LEARNING TO WIN: A PROCESS REWARD MODEL
FOR COMPETITIVE MACHINE LEARNING AGENTS

By

Sajjad Ahmed
20366018

A thesis submitted to the Department of Computer Science
and Engineering in partial fulfillment of the requirements
for the degree of Master of Science in
Computer Science and Engineering

Department of Computer Science and Engineering
BRAC University
March 2026

(©) 2026, BRAC University
All rights reserved.



Declaration

It is hereby declared that:

1. The thesis submitted is my/our own original work while completing degree at
Brac University.

2. The thesis does not contain material previously published or written by a
third party, except where this is appropriately cited through full and accurate
referencing.

3. The thesis does not contain material which has been accepted, or submitted,
for any other degree or diploma at a university or other institution.

4. We have acknowledged all main sources of help.

Author:

Sajjad Ahmed
20366018

Supervisor:

Md. Golam Rabiul Alam, PhD

Professor, Department of Computer Science and Engineering
BRAC University

Email: rabiul.alam@bracu.ac.bd



Approval

The thesis titled Learning to Win: A Process Reward Model for Competitive Machine
Learning Agents, submitted by Sajjad Ahmed (Student ID: 20366018), has been
accepted as satisfactory in partial fulfillment of the requirements for the degree of
M.Sc. in Computer Science and Engineering at BRAC University.

Supervisor

Md. Golam Rabiul Alam, PhD
Professor, Department of Computer Science and Engineering
BRAC University

External Examiner

Dr. Chowdhury Farhan Ahmed, PhD
Professor, Department of Computer Science and Engineering
University of Dhaka

Internal Examiner

Dr. Muhammad Igbal Hossain
Associate Professor, Department of Computer Science and Engineering
BRAC University

Program Coordinator

Dr. Md Sadek Ferdous
Professor, Department of Computer Science and Engineering
BRAC University

Chairperson

Sadia Hamid Kazi, Ph.D.
Associate Professor, Department of Computer Science and Engineering

BRAC University

i



Ethics Statement

This research uses publicly available competition datasets (Kaggle) together with
anonymized agent human feedback JSON logs collected for this study. No private
personal data was collected directly from human participants. All sources were used
in accordance with their respective platform terms and citation requirements.

il



Abstract

Large Language Model (LLM)-based coding agents are increasingly deployed for
multi-step data science tasks, yet no systematic study has examined how these agents
behave across diverse competitive problems. This thesis presents a two-part investi-
gation using 194 human-supervised agent human feedback JSONs across 103 Kaggle
competitions (1,584 turns total). First, we conduct a comprehensive empirical study.
We also propose and show that process-oriented quality metrics. Second, we develop
a Process Reward Model (PRM) for data science workflows—the first application
of PRMs beyond mathematical reasoning—that predicts whether an intermediate
step will improve competition scores. Using 49 tabular features across 6 feature
groups, we train XGBoost and Light GBM baselines and conduct a full feature ab-
lation study. Code features (code length, imports, deltas) emerge as the strongest
individual tabular predictors. We further fine-tune Qwen2.5-Coder-3B with QLoRA
as a hybrid language-model-based PRM (v2), incorporating code snippets and tab-
ular features into semantic prompts, which achieves AUROC 0.656—surpassing the
best tabular baseline (0.530) by 12.6 points—by leveraging semantic content from
agent plans, reflections, and code. To establish the necessity of domain-specific fine-
tuning, we evaluate zero-shot frontier models (i.e., GPT-5, Gemini 3.0 Flash/Pro,
Llama 3.3 70B) on the same task. GPT-40 achieves the highest zero-shot AUROC
(0.709), outperforming our fine-tuned 3B model, while most other frontier models
fall to majority class prediction (AUROC 0.500). This demonstrates that while
powerful zero-shot models can reason about the task, domain-specific fine-tuning
remains valuable for smaller models, achieving competitive performance with 200x
fewer parameters. Ultimately, our research demonstrates that observable code sig-
nals are significantly more reliable than an agent’s articulated plans for predicting
success, providing a robust foundation for the development of real-time guidance
systems in competitive data science.

Keywords: Large Language Model(LLM), Agents, Process Reward Model, Re-
inforcement Learning from Human Feedback (RLHF), Data Science, Competitive
Machine Learning
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Chapter 1

Introduction

Large Language Models (LLMs) are no longer used only as assistants that produce
snippets of code on demand. Increasingly, they are embedded in agent systems that
operate over many steps: reading a task, forming a plan, writing and running code,
reacting to errors, and iterating until a measurable goal is reached. This shift matters
because multi-step work is where most real-world engineering and data science effort
lives.

Competitive data science is a particularly clear setting to study these agents. A
Kaggle-style workflow forces an end-to-end pipeline—data ingestion, cleaning, mod-
elling, evaluation, and submission—and provides an objective signal of success in
the form of a leaderboard score. At the same time, the path to a good score is rarely
linear: progress depends on a sequence of decisions, and many reasonable-looking
steps do not help (or help only after several iterations).

1.1 Background

Data science projects require more than correct syntax and boilerplate code gen-
eration. Even when the underlying programming is straightforward, success hinges
on planning and decision-making: choosing what to explore, what to ignore, which
baselines to establish, how to validate, and when to invest in feature engineering or
model changes. In practice, the hard part is often not writing code, but deciding
which code to write next given partial evidence and limited time.

This makes data science agent evaluation meaningfully different from typical soft-
ware engineering benchmarks. In many software tasks, the objective is to produce
a functionally correct patch against a relatively stable specification. In competitive
machine learning, the specification is underdetermined: the dataset is the specifi-
cation, and the objective is comparative performance. The feedback loop is also
delayed and noisy—you may only see the effect of a change after a full training run
and a submission. As a result, an agent can generate plausible code for many turns
and still fail to converge on a strong solution.

1.2 Motivation

These challenges motivate two complementary needs. First, we need empirical
evidence about how LLM agents behave in the wild: which strategies they cycle



through, what failure modes dominate, and what differentiates runs that eventually
reach meaningful scores. Benchmarks such as SWE-bench and MLE-bench have
made progress on realistic evaluation for coding and ML engineering agents [11],
[17], but competitive data science remains under-explained at the level of process.
Second, we need a way of guiding us through the steps in a data-science workflow,
which should be one that is smooth. There are Process Reward Models (PRMs) that
are a good fit: instead of only scoring the final answer, a PRM is able to grade the
intermediate steps [19]. Applying this to data science is new and tricky because the
‘ground truth’ is only revealed at the end ( leaderboard points ) and it’s entangled
up with a bunch of other variables. Still, if a PRM can pick up even a faint but
reliable preference for steps that usually lead to better scores, it is a handy tool: It
allows the agents to rank possible next moves, to skip the circular loops and focus
on the changes that really make a difference.

1.3 Research Questions

Based on these gaps, this thesis addresses the following research questions:

e RQ1: What common strategies, failure modes, and success factors appear in
the logs of LLM agents working on Kaggle competitions?

e RQ2: Can a small Process Reward Model accurately predict if an intermediate
agent step will improve the final competition score?

e RQ3: Does using a PRM to select the best step lead to better performance
on new competitions compared to standard agent generation?

1.4 Contributions

This thesis offers four main contributions to the study of machine learning and
autonomous agents:

1. Strategy classification grounded in real human feedback JSONs: In
this paper, we build a taxonomy of agent strategies and determine how strate-
gies are played out in 194 human feedback JSONs from 103 Kaggle competi-
tions. Instead of simply observing aggregate amounts, we also monitor changes
in the strategies over time and associate repeating patterns (e.g. long loops of
exploration) with downstream effects.

2. Curated human feedback JSON dataset for this study: We compile and
clean 194 anonymized agent human feedback JSONs across 103 Kaggle com-
petitions, aligning multi-turn traces, execution logs, and competition scores,
and joining available human QA annotations. This structured dataset enables
reproducible analyses within the thesis.

3. A PRM formulation tailored to data science workflows: We're making
that PRM idea, turning it into a setup where feedback is delayed, where the
success is a little relative. We define these turn—level labels by the deltas that
we observe in the score and model on an attempt to predict whether it’s likely



that an intermediate step will come before a score bump based on stuff from
the code, strategy, execution and context.

A practical evaluation framework for step selection: We present a
retrospective Best-of-N style evaluation which assesses the ability of PRM to
rank candidate steps, pitting it against random choice, PRM-led choice and
an oracle upper bound. This framework is a tangible connection between the
off-line analysis and deployable guidance in the agent loop iterations.

1.5 Thesis Outline

The rest of this thesis is organized as follows:

Chapter 2: Related Work—Reviews the broader literature on autonomous
agents, process supervision, and multi-agent frameworks.

Chapter 3: Background Studies—Explains the foundational concepts of
alignment (RLHF, DPO), Process Reward Models (PRMs), and the competi-
tive data science environment used in this research.

Chapter 4: Dataset Description and Extraction Pipeline—Explains
how we collected, processed, and labeled the agent log data.

Chapter 5: Empirical Study—Analyzes how the agents behaved, answer-
ing RQ1.

Chapter 6: Process Reward Model—Describes the design and training of
our PRM, addressing RQ2.

Chapter 7: Evaluation—Shows the test results and simulated deployments,
answering RQ3.

Chapter 8: Discussion, Limitations, and Future Work—Summarizes
what these results mean, notes the study’s constraints, and suggests next steps
for research.

Chapter 9: Conclusion—Provides a final summary of the project and its
findings.



Chapter 2

Related Work

This chapter is a survey of the recent developments in autonomous agents, process
supervision, and multi-agent frameworks putting our contribution in the context of
the larger picture of computational research. We give preference to the results of
peer-reviewed periodicals and significant conferences to create a stringent theoretical
framework.

2.1 LLM Agents for Data Science

There has been a fast development of the use of Large Language Models (LLMs) as
autonomous agents in the field of data science. A comprehensive survey by Chen
et al. [26] categorizes these agents by their role in the data lifecycle, distinguishing
between design-centric agents that plan workflows and execution-centric agents that
generate code. Their discussion indicates that a big change has occurred in single-
turn code generation to multi-step problem solving where agents have to maintain
the state, deal with errors and incorporate domain knowledge. Similarly, the Data-
wiseAgent framework [27], presented at EMNLP 2025, introduces a notebook-centric
architecture that treats data science tasks as state transitions. This enables more
powerful long-horizon planning than in the case of earlier, stateless conversation
models.

2.2 Process Reward Models and Supervision

Although outcome-based supervision has been the primary generator of reinforce-
ment learning, more recent observations have shifted their focus to Process Reward
Models (PRMs) which consider intermediate progressions. Lightman et al. [19]
has shown the effectiveness of PRMs when it comes to mathematical reasoning and
demonstrated that step-by-step verification essentially minimizes the number of log-
ical errors. Continuing on the topic of this to code generation, Wang et al. [24]
suggested the Outcome Refining Process Supervision (ORPS) framework. Process
and outcome rewards are merged in their work with the help of executable veri-
fication which is used to self-criticize generated code by means of tree-structured
search. This technique brought significant enhancements to code correctness and
efficiency, indicating dense and execution-sensitive feedback is better than sparse
outcome feedback in tasks of complex engineering.



This was further formalized by Ma et al. [20] as Process Supervision-Guided Policy
Optimization. The limited nature of rewards in reinforcement learning is addressed
in their research through the use of PRMs to give a line-level feedback in the gen-
eration of code. These dense rewards were added to the value function initialisation
to enable them to perform better in long-horizon problems, which supports the
hypothesis that multi-step reasoning requires granular evaluation.

2.3 Multi-Agent Frameworks and Orchestration

The multi-agent architectures that separate responsibilities have also been encour-
aged by the complexity of data science workflows. Huang et al. [15] came up
with AgentCoder, which divides the issues into dedicated roles that include: a pro-
grammer, a test designer, and a test executor. This specialization of roles enables
refinement loops of a high degree of iteration, which are hard to accomplish with
one big agent. The MARSYS platform [25] , similarly, offers an orchestration layer
to manage teams of specialized agents, as in the case of MARSYS platform. By
specifying formalised collaboration procedures between research, analysis and veri-
fication agents, MARSYS proves the claim that modular systems can more reliably
support more complex work processes than baseline single agents.

All of these developments lead to a scenario in the future where autonomous data
science is motivated by specialised, process-sensitive agents with the ability to self-
correct and to plan in the long term. We base our work on such foundations and
present a specialized PRM of competitive data science, the gap between domain-
independent reasoning and domain-dependent execution evaluation.



Chapter 3

Background Studies

This chapter elaborates the conceptual, methodological and platforms upon which
our research is based. We describe the alignment algorithms, process reward model
architecture, and the data science environment (competitive) of evaluation.

3.1 Alignment and Preference Learning

Traditionally, language models are trained to predict the next token, although such
is not a goal that ensures helpfulness or safety. Alignment methods are used to
direct the model behavior in accordance with the human intent.

3.1.1 Reinforcement Learning from Human Feedback (RLHF)

Standard RLHF [2], [5] involves three steps: (1) supervised fine-tuning (SFT) of
an underlying model; (2) training a reward model (RM) on human preference pairs
(between better and worse responses); and (3) the policy is optimized by using
Proximal Policy Optimization (PPO) against this reward model. Although effective,
RLHF is computationally expensive and can be hacked [6] during rewards provision.

3.1.2 Direct Preference Optimization (DPO)

Direct Preference Optimization (DPO) by Rafailov et al. [10] was developed to
deal with the complexity of PPO. DPO is an implicit maximization of the reward
function and consists in considering the language model as the reward model. It
reduces a classification loss on preference pairs, avoiding the existence of a distinct
reward model and a reinforcement learning loop. Azar et al. [7] with IPO and
Ethayar et al. [12] with KTO have expanded this method to enhance stability and
data efficiency, respectively.

3.1.3 Scalable Supervision (RLAIF)

Due to the inability of human annotation to scale, Al feedback (RLAIF) [4], [9]has
become a target of research. In this case, the preferences/critiques are created
based on a powerful teacher model, and they are fed into the target model. Our
work is based on this technique, where we do not use large-scale human labeling,
but automated signals (competition scores and automated judges).



3.2 Process Reward Models (PRMs)

Single scalar score of a final output is offered by standard reward models (Outcome
Reward Models, or ORMs). Process Reward Models (PRMs) on the other hand score
intermediate reasoning in between. Mathematically, given a human feedback JSON
T = (81,a1,S9,a9,...,57), a PRM estimates the value V(s;) or quality Q(s;, a;)
of each step. Lightman et al. [19] demonstrated that this granular feedback is
important in multi-step reasoning tasks such as mathematics, where one initial error
can annul the long sequence of correct subsequent steps.

While most prior PRM work targets domains with relatively explicit and verifi-
able intermediate correctness (e.g., mathematical reasoning), competitive machine
learning and data science workflows differ in three ways. First, intermediate steps
such as exploratory analysis, data cleaning, feature engineering, or hyperparame-
ter tuning are rarely “correct” or “incorrect” in isolation; their value is revealed
only through delayed outcomes (training curves, validation metrics, and ultimately
a scored submission). Second, the state is intrinsically multi-modal: beyond natural
language plans and reflections, the decisive signals are often contained in executable
artefacts (code snippets, library imports, execution success, runtime, and observed
score deltas). Third, evaluation is relative and task-specific: what improves one
competition can regress another, so a useful PRM must learn preferences that gener-
alise across heterogeneous competitions while remaining sensitive to context such as
submission budgets and score directionality. These properties motivate a domain-
specific PRM formulation for competitive machine learning workflows, where the
model consumes both text and code-derived features and predicts whether a step is
likely to precede measurable score improvement.

3.3 Competitive Data Science Environment

We assess the agents in the framework of Kaggle competitions [18]. There are specific
challenges in this platform to the typical software engineering benchmarks:

e Objective Metrics: Success is defined by a specific scoring metric (e.g.,
RMSE, LogLoss, Accuracy) calculated on a hidden test set.

e Underspecified Tasks: Contrary to unit-test-driven development it is not
known what the correct solution is. The feature space and model architectures
should be investigated in order to identify the best solution.

e Resource Constraints: Solutions are constrained by runtime limits (typi-
cally 9 hours) and hardware availability (GPU/TPU quotas).

3.4 Agent Architectures

We are using the MLE-bench framework as an implementation of the data science
agent loop formalization in the form of MLE-bench framework [11]. The agent runs
in a read evaluate print loop (REPL):

1. Observation: The agent scans the description of competition, file system, and
the logs of the past executions.



2. Thinking: It devises a course of action and contemplates the past results.

3. Action: It creates code (Bash or Python) to run.

4. Execution:The code executes in a sandbox environment giving back either
stdout /stderr or competition score.

This construction cycle reflects the ReAct (Reason+Act) paradigm, with the oppor-
tunity of self-correcting and making dynamic changes depending on feedback.



Chapter 4

Dataset Description and
Extraction Pipeline

This chapter describes the data that we employed in our empirical study. It includes
the source of the agent logs, how we retrieved the data and how we verified it, as
well as the structure of the end result, the dataset. This data is used to analyse in
Chapter 5 to Chapter 7.

4.1 Data Sources

4.1.1 Human feedback JSON Data

The primary dataset refers to 194 cleaned JSON files of logs of the agents. The last
dataset contains 194 distinct agent execution that we refer to as human feedback
JSONSs after the elimination of duplications and confirmation that there are no lost
instances. These paths represent 103 various competitions at the Kaggle platform
[18].

Human feedback quality controls

To assess and improve the quality of the human-supervised traces used in this thesis,
we applied quality controls at three levels:

e Structural validation and cleaning: we removed duplicates, verified that
each human feedback JSON was complete (no missing turns/artifacts), and
excluded corrupted or partially logged runs. This ensures that downstream
feature extraction (plans, reflections, code, execution logs, and scores) is con-
sistent.

e Expert review signals (QA reports): for 79 trajectories, human reviewers
provided turn-level QA reports across multiple dimensions (Table 4.1). These
scores provide an explicit record of expert judgement on technical soundness,
dataset usage, and reflection—code alignment, and allow us to analyse where
human-perceived quality diverges from measured score outcomes (Chapter 5).

e Validation of derived annotations: because some labels in our pipeline
(e.g., strategy intent) are algorithmically inferred, we performed manual spot-



check validation on a random sample of turns (Section 4, Methodological Vali-
dation) to verify that derived labels are reasonable and to characterise expected
noise.

Importantly, we retain both successful and failed trajectories in the dataset to
support a realistic analysis of agent failure modes (e.g., exploration loops and no-
submission runs), rather than filtering the corpus to only high-scoring outcomes.

Figure 4.1: Data preperation process.

Overview of the RLHF Data Collection Pipeline

This Fifure in 4.1 illustrates a structured data collection pipeline designed to gener-
ate a high-quality human feedback dataset (typically formatted in JSON) for Rein-
forcement Learning from Human Feedback (RLHF). The primary goal of this pro-
cess is to align a Large Language Model (LLM) with expert-level problem-solving
in machine learning tasks.

The workflow can be broken down into the following key stages:

e Task Curation & Benchmarking: The pipeline originates with real-world,
complex problems sourced from Data Science competitions. These challenges
are formalized to populate the OpenAl MLE-Bench (Machine Learning Engi-
neering Benchmark), providing a rigorous set of tasks for evaluation.

e Model Generation: The target LLM attempts the benchmarked tasks, gen-
erating an initial proposed solution, denoted in the diagram as the LLM Ap-
proach € Code.

10



e Expert Human Evaluation: This model-generated output is routed to ex-
pert ML Engineers. The engineers review, evaluate, and potentially correct
the model’s work.

e Feedback Aggregation: The ML Engineers then submit their refined, gold-
standard solutions and evaluations—the Human Approach & Code—directly
into a centralized Training Platform. The Training Platform also orchestrates
the distribution of the MLE-Bench tasks to both the LLM and the engineers.

e Dataset Compilation: Finally, the Training Platform compiles the bench-
mark tasks, the model’s initial outputs, and the expert human corrections
into a structured Human Feedback Dataset. This dataset serves as the foun-
dational truth for RLHF, used to fine-tune the LLM to write better code and
approach ML engineering problems more accurately.

Every human feedback JSON captures a protracted engagement in which an agent
solves a data science issue. The process works like this:

e The description of a Kaggle competition and the corresponding dataset is given
to the agent.

e In every turn, the agent provides a structured response which consists of:

— Analysis: A review of the dataset and the problem goals.
— Plan: A step-by-step list of what the agent wants to do next.
— Proposed Code: Python code written to carry out the plan.

Reflection: The agent’s own check of whether its plan and code make
sense.

Revised Plan: A new plan, created if the agent notices an error during
reflection.

— Finalized Code: The code the agent actually decides to run.

e A safe, isolated environment runs the finalized code. The system records the
standard output, any error messages, and how long the code took to run.

e When the agent submits a final prediction, a scoring system returns the com-
petition score and indicates if the score qualifies for a bronze, silver, or gold
medal.

4.1.2 Quality Assessment (QA) Reports

We also included 79 human-written Quality Assessment (QA) reports. Human re-
viewers read the agent’s outputs and graded them. Reviewers scored each turn on
a scale from 1 to 5 across twelve quality dimensions, detailed in Table 4.1.

4.1.3 Dataset Statistics

Table 4.2 shows the main numbers for our final, cleaned dataset.
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Table 4.1: Quality Assessment (QA) dimensions and evaluation criteria.

Dimension

Criteria

technical_soundness

Correctness and idiomatic use of code, methods, and
libraries.

reflection_quality

Depth, insight, and coverage of self-critique regarding
the plan and execution.

dataset_usage

Appropriate data handling, including correct splits and
avoidance of leakage.

instruction_following

Adherence to user constraints, format requirements, and
workflow instructions.

plan_reflection_consistency

Logical alignment between the stated plan, the reflec-
tion, and the revised plan.

code_output_consistency

Match between the described intent/expected output
and the actual code behavior.

factuality

Accuracy of statements made about the code, data, or
results.

reflection_code_alignment

Whether the reflection accurately describes the imple-
mented code.

human_edit_coherence

Consistency of human edits with the original agent in-
tent (for edited turns).

assistant_generation_integrity

Completeness of the response, including proper format-
ting and lack of truncation.

gpt_provenance

Absence of specific “As an AI” refusals or identity dis-
closures.

data_leakage

Explicit check for use of test data during training or
validation.

Table 4.2: Dataset statistics after removing duplicates and validating the files.

Metric Value
Total conversational turns 1,584
Unique agent human feedback JSONs 194
Unique Kaggle competitions 103
Unique human annotators 24
Turns yielding competition scores 268
Turns accompanied by QA data 550
Average turns per human feedback JSON 8.2
Human feedback JSONs concluding with scores | 144 (74.2%)
Human feedback JSONs failing or unscored 50 (25.8%)
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4.1.4 Competition Typology Distribution

To classify the Kaggle competitions by the keywords in the competition titles we
divided them into the following four main categories: Tabular (predicting num-
bers or categories based on the spreadsheets), Image (processing images or medical
scans), NLP (text processing or question-answering), and Audio (speech recogni-
tion or sound recognition). Table 4.3 shows how these types are split across the
competitions, human feedback JSONs, and individual turns.

Table 4.3: Distribution of competition types. Tabular data problems make up the
majority of the dataset.

Typology | Comp. | % | Traj. | % | Turns | %
Tabular 62 60.2 96 49.5 798 50.4
Image 25 24.3 50 25.8 368 23.2
NLP 14 13.6 45 23.2 396 25.0
Audio 2 1.9 3 1.5 22 1.4
Total 103 100 194 100 1584 {100

Tabular competitions comprise the largest portion of our data (60% of the unique
competitions, 50% of the total turns). Image tasks are the second most common
with 24%. While NLP tasks only constitute 14% of the competitions, they constitute
25% of the turns. This means agents usually took more steps to complete text-
based problems. Audio tasks are very rare in this dataset with only 2 competitions
included.

4.2 Extraction and Parsing Pipeline

We wrote a Python script to get the data out of the raw JSON logs and QA reports.
The script turns all this information into one CSV file, with 47 data columns for
each turn. The steps of this extraction are provided below.

4.2.1 Score Resolution and Normalization

The script looks at several places in the JSON file in order to find the competition
score for a particular turn:

1. execution.score
2. execution.output.test_fitness
3. execution.output.grading report.score

After finding the scores, the script is used to calculate the difference, or delta,
between each turn. Because some competitions care about getting a high score
(when it comes to accuracy, for example) and others want a low score (when it
comes to the rate of errors), the script changes these values so that a positive delta
will always mean that the agent’s performance improved.
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4.2.2 Strategic Intent Classification

In order to understand what the agent is doing at each step we came up with a rule-
based classifier. This tool examines the words that the agent speaks and determines
which strategy category the turn belongs to one of nine strategy categories. If the
tool is not able to categorise the text, it categorises the turn as unknown. The
categories are defined in Table 4.4.

Table 4.4: Strategy categories and definitions used in the rule-based classifier.

Strategy Description

exploration Initial data inspection, checking file structures, shape,
info, and description.

preprocessing Cleaning data, handling missing values, encoding cate-
gorical variables, and scaling features.

feature_engineering Creating new features, transformations (log, polyno-
mial), and dimensionality reduction.

baseline model Training simple initial models like Logistic Regression
or Dummy Classifiers.

model _upgrade Switching to more complex models (e.g., XGBoost,

LightGBM, Neural Networks).

hyperparameter_tuning | Optimizing model parameters using grid search, random
search, or frameworks like Optuna.

ensemble Combining multiple models via stacking, blending, or
voting.

debugging Fixing code errors, handling exceptions, and trou-
bleshooting runtime failures.

submission Generating and saving final prediction files for competi-

tion submission.

4.2.3 FError Taxonomy

In situations where the code of the agent does not execute, the script will read the
error message and place it under a standard error category which will be defined in
Table 4.5.

4.3 Methodological Validation

In order to ensure that our strategy classifier was functioning properly we randomly
picked out 194 turns and verified them manually. We ensured that this random
sample had the same distribution of strategy labels and competition types as in the
main dataset. By hand checking these, we were able to verify that we were correct
in our rules and in cases where any mistake the script was making was constant.
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Table 4.5: Taxonomy of execution errors identified in agent traces.

Error Type Description

timeout Execution exceeded the allowed time limit.
memory_error | Out of memory (OOM) or CUDA out of memory errors.
syntax_error | Code parsing failures due to invalid Python syntax.
import_error | Failures to import modules or missing dependencies.

type_error Operations applied to inappropriate data types.

value error Operations receiving arguments of correct type but in-
appropriate value.

key_error Attempts to access non-existent dictionary keys.

index_error Attempts to access list indices out of range.

runtime_error | Generic runtime exceptions not covered by other cate-
gories.

other_error Unclassified or miscellaneous errors.

4.4 Final Output Artifact

The extraction script outputs a single CSV file containing data for all 1,584 turns,
with 47 specific features recorded for each turn. We use this CSV file for all the
tests and modeling in the rest of the thesis. It is the basis for the behavioral study
in Chapter 5, the Process Reward Model in Chapter 6, and the final evaluations in
Chapter 7.
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Chapter 5

Empirical Study

This chapter presents an empirical analysis of LLM agent behaviour in competi-
tive data science. We analyse strategy distributions, outcome patterns, transition
dynamics, score progression, failure modes, cross-annotator variability, and the re-
lationship between question—answer (QA) quality metrics and competition scores.
The findings address RQ1: What strategy patterns, failure modes, and success factors
characterize LLM agent human feedback JSONs in competitive data science?

5.1 Strategy Distribution

We analysed 1,583 annotated strategy steps across the collected human feedback
JSONSs. Table 5.1 presents the distribution of strategy types observed in the dataset.

Table 5.1: Distribution of strategy types across all annotated steps.

Strategy Count Percentage
exploration 521 32.9%
submission 283 17.9%
preprocessing 215 13.6%
hyperparameter_tuning 151 9.5%
unknown 114 7.2%
baseline_model 83 5.2%
model_upgrade 79 5.0%
debugging 51 3.2%
feature_engineering 44 2.8%
ensemble 43 2. 7%
Total 1,583 100.0%

Exploration dominates the strategy distribution at 32.9%, followed by submission
(17.9%) and preprocessing (13.6%). Modelling-related strategies (baseline_model,
model_upgrade, ensemble) together account for 12.9%, while hyperparameter_tuning
and feature_engineering represent 9.5% and 2.8% respectively. The prominence of
exploration reflects the iterative, exploratory nature of competitive data science
workflows.
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5.2 Outcome Distribution

Table 5.2 summarises the distribution of competition outcomes across 194 human
feedback JSONs. We obtained competition-level thresholds (gold_threshold, silver_threshold,
bronze_threshold, median threshold) from two sources: (1) the grading report
inside the execution.output of submit turns for 17 competitions, and (2) Kaggle
API leaderboards for 69 additional competitions, where we calculated thresholds as
top 10% (gold), top 20% (silver), top 40% (bronze), and median (50th percentile).
For each human feedback JSON, we iterate over every turn where tool_type is
"submit" and compare execution.score against these thresholds, accounting for
score direction (is_lower better). When a human feedback JSON contains mul-
tiple submissions, we assign the highest achievement using the precedence: gold >
silver > bronze > above_median. This methodology provides threshold coverage for
176 out of 194 human feedback JSONs (90.7%).

Table 5.2: Distribution of competition outcomes across human feedback JSONSs.
Medal classifications are determined by comparing execution.score against com-
petition thresholds from MLE-bench grading reports and Kaggle API leaderboards;
the highest medal across all submissions in a human feedback JSON is used.

Outcome Count Percentage
below_median 106 54.6%
no_score 50 25.8%
gold 19 9.8%
above_median 14 7.2%
bronze 3 1.5%
silver 2 1.0%
Total 194 100.0%

Having both grading report and Kaggle API data on the threshold, we find that
19.6% of the human feedback JSONs were performing within the medal range
(gold, silver, bronze, or above-median), and 54.6% were below the median thresh-
old. One quarter (25.8%) got no score whatsoever. It is worth noting that 19
human feedback JSONs (9.8 percent) had gold medals with person 19 and person
11 respectively having 5 and 3 gold medals respectively. This focus indicates that
the knowledge of annotators has a significant effect on agent performance. The
gold-medal competitions span diverse domains including computer vision (aerial-
cactus-identification, denoising-shabby-pages, dogs-vs-cats-redux, invasive-species-
monitoring, leaf-classification, plant-pathology-2020), natural language processing
(detecting-insults-in-social-commentary, linking-writing-processes-to-writing-quality,
Imsys-chatbot-arena), and tabular prediction (netflix-appetency, nomad2018-predict-
transparent-conductors, tabular-playground-series-feb-2022). Two human feedback
JSONs achieved silver medals and three achieved bronze. Figure 5.1 visualises this
distribution.

Medal outcomes are determined by comparing submission scores against compe-
tition thresholds from MLE-bench grading reports and Kaggle API leaderboards.
This skewed distribution highlights the difficulty of achieving strong performance in
competitive data science, even with LLM assistance.
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Figure 5.1: Outcome distribution across 194 agent human feedback JSONSs.

5.3 Strategy Transition Analysis

On examining the sequence of the agents strategies, we are able to find apparent
differences between a successful and a failed run. A successful agent typically follows
a rational sequence of actions: It has to start by scanning the data (exploration),
cleanse it (preprocessing), develop a simple model (baseline model), optimize it
(model upgrade), assemble models (ensemble), and eventually submit the work (sub-
mission). Conversely, the agents which fail tend to stick. They keep playing round
after round with the data and never proceed on to model creation or submission.

Figure 5.2 represents the probability of an agent to change strategies. The dark
squares imply that there is more frequent transition. As indicated in the map, the
agents often switch between exploration and exploration or preprocessing and explo-
ration. Changes leading to final modelling and submission occur far less frequently.

5.4 Score Progression and Diminishing Returns

We tracked how the agents’ competition scores changed as they completed more
turns. We found two main trends:

1. Peak improvement at turn 10: Agents usually see their biggest jump in
score around the 10th turn.

2. Saturation at turn 11: After turn 11, the scores mostly stop improving.
Even if the agent keeps trying new things, the gains are very small.

Figure 5.3 graphs the average score at each turn. Figure 5.4 provides a closer look
at how the score improvements level off as the agent takes more steps.
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Figure 5.2: Heatmap of strategy transition probabilities. Rows indicate source strat-
egy; columns indicate target strategy.

Figure 5.3: Overall score progression across agent turns.
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Figure 5.4: Diminishing returns in score improvement beyond turn 11.

5.5 Cross-Annotator Comparison

Among the collected data, 39 competitions contained multiple human feedback
JSONs annotated by different annotators. Comparison of these human feedback
JSONSs reveals that different annotators achieved different outcomes when working
on the same competition. This variability suggests that agent behaviour and success
are sensitive to the specific instructions, framing, or interaction patterns employed
by each annotator, highlighting the importance of prompt design and human-agent
coordination in competitive data science settings.

5.6 QA Quality—Score Correlation

We investigated whether question—answer (QA) quality metrics correlate with com-
petition scores. Among the QA dimensions analysed, reflection_code_alignment
exhibited the strongest correlation with score: p = —0.24 (p = 0.03). All observed
correlations had |p| < 0.25, indicating weak associations between QA quality assess-
ments and actual competition performance. Figure 5.5 illustrates the distributions
of QA metrics across human feedback JSONs.

The weak correlations suggest that QA quality, as assessed through reflection and
code alignment, does not strongly predict competition outcomes. This finding has
implications for using such metrics as proxies for step-level or human feedback JSON-
level productivity.

5.7 Key Findings
The empirical study yields five principal findings:

1. Exploration dominance: Exploration is about 33% of strategy steps. The
agents devote an unreasonable share of effort to data and problem exploration
compared to modelling, tuning, and submission.
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Figure 5.5: Distributions of QA quality metrics across human feedback JSONs.

2. Submission gap: Large proportion of runs does not give a valid submission.
On the whole, 25.8% of human feedback JSONs (50 out of 194) will receive no
score, which corresponds to agents that do not advance towards exploration
and modelling to generate a valid and submitting solution.

3. Diminishing returns after turn 10: The highest score improvement is at
turn 10 and levels off at turn 11. Even further on, there are few gains to be
attained on more steps by the agent.

4. Strategy sequence matters: Successful human feedback JSONs follow a co-
herent progression (exploration — preprocessing — baseline_model — model_upgrade
— ensemble — submission). Failed human feedback JSONs often remain stuck
in exploration loops.

5. QA quality # score quality: QA quality metrics (including reflection_code_alignment)
show only weak correlations with competition scores (|p| < 0.25). High QA
quality does not reliably indicate high competition performance.

These findings motivate the Process Reward Model described in Chapter 6, which
aims to provide intermediate guidance to steer agents toward productive strategies
and away from unproductive exploration loops.
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Chapter 6

Process Reward Model

This chapter presents the Process Reward Model (PRM), which predicts whether
an LLM agent’s next scored submission will improve its competition score. We
formulate the task, describe feature engineering over six groups totalling 49 features,
detail label construction and train/test splits, compare XGBoost and Light GBM
baselines with an LM-based PRM, and report ablation studies on feature group
contributions.

6.1 Problem Formulation

Given the state of a human feedback JSON at turn N—including the agent’s plan,
reflection, execution result, and current score—we predict whether the competition
score will improve on the next scored submission. Formally, given a feature vector
xy extracted from turn N, we predict a binary label yy € {0,1}, where yy = 1
indicates improvement and yy = 0 indicates no improvement (or regression). This
formulation enables real-time guidance: an agent can use the PRM to assess whether
its current human feedback JSON state is likely to lead to score improvement before
committing to a submission.

6.2 Feature Engineering

We engineer 49 features organised into six groups, summarised below.

6.2.1 Feature Groups

1. Code features (5): code_length, finalized code_length, num_imports, code_length_delta,
finalized_code_delta. These capture the size and evolution of the agent’s code.

2. Strategy features (20): One-hot encoding of the current and previous turn
strategy across 10 categories, yielding 20 binary indicators. Categories in-
clude exploration, submission, preprocessing, hyperparameter_tuning, base-
line_model, model upgrade, ensemble, feature_engineering, debugging, and un-
known.

3. Execution features (6): exec_success, exec_time, has_error, is_submit, prev_exec_success,
prev_has_error. These reflect whether the last execution succeeded, how long
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it took, whether an error occurred, and whether it was a submission attempt.

4. Context features (5): turn.ratio, turn_number, submits_remaining, cur-
rent_score_normalized, has_think block. These encode position in the human
feedback JSON and remaining submission budget.

5. Text length features (5): plan_length, reflection length, analysis length,
plan_length _delta, reflection_length _delta. These capture the length and evo-
lution of plan, reflection, and analysis text.

6. QA features (8): technical soundness, reflection_quality, dataset_usage, in-
struction_following, plan_reflection_consistency, code_output_consistency, fac-
tuality, reflection_code_alignment. These are human-annotated quality assess-
ments of the agent’s outputs.

6.2.2 Label Construction

We obtain 175 turns with valid PRM labels. The binary distribution is: improved
118 (67.4%) and not improved 57 (32.6%). A three-class variant distinguishes
improve (118), flat (35), and regress (22).

6.2.3 Train/Test Split

To avoid leakage across human feedback JSONs, we split by competition rather
than by human feedback JSON. The training set comprises 138 samples from 53
competitions; the test set comprises 37 samples from 14 held-out competitions.

6.3 Model Architectures

6.3.1 XGBoost Baseline

We use XGBoost [1] as a gradient-boosted decision tree baseline. Hyperparameters:
n_estimators=200, max_depth=4, learning rate=0.05. We apply scale _pos_weight
to handle class imbalance. Model selection uses 5-fold stratified cross-validation.

6.3.2 LightGBM Baseline

For fair comparison, we train a Light GBM [3] model with equivalent hyperparame-
ters: n_estimators=200, max depth=4, learning rate=0.05, plus class balancing.

6.3.3 LM-based PRM

We fine-tune Qwen2.5-Coder-3B as an LM-based PRM using sequence classifica-
tion. The input is a structured text prompt containing the competition name,
turn number, strategy, plan, reflection, and execution result; the output is a binary
classification (improve vs. no improve). Training uses 4-bit NF4 quantization with
QLoRA [8] (LoRA rank r = 16, o = 32, dropout 0.05), targeting the ¢, k, v, and o
attention projections. We train for 5 epochs with learning rate 2 x 1074, effective
batch size 16 (batch 2 x gradient accumulation 8), and FP16 mixed precision on
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an NVIDIA RTX 5070 (8.5 GB VRAM). The trainable parameter count is 7.4M
(0.24% of 3.1B total).

6.3.4 Improved Hybrid Architecture (LM PRM v2)

Building on the initial LM-based PRM (v1), we developed an improved ”Hybrid”
architecture (v2) to address the semantic gap. The v1 model relied solely on plan
and reflection text, ignoring the actual code produced by the agent. The architec-
ture in Figure 6.1 revolves around a fine-tuned Qwen2.5-Coder-3B language model
operating as a Process Reward Model. While the study initially tested standard
tree-based baselines like XGBoost and Light GBM |, the final "hybrid” version (v2)
takes a much more semantic approach. It feeds the model a structured prompt con-
taining the agent’s strategy, written plan, and self-reflection , but critically mixes
in up to 400 characters of actual code and explicit numerical features directly into
the text.

Figure 6.1: Hybrid LM-PRM architecture.

The v2 model enriches the prompt with two key additions:

e Code Snippets: We include up to 400 characters of the agent’s finalized code
(or proposed code). This provides direct visibility into implementation details,
allowing the model to distinguish between ”good plans with bad code” and
"good plans with good code.”

e Explicit Tabular Features: We inject high-value numeric signals directly
into the text prompt, including code_length_delta, num_imports, submits_remaining,
and current_score_ normalized. This hybrid approach leverages the strengths
of tabular features (identified in Section 6.4.2) within the semantic context of
the LM.

The input sequence length was increased from 512 to 1024 tokens to accommodate
these additions.
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Algorithm 1 Hybrid LM-PRM Training Phase

1:

>

10:
11:
12:
13:

14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

Input: Training dataset D = {(xl,yl)}g1 where x; contains (Strategy, Plan,
Reflection, Code, Tabular Features) and y; € {0, 1}

: Parameters: Pre-trained Model My (Qwen2.5-Coder-3B), Learning rate 7,

LoRA rank r, Epochs F

Output: Fine-tuned PRM Mj-

Initialize LoRA adapters A# for attention modules (W, Wy, W,, W,) with rank
r

Freeze base model parameters 6
etrainable — A0
for epoch e =1 to E do
Shuffle D
for batch B € D do
Construct prompts Pg from xp using template:
"Context: ... Plan: ... Code: ... Features: ..."
Tokenize Pp with truncation to max_length=1024
Forward pass: g = 0(Mpiae(Pp)) > Sigmoid activation on last token
logits
Compute Loss: £ = BinaryCrossEntropy(yz, y5)
Backward pass: Compute gradients VgL
Update adapters: Af <— A0 — nVasLl
end for
Evaluate My, a9 on Validation Set
if Validation AUROC improves then
Save checkpoint 0* < 6 + A0
end if
end for
return M-
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6.4 Results

6.4.1 Baseline Performance

Table 6.1 reports test-set accuracy, F1, and AUROC for the majority baseline, XG-
Boost PRM, Light GBM PRM, and the LM-based PRM. Cross-validation AUROC
(CV-AUROC) is also given for the tree-based models.

Table 6.1: PRM test set performance (37 samples from 14 held-out competitions).
The LM-based PRM achieves the highest AUROC, surpassing both tabular base-
lines. CV-AUROC from 5-fold stratified cross-validation on training set.

Model Acc F1 AUROC
Majority Baseline 0.7297 0.8438 0.500
XGBoost PRM 0.7297 0.8276 0.530
CV-AUROC — 0.595
LightGBM PRM 0.6757 0.7857 0.504
CV-AUROC — 0.595

LM PRM (Qwen2.5-Coder-3B) 0.7568 0.8525 0.637

The majority baseline achieves high accuracy and F1 because the positive class
(improvement) is dominant (67.4%). Both XGBoost and Light GBM achieve similar
CV-AUROC (0.595), but test AUROC remains modest (0.530, 0.504), indicating
limited generalisation to unseen competitions. In contrast, the LM-based PRM
achieves the highest test AUROC (0.637), surpassing tabular baselines by +10.7
and +13.3 AUROC points respectively. The LM PRM also achieves the highest
accuracy (0.757) and F1 (0.853), demonstrating the value of incorporating semantic
content from plans, reflections, and code into the prediction model.

6.4.2 Feature Importance

XGBoost top 5 features by importance (gain): strat_prev_exploration (0.096),
strat_current baseline model (0.086), strat_current hyperparameter_tuning
(0.063), analysis_length (0.052), finalized code_length (0.044).

Light GBM top 5 features by split count: code_length (117), finalized code_length
(99), analysis_length (78), turn number (71), current_score normalized (69).
Strategy and code-related features dominate in both models, aligning with the em-
pirical findings in Chapter 5 that strategy sequence and execution outcomes matter
for success.

6.5 Feature Ablation Study

We perform two ablation studies: (1) removal ablation—remove one feature group
at a time from the full model; (2) single-group ablation—train using only one
feature group.
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6.5.1 Removal Ablation

Table 6.2 shows accuracy and F1 when each feature group is removed. Removing
code features causes the largest drop for both XGBoost and Light GBM. Removing
execution, context, or text length yields little or no degradation (and in some cases
slight improvement, possibly due to overfitting reduction).

Table 6.2: Removal ablation: performance when each feature group is excluded from
the full model.

Configuration XGBoost LightGBM
Acc F1 Acc F1

None (full) 0.730 0.828 0.676 0.786

Code removed 0.622 0.741 0.622 0.731

Strategy removed 0.703 0.807 0.703 0.807
Execution removed  0.730 0.828 0.676 0.786
Context removed 0.730 0.828 0.649 0.764
Text length removed 0.757 0.848 0.757 0.842
QA removed 0.757 0.848 0.703 0.807

6.5.2 Single-Group Ablation

Table 6.3 reports performance when training with only one feature group. Code
features alone achieve the highest accuracy (0.730) for XGBoost, indicating they
are the most individually predictive. Text length and context groups contribute
least when used in isolation.

Table 6.3: Single-group ablation: performance when training with only one feature
group.

Configuration XGBoost LightGBM
Acc F1 Acc F1

Code only 0.730 0.821 0.649 0.764
Strategy only 0.676 0.793 0.595 0.706
Execution only  0.568 0.714 0.595 0.727
Context only 0.622 0.720 0.514 0.609
Text length only 0.514 0.591 0.541 0.605
QA only 0.676 0.800 0.703 0.800
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6.5.3 Key Finding

Code features are the most predictive individually (0.730 accuracy for XG-
Boost with code only). Removing code causes the largest drop across both models.
In contrast, text length and QA features contribute least: removing them improves
or maintains performance, and using them alone yields the lowest accuracy. This
suggests that code-derived signals (length, structure, deltas) are more reliable pre-
dictors of future score improvement than human-annotated QA metrics, consistent
with the weak QA—score correlations reported in Chapter 5.
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Chapter 7

Evaluation

This chapter presents the evaluation framework and results for the Process Re-
ward Model (PRM) developed in Chapter 6. We adopt a retrospective evaluation
approach, assessing whether the PRM correctly ranks improving turns above non-
improving turns across held-out test human feedback JSONs. The findings address
RQ2: Can a PRM predict which intermediate steps in an agent human feedback
JSON will lead to competition score improvement?

7.1 Evaluation Framework

We employ a retrospective evaluation approach rather than live generation. This
design choice ensures reproducible comparisons and isolates the predictive quality
of the PRM from confounding factors such as sampling variance and environment
stochasticity.

The evaluation procedure proceeds as follows:

1. For each test human feedback JSON, the PRM assigns a probability of im-
provement to every turn.

2. We measure whether the PRM correctly ranks improving turns higher than
non-improving turns.

3. We compare three selection strategies: random selection (baseline), PRM-
guided selection (choosing the turn with the highest predicted probability),
and oracle selection (upper bound, selecting the truly best turn when im-
provement occurs).

7.1.1 Metrics

We report three complementary metrics to characterise PRM performance:

e Concordance: The fraction of (improving, non-improving) turn pairs within
each human feedback JSON for which the PRM assigns a higher probability
to the improving turn than to the non-improving turn. Concordance indicates
pairwise ranking quality.

e Best-Pick Accuracy: When selecting the turn with the highest PRM score
per human feedback JSON;, the proportion of human feedback JSONs for which
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that turn is actually improving. This reflects the utility of the PRM for guiding
best-of-n selection.

e Test AUROC: The area under the receiver operating characteristic curve
on the held-out test set, summarising the overall discriminative ability of the
PRM to distinguish improving from non-improving turns.

7.2 Results

Evaluation is performed on 8 test human feedback JSONs drawn from 8 held-out
competitions. The test set comprises 37 samples (turns) with binary improvement
labels derived from observed score deltas.

7.2.1 Concordance

Table 7.1 reports the concordance metric for random selection, both tabular PRM
variants (XGBoost and Light GBM), and the LM-based PRM.

Table 7.1: Concordance: fraction of (improving, non-improving) pairs correctly
ranked by each method.

Method Concordance
Random 0.3125
XGBoost PRM 0.3125
LightGBM PRM 0.2396
LM PRM v1 (Text only) 0.1875
LM PRM v2 (Hybrid) 0.1875

All PRM models achieve concordance at or below the random baseline, indicating
limited pairwise ranking ability on the test set. The low concordance reflects the
inherent difficulty of ranking within very short human feedback JSONs (3-5 turns).

7.2.2 Best-Pick Accuracy

Table 7.2 presents best-pick accuracy when selecting the highest-scoring turn per

human feedback JSON.

Table 7.2: Best-pick accuracy: proportion of human feedback JSONs where the
selected turn is actually improving.

Method Best-Pick Accuracy
Random 0.7500
XGBoost PRM 0.6250
Light GBM PRM 0.7500
LM PRM vl (Text only) 0.6250
LM PRM v2 (Hybrid) 0.6250
Oracle 1.0000
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7.2.3 Overall Test AUROC

Table 7.3 summarises the discriminative performance of all PRM models on the test
set.

Table 7.3: Test AUROC: area under the ROC curve for turn-level improvement pre-
diction. The Hybrid LM PRM (v2) achieves the highest discriminative performance.

Method Test AUROC
XGBoost PRM 0.5296
LightGBM PRM 0.5037
LM PRM vl (Text only) 0.6370
LM PRM v2 (Hybrid) 0.6556

The tabular models yield AUROC values near 0.5. In contrast, the Hybrid LM-
based PRM (v2) achieves AUROC 0.656, improving upon the text-only v1
model (0.637) and significantly surpassing tabular baselines. This result confirms
that integrating code snippets and numeric features into the semantic prompt en-
hances discriminative power.

7.3 Analysis

The tabular PRM models did not perform well, but the language-model-based PRM
showed clear improvements. In this section, we review the issues that made predic-
tions difficult and explain why the LM PRM performed better.

7.3.1 Factors Affecting Performance

We found four main reasons why the standard tabular models struggled to predict
score improvements:

1. Small Test Set: We only had 37 samples across 8 human feedback JSONs
for testing. This small size means the results have high variance, making it
harder to prove that a model works well consistently.

2. Noisy Labels: A step may look good but not make the score increase im-
mediately or a bad step can be lucky the way the competition counts up the
score. This makes a commotion in our binary labels of ”improve” or "not
improve” lavels.

3. Differences Between Competitions: The models were trained on 53 com-
petitions and tested on 14 entirely different competitions. Varied rules may
be needed to predict success in an image classification task as opposed to a
tabular data task, and it is difficult to generalize.

4. Ignoring the Text: The tabular models only look at numbers, like code
length or strategy category. They do not actually read the agent’s plans or
reflections. As previous studies on math problems show [19], a model needs to
read the reasoning steps to accurately guess if the final answer will be correct.
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7.3.2 LM-based PRM Results

To address this issue we used Qwen2.5-Coder-3B model to read the text. Two
versions were tested: v1, which read only the text plans, and v2, which read the
text plans, a sample of the code, and the numerical features which were important.

Comparison: vl vs. v2

The combination of the code and the numbers with the prompt were useful in making
the model pick out the good steps and the bad ones. The v2 model obtained higher
AUROC of 0.656 compared to the 0.637 of v1. It did decrease the accuracy by a
slightly different margin of 0.757 to 0.730. Nevertheless, this occurred due to the
fact that the v2 model was more prudent and induced less false positive guesses. In
advising an agent, caution should be taken before implementation of code.

Robustness Check: Cross-Validation

Because our test set is small, we ran a 3-fold cross-validation on the v2 model to
check if the results were stable. The average AUROC was 0.586 £ 0.082. This is
lower than the single test set score, but it still shows that the fine-tuned model
consistently beats random guessing (0.500) and the tabular models.

The LM PRM has an easy time beating the xgboost score, 0.530 with an AUROC
of 0.656. This demonstrates that the real code of thinking of the agent and its text
has valuable hints on whether the step in question will be successful.

However, both LM versions had a lower concordance score (0.1875) than the tabular
models. This means that while they are good at classifying steps overall, they have
trouble ranking two steps from the exact same short human feedback JSON. Fixing
this will likely require training the model specifically on pairwise rankings.

7.3.3 Zero-Shot and Frontier Model Baselines

To see if we actually needed to fine-tune a model, we tested several other models
without any specific training (zero-shot). We gave them the exact same text, code,
and numerical data, and asked them to predict ”Yes” or "No” for score improvement.
We tested small local models (Llama 3.2 3B, Qwen 2.5 3B), large open models
(Llama 3.3 70B via Groq), and major commercial models (GPT-40, GPT-5, Gemini
1.5 Pro, Gemini 3.0 Flash, Gemini 3.0 Pro). Table 7.4 compares these zero-shot
tests against our fine-tuned 3B model.

Model size and deployment comparison

To contextualize the “lightweight” advantage discussed in the defense, Table 7.5
summarises the infrastructure footprint of the LLMs used in this thesis. We report
input context length, parameter size (when disclosed), example fine-tuning/training
VRAM where publicly stated (or measured in this work), and a deployment-oriented
number (API pricing for closed models; approximate inference VRAM or on-device
memory footprint for open models).

This test showed the importance of task-specific training. The small 3B models that
were not trained said No nearly all the time. They were not very accurate (about
0.30) and their AUROC was slightly higher than the chance alone.
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Table 7.4: Comparison of the fine-tuned 3B PRM against zero-shot local and frontier
models (including Google Gemini variants).

Model (Setup) Accuracy F1 AUROC
Llama 3.2 3B (Zero-Shot) 0.297 0.071 0.519
Qwen 2.5 3B (Zero-Shot) 0.324 0.138 0.537
Llama 3.3 70B (Zero-Shot) 0.622 0.708 0.615
GPT-40 (Zero-Shot) 0.622 0.667 0.709
Gemini 1.5 Pro (Zero-Shot) 0.730 0.844 0.500
Gemini 3.0 Flash (Zero-Shot) 0.676 0.806 0.463
Gemini 3.0 Pro (Zero-Shot) 0.730 0.844 0.500
GPT-5 (Zero-Shot) 0.730 0844  0.500
LM PRM v2 Qwen 3B (Fine-Tuned) 0.730 0.844 0.656

Table 7.5: Infrastructure comparison of LLMs used in this thesis. “Train VRAM”
is shown only when publicly stated for the referenced setup (e.g., QLoRA/LoRA)
or measured in this work; closed/API model VRAM requirements are typically not
disclosed because execution is vendor-managed.

Model Context Parameter Train Deployment numbers
(in) size VRAM
(GB)
GPT-4o0 [30] 128k Not diss N/A APT pricing: $2.50/$10.00 per 1M
closed tokens (in/out)
GPT-5 [31] 400k Not  dis= N/A API pricing: $1.25/$10.00 per 1M
closed tokens (in/out)

Gemini 1.5 Pro [13], 2M Not dis- N/A Paid-tier rate limit: 1,000 RPM;

[14] closed announced price reductions for
prompts <128k (input: 64%, out-
put: 52%)

Gemini 3.0 Flash 1M Not dis- N/A API pricing: $0.50/$3.00 per 1M to-

(“Gemini 3 Flash”) closed kens (in/out)

28]

Gemini 3.0 Pro 1M Not dis- N/A API pricing: $2/$12 per 1M tokens

(“Gemini 3.1 Pro”) closed (in/out) for prompts <200k; $4/$18

[28] for prompts >200k

Llama 3.3 70B [22], 128k 70B 41 ~43 GB VRAM for 4-bit inference

[23], [29] (single-GPU-class deployment)

Llama 3.2 3B [21] 128k 3.21B 80 ~4.06 GB on-device memory RSS
reported for a quantized QLoRA
variant (reference implementation)

Qwen2.5-Coder-3B 32k 3B 8.5 Fine-tuned and deployable locally

(LM PRM v2; this
work) [16]

on a single consumer GPU (RTX
5070, 8.5 GB VRAM)
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The larger models had different problems. GPT-5, Gemini 1.5 Pro, and Gemini 3.0
Pro guessed ”Yes” every single time. This gave them high accuracy because the
dataset has mostly positive labels, but their AUROC was stuck at 0.500 because
they could not separate good steps from bad ones. GPT-40 performed the best out
of the zero-shot models. It had the highest AUROC (0.709), showing it understands
logic well. However, because it was not calibrated to the specific data, its threshold
for answering ”Yes” or "No” was off, leaving it with a lower accuracy of 0.622.
Tuning of Qwen 2.5 3B model corrected these problems. The zero-shot version
increased the AUROC by +11.9 points compared to the fine-tuned version. It also
increased the accuracy to 0.730 and F1 score to 0.844. Our small fine-tuned model
found itself with superior accuracy over GPT-40 and significantly superior sorting
than GPT-5. This demonstrates that in case of specialised tasks such as grading
agent steps, a small model trained on special data is far more precise and viable
than merely requesting a large, general-purpose Al.

7.4 Simulated Best-of-N Evaluation

In an attempt at presenting the usefulness of the PRM in a deployment environment,
we perform a simulated Best-of-N test. An agent in the live setting would produce N
candidate steps and the PRM would choose the most promising step. To model this
with our static test set we simply sample repeatedly with replacement (n) candidate
turns and measure the probability of the PRM-selected turn to result in a score
improvement.

Figure 7.1 illustrates the expected success rate as the number of candidates N in-
creases from 1 to 10, based on 10,000 bootstrap simulations per N. The curves show
the probability of selecting an improving step when N candidates are generated.
The fine-tuned LM PRM v2 demonstrates superior scaling behaviour compared to
zero-shot models and tabular baselines.

Figure 7.1: Simulated Best-of-N candidate selection.

The simulation reveals several critical dynamics:
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1. Tabular Model Stagnation: The XGBoost PRM is not scaled well, and as
the base rate (0.733) is increased, it only goes towards 0.812 at N = 10. This
is indicative of its poor AUROC and incapacity to rank the candidates with
confidence.

2. Zero-Shot Ceiling: The initial scaling of the zero-shot GPT-40 model is good
(0.894 at N = 4). Nonetheless, since discrete binary predictions (Yes/No) were
produced, it was not able to differentiate between several candidates that could
be Yes. Therefore, its performance is stagnant at 0.93.

3. Fine-Tuned LM PRM Scaling: The fine-tuned LM PRM v2 exhibits ex-
ceptional scaling. While it starts slightly below GPT-40 at N = 2, its ability
to output continuous, calibrated probabilities allows it to break ties effectively.
It surpasses GPT-40 at N = 6 and continues to scale near-optimally, reaching
a 0.971 success probability at N = 10.

These results confirm that for Best-of-/NV inference, a model must not only be ac-
curate but also capable of producing fine-grained continuous rankings. The fine-
tuned 3B model is vastly superior to the zero-shot frontier model in this deployment
paradigm.

7.5 Implications for Agentic Systems

The evaluation yields three implications for agentic systems in competitive data
science:

1. Feasibility. Multi-step agent human feedback JSONs can be structured into
a supervised prediction problem with natural labels (score improvement). The
pipeline from human feedback JSON logs to turn-level improvement labels is
viable, enabling future work on human feedback JSON guidance and best-of-n
selection.

2. Feature importance. During model development, code-related features and
strategy sequence emerged as the strongest tabular predictors. This suggests
that agent state (what the agent has produced) carries more signal than purely
temporal or metadata features.

3. Semantic content matters. The LM-based PRM’s superior AUROC (0.637
vs. 0.530) confirms that plans and reflections contain rich semantic information
that tabular features cannot capture. This validates the hypothesis that step-
level reasoning, as captured in natural language, carries predictive signal for
downstream score improvement.

In summary, this chapter showed that tabular PRM has limited discriminative per-
formance, whereas the LM-based PRM (Qwen2.5-Coder-3B QLoRA) has significant
higher meanings higherAUROC (0.637) using semantic content of agent plans, re-
flections, and code. Evaluation framework, metrics and results ensures the creation
of a baseline in subsequent research on process reward model to aid data science
agents.
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Chapter 8

Discussion

This chapter interprets the empirical findings and Process Reward Model results,
discusses limitations of the study, and outlines directions for future work.

8.1 Discussion of Key Findings

8.1.1 The Exploration Bottleneck

Agents spend approximately 33% of their turns on exploration—significantly more
than expert human practitioners typically allocate. This over-investment in data and
problem exploration often delays or prevents progression to modelling, tuning, and
submission. The empirical analysis suggests that exploration-heavy human feedback
JSONSs are associated with lower success rates, as agents become trapped in cycles
of repeated analysis without translating insights into actionable solutions.

We recommend imposing ezploration budgets: a maximum of 2-3 consecutive ex-
ploration turns before requiring the agent to advance to preprocessing, modelling,
or submission. Such budgets would incentivise timely transition from understand-
ing to action, aligning agent behaviour with the structured progressions observed in
successful human feedback JSONs (Chapter 6).

8.1.2 The Submission Gap

Among the 156 human feedback JSONs that did not achieve medal-level perfor-
mance (gold, silver, bronze, or above-median), 50 (32.1%) never produced a valid
submission at all. More broadly, 25.8% of all human feedback JSONs (50 out of 194)
failed to reach the submission stage. Rather than failing to improve a submitted
solution (e.g. due to timeout or poor modelling choices), a substantial failure mode
is never reaching submission at all. Agents frequently become “lost” in exploratory
loops, repeatedly examining the data or refining plans without ever executing code
that yields a scoreable output.

This finding has direct practical implications. Submission checkpoints—enforcing
that the agent must produce and submit at least one solution by a specified turn—
could substantially reduce the no_submission failure rate. Early submission also
establishes a baseline score and provides feedback for subsequent refinement.
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8.1.3 Process Quality vs. Outcome Quality

Question—answer (QA) quality scores exhibit near-zero correlation with score im-
provement. Across all QA dimensions, correlations with competition performance
remain weak (|p| < 0.25). This suggests that the quality of articulation—how well
the agent explains its plan, reflects on its actions, or aligns reflection with code—does
not reliably predict the quality of outcomes.

A more consequential factor appears to be the quality of decisions: what the agent
chooses to do next, and whether that choice leads toward modelling and submission
rather than continued exploration. The PRM ablations (Chapter 6) reinforce this:
code features alone achieve comparable or better predictive performance than QA
features. The quality of the agent’s decisions, as reflected in code structure and
strategy transitions, matters more than the quality of its written explanations.

8.1.4 Code Features as Leading Indicators

Code features alone achieve the same accuracy as all features combined in the XG-
Boost PRM (0.730 on the test set). Removal of code features causes the largest
performance drop across both XGBoost and LightGBM, while removal of QA or
text-length features has negligible or even positive effects.

Complexity and novelty of code changes emerge as the strongest predictors of fu-
ture score improvement. Features such as code_length, finalized code_length,
code_length delta, and finalized code_delta dominate feature importance rank-
ings. This suggests that observable, low-level signals derived from the agent’s code
evolution are more informative for human feedback JSON-level prediction than high-
level quality assessments.

8.1.5 The Necessity of Domain-Specific Fine-Tuning

Our comparison against a zero-shot frontier model (GPT-40) highlights a critical
distinction between generalised reasoning and domain-specific calibration. While the
massive frontier model demonstrated an ability to rank-order steps reasonably well
(AUROC 0.709), its lack of exposure to the specific distribution of Kaggle human
feedback JSONs resulted in a miscalibrated absolute decision boundary, severely
degrading its accuracy (0.622). In contrast, our fine-tuned 3B parameter model,
despite being orders of magnitude smaller, achieved far superior accuracy (0.730)
and F1 scores (0.844). This suggests that for highly specialised, high-stakes tasks
like competitive data science, lightweight models fine-tuned on targeted process
data offer a more precise, cost-effective, and locally deployable alternative to relying
exclusively on general-purpose frontier models via API calls.

8.1.6 Real-World Applicability

Although Kaggle provides a clean, measurable sandbox (a leaderboard score) for
studying multi-step agent behaviour, the PRM-guided step selection mechanism
generalises to real enterprise machine learning workflows where feedback is delayed,
noisy, and expensive. In production settings, teams repeatedly iterate on a pipeline
(data ingestion, cleaning, feature engineering, modelling, validation, deployment),
and many intermediate steps are plausible but unproductive.
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In applications such as fraud detection, customer churn prediction, or road-
network control and forecasting, an autonomous system faces the same failure
modes identified in our empirical study: spending too many steps on analysis without
executing, getting stuck in repetitive exploration loops, or failing to ship a working
baseline early enough to obtain a measurable signal. A PRM can act as a lightweight
critic that scores candidate next actions (e.g., “add a leakage-safe validation split”,
“introduce time-aware features”, “switch to a calibrated model”, “run ablation on
feature groups”) and prioritises the steps most likely to improve downstream metrics.
In a Best-of-N setup, this enables practical governance of agent behaviour: the
generator may remain creative, while the PRM helps allocate limited compute and
iteration budget toward changes that are more likely to translate into measurable
gains.

8.2 Limitations
Six limitations should be borne in mind when interpreting the findings.

1. Small labeled dataset: The PRM training and evaluation rely on 175 turns
with valid labels (138 train, 37 test). This modest sample size limits the
statistical power of generalisation estimates. While the improved LM PRM
(v2) achieves an AUROC of 0.656 (significantly above tabular baselines at
~0.53), broader evaluation is needed to confirm these gains.

2. Heuristic strategy classifier: Strategy labels are assigned by a heuristic
classifier rather than validated against human annotations. The classifier
may mislabel edge cases or conflate distinct behaviours, introducing noise into
strategy-based features.

3. Single agent architecture: All human feedback JSONs originate from MLE-
bench, a specific agent framework. Findings may not generalise to other agent
architectures, prompting styles, or task environments.

4. No live evaluation: The study is retrospective. The PRM has not been eval-
uated in a live setting where an agent receives real-time guidance. Deployment
behaviour may differ from retrospective predictions.

5. Competition score as noisy ground truth: Competition scores reflect
leaderboard performance, which can be influenced by overfitting to public test
data, submission timing, and evaluation noise. Score improvement is a proxy
for “good” human feedback JSON progression rather than a ground-truth
measure of solution quality.

6. Data leakage risk: Base models powering the agent (and any PRM) may
have been pre-trained on Kaggle solutions or related data. This could inflate
performance estimates or introduce unintended biases.
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8.3 Future Work

8.3.1 Scaling the Dataset

Expanding the labeled dataset to 500+ human feedback JSONs from diverse agents
would improve PRM robustness and enable more reliable evaluation. Inclusion of
human feedback JSONs from different agent architectures, prompt variants, and
competition types would strengthen claims about generalisability.

8.3.2 Scaling the LM-based PRM

Our Hybrid LM-based PRM (v2) achieves AUROC 0.656, confirming that inject-
ing code snippets and numeric features improves discrimination. Future work could
scale this approach along three axes: (1) larger base models (e.g., 7TB-14B parameter
code LLMs) to better understand complex code logic; (2) richer input representa-
tions incorporating full code diffs and multi-turn context windows, rather than just
the current turn; and (3) training data augmentation through synthetic human
feedback JSON generation. The observed AUROC-concordance gap suggests that
incorporating human feedback JSON-level contrastive objectives (pairwise ranking
loss) is a necessary next step to improve within-human feedback JSON ranking.

8.3.3 Live Best-of-N Evaluation

Deploying the PRM in a live Best-of-N setup would generate five candidate next
steps, score each with the PRM, and select the highest-scoring option for execution.
Comparing success rates and score progression against a baseline (e.g. greedy decod-
ing) would provide empirical evidence of the PRM’s utility in real-time guidance.

8.3.4 Value Model Extension

Extending the PRM to a value model that predicts the final best score achievable
from a partial human feedback JSON would enable more nuanced guidance. In-
stead of a binary improve / no-improve signal, the agent could prioritise steps that
maximise expected terminal score.

8.3.5 Strategy-Aware Planning

Using the empirically derived strategy transition matrix (Chapter 6), a planning
module could recommend the optimal next step type (e.g. “switch from exploration
to preprocessing” ) rather than merely predicting improvement. Strategy-aware plan-
ning would operationalise the finding that successful human feedback JSONs follow
structured progressions and failed ones remain in loops.

8.3.6 Proposed Deployment Architecture

To bridge the gap between retrospective evaluation and real-world application, we
propose a practical deployment architecture for PRM-guided step selection. The
central idea is simple: the generator remains free to be creative and propose multiple
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candidate next actions, but the system only executes the one that is most likely to
improve the next scored submission according to the PRM.

Design goals. The deployment is designed around four constraints that show up
in real competitive data science loops: (1) submissions are limited and expensive, so
we should avoid wasting them; (2) training runs can be slow, so we should prioritise
candidates that are likely to be productive; (3) the environment is brittle (depen-
dencies, file paths, timeouts), so execution must be sandboxed and observable; and
(4) any guidance mechanism must be cheap enough to run frequently, otherwise it
becomes the bottleneck.

Core components. At a minimum, the architecture consists of:

1. Context store (state): a structured snapshot of the current human feedback
JSON state (turn number, remaining submissions, current best score, logs, and
a compact representation of the working directory). This state is the common
input to both generation and evaluation.

2. Generator (Actor): a capable LLM that proposes N candidate next steps.
Each candidate should be a self-contained “action package” containing an
intent (what it is trying to achieve), an execution plan, and an executable
patch or code cell.

3. PRM Evaluator (Critic): the fine-tuned PRM that assigns a probability
that a candidate will lead to score improvement on the next scored submission.
Importantly, the PRM is used for ranking; it does not need to be perfectly
calibrated as long as it is consistent.

4. Selector + guardrails: a deterministic module that selects the top-ranked
candidate while enforcing safety constraints (budget checks, forbidden opera-
tions, max runtime, and submission policy).

5. Sandbox runner: an isolated execution layer that applies the chosen candi-
date, runs it, captures stdout/stderr, and records structured telemetry (run-
time, errors, artifact paths).

Data contract for candidates. In practice, PRM-guided systems fail when can-
didates are not comparable. We therefore assume each candidate conforms to a
shared schema: (strategy type, plan text, code diff/snippet, expected artifacts, and a
“stop/submit” intent). This makes ranking meaningful and enables simple valida-
tions (e.g., reject candidates that attempt submission when no baseline exists, or
when the submission budget is nearly exhausted).

Ranking, execution, and feedback. For each turn, the system generates N
candidates, scores them with the PRM, and executes the best one. If execution
fails, the runner returns a structured error, which is folded into the next context
snapshot. If the step produces a scored submission, the resulting score delta becomes
both a user-facing signal and a training signal for future PRM iterations. Over time,
this forms a tight loop: generate — rank — execute — measure — update state.
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Cost control and caching. Two engineering choices keep the loop fast: (1)
caching PRM embeddings or intermediate features for repeated context segments
(e.g., unchanged history), and (2) early rejection heuristics before PRM scoring
(e.g., discard candidates that do not touch code or do not change the pipeline in
any meaningful way). This is especially useful when N is large, or when the generator
occasionally produces near-duplicates.

Figure 8.1: PRM-guided Best-of-N deployment flow.
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Chapter 9

Conclusion

This thesis investigated how LLM agents behave in competitive data science and
whether their behaviour can be guided toward better outcomes. The work com-
prises two parts: an empirical analysis of 194 human feedback JSONs and a Process
Reward Model (PRM) for predicting score improvement.

9.1 Summary

The empirical study (Chapter 6) characterised strategy distributions, outcome pat-
terns, and failure modes across human feedback JSONs collected from MLE-bench.
The PRM (Chapter 6) demonstrated that gradient-boosted tree models can predict
whether an agent’s next scored submission will improve its competition score, using
49 features derived from code, strategy, execution, context, text length, and QA
quality. Ablation studies showed that code features alone achieve the same pre-
dictive accuracy as the full feature set, and that QA quality contributes little to
outcome prediction.

Our research establishes an empirical taxonomy of LLM agent behavior in competi-
tive data science, identifying nine strategy types and noting performance saturation
by turn 12. We curated an anonymized dataset of 1,584 turns with extracted fea-
tures and strategy labels to support reproducible analysis within this thesis. We
developed Process Reward Models (PRMs) using XGBoost and Light GBM, discov-
ering that code-level features are the most predictive indicators of success. Our
"Retrospective Best-of-N” evaluation framework demonstrates the models’ ability
to discriminate performance on held-out competitions. To improve agent reliabil-
ity, we recommend imposing exploration budgets to prevent over-investing in data
analysis at the expense of modeling. We also advocate for mandatory submission
checkpoints to reduce common failure modes where agents fail to produce a valid
submission. Finally, our findings indicate that observable code complexity is a far
more reliable signal for predicting outcomes than an agent’s articulated plan.
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9.2 Final Remark

As LLM agents increasingly take on complex multi-step tasks—from data science
competitions to software development and scientific discovery—understanding how
they fail and when they succeed becomes as important as improving raw capabilities.
This thesis contributes both an empirical foundation for such understanding and a
methodological framework for guiding agent behaviour toward productive human
feedback JSONs. The exploration bottleneck, submission gap, and weak QQA-score
correlation highlight structural challenges that future agent designs must address;
the PRM and feature ablations provide a starting point for building systems that
can navigate those challenges more effectively.
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