer roles. We compare three con-
figurations: a CodeAct baseline where the Im-
plementer agent solves the task alone; an MLE-
IDEATOR (Prompting) setup where the Imple-
menter is paired with a prompted IDEATOR and
can use the <seek_help> action; and our MLE-
IDEATOR-RL (RL-Trained) approach, which re-
places the prompted Qwen3-8B IDEATOR with our
RL-trained version. During evaluation, all agents
are allotted a maximum of 50 steps and a one-hour
runtime per task. We show the hyperparameters of
RL training in Appendix B.2.

Evaluation Metric. We evaluate agent perfor-
mance using Avg@3 and Best@3 normalized

2Each run may trigger multiple <seek_help> calls, pro-
ducing over 1,000 states ending with that action. We sample
the required training and validation sets from this pool.

IDEATOR Avg@3 Best@3

Implementer = Claude Sonnet 3.5

- 69.7 72.0

NULL IDEA 68.7 72.8
VAGUE IDEA 75.0 76.3
Claude Sonnet 3.5 80.1 83.8

Table 2: Impact of idea quality on MLE-IDEATOR per-
formance under 22 low-complexity MLE-Bench tasks.
NULL IDEA and VAGUE IDEA denote non-LLM abla-
tions where the IDEATOR is replaced with a fixed tem-
plate response. NULL IDEA always returns “I have no
suggestions for improving the solution. Please proceed
using your best judgment.” and VAGUE IDEA always
returns “Keep improving the performance of your solu-
tion.”

scores (Jiang et al., 2025a), averaged across all
tasks. For each task, an agent is run three
independent times. Since the native evalua-
tion metrics (e.g., accuracy, cross-entropy loss)
vary in scale from one Kaggle task to an-
other, we normalize the raw score of each run
against human performance on the Kaggle leader-
board to a common 0-100 scale: max(0,100 x
bes?igg;l:r::ﬁiz;‘\:Er\;tc;rl;ltl_r?l?lrrl;;i;iore)' The Best@3 is
the maximum of these three normalized scores,
while the Avg@3 is their average, excluding any
runs that failed to produce a valid submission. An
agent receives a score of zero for a task only if all
three runs fail to produce any valid solutions.

4.2 Results and Analysis

Prompted and Reinforced Ideation Boost
Performance. Table 1 shows that prompted
ideation consistently boosts performance over
implementation-only agent baselines. With Claude
Sonnet 3.5 as the Implementer, pairing it with a
prompted IDEATOR yields strong improvements:
Avg@3 rises from 50.6 (CodeAct baseline) to
58.5 with a Sonnet IDEATOR and 53.2 with a
Qwen3-8B IDEATOR. Reinforcement learning fur-
ther enhances effectiveness, as the Qwen3-8B-RL
IDEATOR achieves a Best@3 of 63.1, surpassing
even the powerful Sonnet IDEATOR. Even with the
weaker Qwen3-8B Implementer, ideation proves
valuable: pairing with Sonnet 3.5 lifts performance
from 25.4 to 28.0, and the RL-trained Qwen3-8B
IDEATOR achieves a stronger result at 29.8. These
results show that prompted ideation consistently
improves implementers, and RL enables smaller
IDEATORS to surpass stronger prompted ones.
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Idea Type Qwen3-8B Qwen3-8B-RL A

Data Preparation 13.4 16.5 +3.1
Feature Engineering 13.4 20.9 +7.5
Model Architecture 28.5 253 -3.2
Model Training 324 27.5 -4.9
Hyperparameter Tuning 7.3 6.6 -0.7
Others 5.0 33 -1.7

Table 3: Comparison of idea type distributions be-
tween Qwen3-8B and Qwen3-8B-RL. Values indicate
the proportion (%) of ideas in each category, with
A showing changes after RL training (cells shaded
green for increases and red for decreases ).

Idea Quality Matters. Is the performance boost
driven by the quality of ideas, or simply by adding
the <seek_help> action and receiving some form
of feedback, even if it is uninformative? Table 2
ablates this factor by replacing the LLM-based
IDEATOR with fixed template outputs. Using a
NULL IDEA yields performance comparable to hav-
ing no IDEATOR, since the Implementer receives
no meaningful guidance beyond its own trajec-
tory. A VAGUE IDEA, which always provides a
generic encouragement, produces a slight improve-
ment, likely because it prompts the Implementer
to continue refining rather than stopping prema-
turely. However, this effect is small compared to
the substantial gains achieved with specific, con-
textual ideas from the Claude Sonnet 3.5 IDEATOR.
These results confirm that high-quality, actionable
guidance, rather than reflection or additional in-
teraction, drives the performance improvement of
MLE-IDEATOR.

RL Aligns Idea Generation with Empirically
Effective Strategies. Not all ideas contribute
equally to performance, so we analyze which types
are most effective. We define an idea as effective
if it improves the ML solution’s performance. To
this end, we prompt a strong LLM (Claude Sonnet
4) to classify each idea into six categories: Data
Preparation, Feature Engineering, Model Architec-
ture, Model Training, Hyperparameter Tuning, and
Others (full prompt in Appendix E). As shown in
Figure 4 (Appendix C), Feature Engineering and
Data Preparation ideas are typically more effec-
tive, whereas Model Training and Hyperparam-
eter Tuning are less reliable. Building on this ob-
servation, Table 3 shows that RL training shifts the
idea distribution toward empirically effective cate-
gories and reduces the frequency of less effective
ones, thereby improving overall idea quality. We

Implementer = Claude Sonnet 3.5

60 60
<
S
£ I
J3)
2 Qwen3-8B S
- 40 —— Qwen3-8B-RL 40 5
2 —— Claude Sonnet 3.5 g
% 30 Seek-Help Freq. 30 s
g =3
s 2
=
g 20 205‘
@ 9]
Q
10 100
% 10 20 30 40 50 ©

Number of Steps

Figure 2: For each IDEATOR model, we show the agent’s
best achieved normalized score so far in a trajectory aver-
aged over all tasks w.r.t the number of steps in trajectory.
We also plot the frequency of <seek_help> actions at
each steps, aggregated over all IDEATORS.

show concrete examples of the IDEATOR’s success-
ful and unsuccessful suggestions in Appendix F.

Ideation Drives Mid-Trajectory Refinement.
Figure 2 correlates agent performance with
<seek_help> behavior. Initially (<12 steps), the
Implementer focuses on establishing a baseline
with minimal help-seeking. Once an initial sub-
mission is made, <seek_help> frequency spikes.
This IDEATOR-guided exploration drives imme-
diate performance gains, allowing the system to
escape local optima where single-agent baselines
stagnate. Performance generally plateaus around
step 20 due to diminishing returns on refinements
and the one-hour execution limit. Future integra-
tion with inference-time scaling (Snell et al., 2024;
Zhu et al., 2025; Shen et al., 2025) could unlock
further gains via Best-of-N idea sampling.

5 Conclusion

We introduce MLE-IDEATOR, a dual-agent frame-
work that decouples strategic ideation from im-
plementation for machine learning engineering
tasks. Our experiments on MLE-Bench demon-
strate that this approach significantly outperforms
implementation-only baselines. Furthermore, by
training the Ideator with reinforcement learning us-
ing execution-based rewards, our Qwen3-8B model
achieves an 11.5% relative improvement over its
prompted counterpart and surpasses the proprietary
Claude Sonnet 3.5, successfully aligning ideation
with high-impact strategies. Our work provides a
promising training recipe for LLM agents that can
automate Al research.
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Limitations

Additional Inference Cost. The MLE-IDEATOR
framework incurs a higher inference cost than the
implementation-only agent baseline, i.e., Code-
Act (Wang et al., 2025b). When using Claude
Sonnet 3.5 for both the Implementer and IDEATOR
roles, a single run of our framework costs 1.4 USD
on average, compared to 0.9 USD for the baseline.
This increased cost stems from two primary factors:

* Additional Steps: The dual-agent system av-
erages more steps per run (17.4 vs. 15.0) due
to the introduction of the <seek_help> action
required to query the IDEATOR.

Expanded Context: To provide the IDEATOR
with sufficient history, its prompt includes the
entire agent trajectory (truncated to 32,000 to-
kens). This significantly increases the number
of input tokens per call.

We expect that this cost can be mitigated. Future
work could focus on developing summarization or
pruning techniques (Wang et al., 2025a; Mei et al.,
2025) to reduce the context length of the trajec-
tory without sacrificing the quality of the generated
ideas.

Additionally, the inference latency introduced
by ideation is minor relative to the end-to-end ML
pipeline, as each <seek_help> action is just a
lightweight LLM call compared to the far more
time-consuming code execution, model training,
and evaluation steps of each ML task.

Resource-Intensive RL Training. The reinforce-
ment learning process is resource-intensive, as cal-
culating the reward for each proposed idea requires
executing a full ML solution, which often involves
training a neural network on a GPU. In our training
setup, the reward calculation is distributed across
16 nodes, each with 8 A10G (24GB) GPUs, where
each GPU is dedicated to running the solution for
a single candidate idea (Appendix B.2). Our use of
128 A10 GPUs was a choice to accelerate reward
computation with parallel ML solution execution,
but not a strict requirement. The same procedure
can be run with fewer GPUs by executing candidate
solutions sequentially, trading off training time for
compute resources.

A primary bottleneck to scalability lies in the
requirement of a full execution to evaluate each
generated idea. To mitigate this limitation, future
work could focus on developing a proxy reward
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model. Such a model, by predicting an idea’s effec-
tiveness without costly execution (Park et al., 2025;
Anugraha et al., 2025; Wen et al., 2025), would
significantly enhance the scalability of the training
process.
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A Ideation RL Training Formulation

A.1 Step-Level RL Objective

We train the IDEATOR’s policy, 7y (a|s), which is
parameterized by a small language model with pa-
rameters 6. Following recent work, we adopt a
step-level RL paradigm for efficient training. The
objective is to find the optimal parameters 8* that
maximize the expected reward from a single-step
rollout:

0* = arg m;lX Est,\/dﬂ'e L~ (-|St) [‘Rt(a)]

where d™ represents the state distribution of the
expert coding agent. This stepwise objective is
efficient as it allows us to reuse an offline buffer of
trajectories and avoids costly multi-step rollouts.

A.2 GRPO Loss Function

We formulate our GRPO training loss func-
tion (Shao et al., 2024) as follows, while removing
the KL divergence term from the loss following
recent practice (Yu et al., 2025).
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B Training Details

with T (9) =

and Ai,j =

B.1 Training Task Selection

For training, we selected 10 tasks spanning diverse
modalities—text, image, audio, video, and tabu-
lar—whose solutions can typically be executed in
under 20 minutes. They are:

* osic-pulmonary-fibrosis-progression

* multi-modal-gesture-recognition

* chaii-hindi-and-tamil-question-answering

* mlsp-2013-birds

* google-quest-challenge

* tgs-salt-identification-challenge

* tweet-sentiment-extraction

* spaceship-titanic

e jigsaw-unintended-bias-in-toxicity-

classification
* Al4Code

Idea Type
Data Preparation
Feature Engineering
Model Architecture
Hyperparameter Tuning
Model Training
Others

Figure 3: Distribution of idea types, aggregated across
Qwen3-8B, Qwen3-8B-RL and Claude Sonnet 3.5 as
IDEATORS, paired with Claude Sonnet 3.5 as the imple-
menter.
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Figure 4: Proportion of effective ideas in each idea
type, aggregated across Qwen3-8B, Qwen3-8B-RL and
Claude Sonnet 3.5 as IDEATORS, paired with Claude
Sonnet 3.5 as the Implementer. We define an effective
idea as the performance of the refined ML solution ac-
cording to the idea is better than before.

B.2 Training Hyperparameters

We use VeRL (Sheng et al., 2025) as our RL train-
ing framework. We train the Qwen3-8B model
with LoRA (Hu et al., 2022) using a rank of 32 for
one epoch on a single node (8x A100 40GB GPUs)
with a batch size of 16 and a rollout size (G) of 8
candidate ideas per prompt. We save checkpoints
every 10 steps, selecting the best one based on vali-
dation reward. The reward calculation is distributed
across 16 nodes, each with 8 A10G (24GB) GPUs,
where each GPU is dedicated to running the solu-
tion for a single candidate idea. The total training
time is approximately 52 hours.

444



C Distribution and Effectiveness of Idea
Types

Figure 3 shows the overall distribution of ideas.
The most frequent suggestions concerned Model
Training, followed by Model Architecture and
Feature Engineering. However, frequency alone
does not imply effectiveness. We define an idea as
effective if it improved the ML solution’s perfor-
mance. As shown in Figure 4, Feature Engineer-
ing had the highest success rate (64.6%), followed
by Data Preparation (57.1%). In contrast, Model
Training, despite being the most frequent cate-
gory, was only the fourth most effective (51.1%),
while Hyperparameter Tuning was least effec-
tive (48.3%). This highlights a central insight: the
most impactful interventions often concern data
and features rather than the model itself.

D Prompt for the IDEATOR

The specific instructions provided to the IDEATOR
agent are detailed below. This prompt is designed
to guide the model in generating high-quality, ac-
tionable ideas, while also specifying the required
output format.

Idea Generation Prompt

You are a machine learning expert. Another Al
agent is struggling to improve the performance of its
machine learning solution. Your task is to analyze
the agent’s progress and provide the most effective
algorithmic idea that can significantly improve the
performance.

You will be provided with the agent’s history,
including its previous attempts and the full trajectory
of its actions.

{query}

TRAJECTORY:
{step_trace}

### Instruction

Evaluate the current trajectory, pick the **single
highest-impact next action**, and then output
**exactly three items** in this format:

ANALYSIS_ON_CURRENT_PROGRESS:
<Briefly state whether to keep refining the present
approach or revert to a prior solution and pursue a
new path.>

ACTION:
<One imperative command or code block the agent
must execute next.>

RATIONALE:
<Concise justification for why this action is optimal
\ J

right now.>

Do **not** list alternatives, background, or extra
commentary. Output nothing beyond those three
items.

E Prompt for Idea Type Classification

We utilize the following prompt to instruct Claude
Sonnet 4 in categorizing the generated ideas. The
prompt includes detailed definitions for each idea
type and provides the model with rubrics to distin-
guish between categories.

Idea Type Classification Prompt

You are a machine learning expert. Another Al agent
is working on a task and has encountered a problem.
Your goal is to analyze a proposed idea for improving
a machine learning model and classity it into one of
the specific categories defined below.

{trace}
### Proposed Idea

{idea}

Your Task:

- Review the trajectory to understand the agent’s
attempts so far to solve the task.

- Consider the problem description and the proposed
idea.

- Determine which category (from a predefined list
below) best describes the core focus of the idea.

- Provide a brief rationale for your classification.

* Data Preparation: Ideas for handling miss-
ing values, correcting errors, removing outliers, or
augmenting existing data.

* Feature Engineering: Ideas for creating new
predictive features, transforming existing features
(e.g., scaling, encoding), or selecting the most
important ones.

* Model Architecture: Ideas for switching to a
completely different type of model (e.g., from
XGBoost to a Neural Network) or changing the
fundamental structure of the current model (e.g.,
adding/removing layers).

* Hyperparameter Tuning: Ideas for systematically
searching for the best model settings (e.g., learning
rate, tree depth) to improve performance.

* Model Training: Ideas for changing the training
process (e.g., using a different loss function,
implementing cross-validation) or using new metrics
to evaluate the model.

* Others: Use this category only if the idea clearly
does not fit into any of the categories above.

Output Format:
in this format:

output **exactly two items**

TYPE: <one of "Data Preparation”, "Feature
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Engineering", "Model Architecture", "Hyperparame-
ter Tuning", "Model Training", or "Others">

RATIONALE: <briefly explain why the idea
belongs to the type above>

Output nothing beyond those two items.
. J

F Case Studies on Ideation

F.1 An Effective Feature Engineering Idea

In the random-acts-of-pizza task where numerical
features showed very low importance (~1-1.5%),
the Ideator suggested creating interaction-
based derived features such as karma_ratio,
activity_ratio, engagement_score,
text_length, and time_of_day. These fea-
tures added contextual structure that the raw values
lacked, and the Implementer’s accuracy improved
from 0.60 — 0.64.

Implementer Query

PROBLEM_STATEMENT:
Initial model shows relatively low feature
importance for numerical features, need to
improve model performance
ATTEMPTS_SO_FAR:
* Created baseline with TF-IDF text fea-
tures and basic numerical features
» Used RandomForestClassifier with de-
fault parameters
 Feature importance shows numerical
features each contributing only ~1-
1.5%
GOAL:
Identify ways to improve model perfor-
mance

\. J

Ideator Response

ANALYSIS_ON_CURRENT_PROGRESS:
Keep refining the present approach, as the
foundation with text and metadata features

is sound but needs optimization.

ACTION:

# Create derived features that capture
interaction effects:

karma_ratio = upvotes_minus_downvotes /
upvotes_plus_downvotes

activity_ratio = comments_in_raop /
total_comments

engagement_score = number_of_comments *
karma_ratio

text_length = len(request_text)
time_of_day = extract hour from
unix_timestamp

RATIONALE:

Raw numerical features show low impor-
tance because they lack context - derived
features that capture relationships between
metrics will better represent user credibility
and request quality patterns.

. J

F.2 An Ineffective Hyperparameter Tuning
Idea

In the whale-categorization-playground task, the
Implementer had already reached 72.31% MAP@5
with a ViT model and combined Focal+ArcFace
loss. The Ideator proposed further tuning ArcFace
parameters (scale, margin, alpha, gamma), but this
yielded no benefit and even reduced MAP@5 (0.30
— 0.21). This reflects a common pattern: when the
model is already near its capacity and only minor
hyperparameters remain, ideation provides limited
gains.

Implementer Query

PROBLEM_STATEMENT:
Need to further improve MAP@5 score
with current ViT + Combined Loss ap-
proach that achieved 72.31% accuracy
ATTEMPTS_SO_FAR:
» Used EfficientNet-BO/B3 with aug-
mentations (~10% accuracy)
* Implemented Focal Loss and ArcFace
separately
* Combined approach with ViT + Cus-
tom Loss (~17% accuracy initially)
* Adjusted learning rates and increased
epochs (72.31% accuracy)
* Generated valid submission file
GOAL:
Further optimize model performance by ei-
ther enhancing the current approach or ex-
ploring complementary techniques while
maintaining the valid submission format

\

Ideator Response

ANALYSIS_ON_CURRENT_PROGRESS:
The current ViT model with combined
Focal and ArcFace loss has achieved the
same accuracy as the initial ViT approach,
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suggesting the loss function may not be
optimally balanced. Further tuning of the
loss parameters or exploring advanced
regularization techniques could yield
improvements.

ACTION:

criterion = CombinedLoss(num_classes=len(
train_dataset.id_to_idx),
embedding_size=768, scale=60.0,
margin=0.3, alpha=0.5, gamma=4)
RATIONALE:
Increasing the ArcFace scale factor to 60.0
improves the margin between classes, while
adjusting alpha and gamma to 0.5 and 4 re-
spectively enhances focus on hard examples.
This directly addresses class imbalance and
improves feature discrimination, which is
critical for the task.
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