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Abstract

Large Language Models (LLMs) are increasingly applied to automate complex tasks, but their potential for generating
automated medical image segmentation pipelines remains largely underexplored. We present a systematic evaluation of
open- and closed-source LLMs in generating U-Net—based segmentation frameworks across six diverse 2D medical image
datasets, spanning endoscopy, fluoroscopy, dermoscopic photography, MRI, and fundus imaging. Building on an earlier
study, we analyze state-of-the-art 2025 reasoning-enabled models and compare them to non-reasoning LLMs and a
strong nnU-Net v2 baseline. Compared to their 2024 predecessors, the 2025 models demonstrated marked improvements
in robustness, code quality, and segmentation accuracy across modalities. Our results show that reasoning-augmented
LLMs achieve faster convergence, fewer execution errors, and higher Dice scores, while complex datasets with fine
structures (e.g., retinal vessels) and volumetric data remain challenging. We also confirmed robustness under repeated
runs by comparing one reasoning and one non-reasoning model from the same family, where despite GPT-40's consistent,
template-like code outputs under multiple runs as the non-reasoning model, GPT-04-mini-high showed significantly
lower run-to-run variability in validation loss and tighter Dice score distributions, demonstrating that chain-of-thought
reasoning markedly improves both accuracy and stability. These findings highlight the potential of reasoning-enabled
LLMs to automate segmentation workflows with high accuracy and explainability, paving the way for their integration into
medical imaging pipelines. Our code is available at https://github.com/ankilab/LLM_based_Segmentation.git.
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and Ke, 2024; Bai et al., 2024; Neubig et al., 2025). How-
ever, the integration of LLMs into medical image analysis

arge Language Models (LLMs) have demonstrated pipelines raises fundamental questions about their effective-

1. Introduction
L remarkable capabilities in natural language process-
ing, code generation, and reasoning tasks in recent
years, enabling their integration into increasingly diverse
scientific and technical domains (Huang and Chang, 2023;
Plaat et al., 2024). The medical imaging field, which tra-
ditionally relied on convolutional neural networks (CNNs)
such as U-Net (Ronneberger et al., 2015; Isensee et al.,
2021) and its variants (Zhou et al., 2018), is now beginning
to explore LLMs as potential tools for enhancing workflows
in segmentation, diagnosis, and report generation (Wang

ness, limitations, and potential to contribute to or even
automate complex tasks.

In recent LLM developments, chain-of-thought (CoT)
reasoning has emerged as a powerful technique to elicit inter-
mediate, step-by-step logic from otherwise opaque models
(Wei et al., 2022; Huang and Chang, 2023). By prompting
LLMs to “think aloud,” CoT enables them to decompose
complex tasks into a sequence of reasoning steps, improving
accuracy on challenging problems such as arithmetic, com-
monsense, and multi-hop inference (Wei et al., 2022; Huang

159


https://orcid.org/0009-0008-6801-8676
https://orcid.org/0000-0001-5202-7158
https://orcid.org/0000-0001-5239-5305
https://orcid.org/0000-0003-3643-7776
https://github.com/ankilab/LLM_based_Segmentation.git
https://doi.org//10.59275/j.melba.2026-9369
https://creativecommons.org/licenses/by/4.0/
https://crossmark.crossref.org/dialog?doi=/10.59275/j.melba.2026-9369&domain=pdf&date_stamp=2026-03
mailto:andreas.kist@fau.de

Arjomandi et al., 2026

and Chang, 2023; Plaat et al., 2024). Surveys have shown
that CoT not only enhances performance but also offers
greater transparency and interpretability in model decision-
making (Wang et al., 2025; Plaat et al., 2024). Building
on these advances, reasoning-augmented LLMs—such as
DeepSeek-R1, which uses reinforcement learning to incen-
tivize coherent thought traces—demonstrate near state-
of-the-art reasoning capabilities while retaining inference
efficiency (Guo et al., 2025; Marjanovi¢ et al., 2025). In
the medical contexts, CoT reasoning can be used for trans-
parency and interpretability of medical diagnostics (Wang
et al., 2025). Thinking further, this strategy can be applied
to prompt LLMs not only to select suitable neural network
architectures and adjust preprocessing steps for different
imaging modalities, but also to articulate the reasoning
behind these choices and to autonomously debug segmenta-
tion pipelines, which is especially important in clinical and
medical image-based applications.

Segmentation remains a core challenge in medical imag-
ing, especially for applications such as tumor delineation,
organ boundary detection, and lesion quantification.

State-of-the-art segmentation architectures, such as
nnU-Net (Isensee et al., 2021), have achieved considerable
success when trained on custom, annotated datasets, offer-
ing strong baseline performance across a wide range of tasks.
In contrast, foundation models like MedSAM (Ma et al.,
2024) can perform zero-shot or few-shot segmentation with-
out extensive task-specific fine-tuning. However, deploying
either approach in practice often requires substantial cod-
ing expertise and manual adaptation to different datasets
and imaging modalities. This limitation motivates research
into whether LLMs can automatically generate robust and
potentially problem-tailored segmentation baselines, and
provide reasoning about architectural design choices (Wang
and Ke, 2024; Kumar et al., 2025).

LLMs have recently shown promise in medical domains
by enabling interactive diagnostic support (Wang et al.,
2024), domain-specific adaptation (Liu et al., 2023), and
reasoning-based multimodal segmentation systems such
as LISA (Lai et al., 2024) and MedSeg-R (Huang et al.,
2025). Additionally, large-scale efforts, such as HuatuoGPT-
Vision (Chen et al., 2024a) and M3D (Bai et al., 2024),
have highlighted the potential of aligning visual and textual
representations in complex medical datasets. These studies
indicate a growing interest in leveraging the reasoning and
generative abilities of LLMs for medical image analysis.

Despite these advances, few works systematically an-
alyze how different LLMs perform in automating segmen-
tation pipelines. Most prior research has focused either
on directly applying LLMs to perform image analysis tasks
(Sun et al., 2024) or on fine-tuning them for domain-specific
diagnostic reasoning (Liu et al., 2023). The question re-
mains whether LLMs can serve as a reliable backbone for
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generating and executing segmentation code with minimal
human intervention in the spirit of "vibe coding”.

This work aims to fill this gap, and investigate whether
large language models can autonomously generate robust,
executable, and generalizable U-Net—based segmentation
pipelines for diverse medical imaging tasks with minimal hu-
man intervention, by providing a comprehensive evaluation
of several open- and closed-source LLMs in generating U-
Net—based medical image segmentation baselines. Building
upon our earlier study on LLM-driven baselines (Arjomandi
et al., 2025), we extend the scope by additionally analyzing
state-of-the-art models released in 2025, comparing those
to 2024-released LLMs, as well as comparing the output
of reasoning models using chain of thought with the non-
reasoning, and examining their performance across diverse
datasets, modalities and segmentation tasks from different
medical domains, including endoscopic laryngoscopy, vide-
ofluoroscopic swallowing studies, dermoscopic skin lesion
imaging, pelvic MRI for uterine myomas, brain tumor MRI,
and retinal fundus photography; capturing a broad range of
imaging modalities and anatomical targets. In doing so, we
aim to shed light on the practical utility of LLMs for med-
ical image segmentation, their potential for explainability
through reasoning, and identify future research directions
for their integration into clinical workflows.

2. Related Works

Deep learning has driven significant progress in medical
image segmentation, with architectures such as U-Net
(Ronneberger et al., 2015) and its derivatives achieving
widespread adoption across tasks like tumor delineation
and organ segmentation (Isensee et al., 2021; Zhou et al.,
2018). Extensions like nnU-Net introduced self-configuring
pipelines capable of adapting preprocessing, network archi-
tecture, and training settings to diverse datasets, enabling
state-of-the-art results without extensive manual tuning
(Isensee et al., 2021). Despite these advances, implement-
ing and adapting these frameworks requires considerable
expertise in programming and machine learning, posing a
barrier for many medical researchers or direct clinical use.

The emergence of Large Language Models (LLMs) has
sparked growing interest in their potential for automating
medical imaging workflows. Early explorations have ap-
plied LLMs to assist in medical report generation (Wang
and Ke, 2024) and provide interactive diagnostic support
systems such as ChatCAD, which integrates GPT-based
reasoning with computer-aided diagnosis tools (Wang et al.,
2024). More recently, LLMs have been combined with
vision encoders to perform segmentation tasks, as seen
in LISA, which leverages LLM reasoning to refine mask
generation based on user-provided prompts, demonstrating
the potential for interactive, reasoning-aware segmentation
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systems (Lai et al., 2024), and MedSeg-R, which integrates
a vision—language model with reasoning capabilities to in-
terpret complex clinical instructions and produce pixel-level
segmentation masks (Huang et al., 2025).

Efforts to adapt general-purpose LLMs for medical imag-
ing include HuatuoGPT-Vision, which injects large-scale
medical visual knowledge into multimodal LLMs, achieving
strong performance on chest X-ray diagnosis and segmen-
tation benchmarks (Chen et al., 2024a). M3D extends
this approach to 3D medical imaging by fusing volumetric
features with textual clinical data for multi-task learning,
including segmentation and report generation (Bai et al.,
2024). TriMedLM further advances this direction by align-
ing 3D voxel representations with language-based reasoning,
showing improved explainability and accuracy in volumetric
datasets (Chen et al., 2024b).

Other works have explored lightweight LLM integra-
tion for weakly supervised segmentation. Cai et al. (Cai
et al., 2024) introduced a method combining multi-label
contrastive learning with LLM-derived semantic guidance,
narrowing the gap between weak and fully supervised per-
formance. In parallel, semi-supervised frameworks such as
LLM-SegNet employ LLMs to provide task-informed priors
for training with limited annotations, improving accuracy
in 3D medical imaging tasks (Wang and Ke, 2024). How-
ever, the use of LLMs to autonomously generate executable
segmentation code for architectures like U-Net remains un-
derexplored, particularly in ensuring generalization across
diverse medical datasets. Our study addresses this gap
by demonstrating how LLMs can be harnessed for medical
image segmentation with minimal user intervention.

Our earlier work evaluated eight open and closed source
LLMs released in 2024 for automatic generation of U-Net-
based segmentation pipelines based on natural-language
prompts, analyzing their code quality, error rates with self-
correction, and segmentation performance on three datasets
(Arjomandi et al., 2025). While models such as GPT ol
Preview and Claude 3.5 Sonnet produced error-free code and
competitive results, some struggled to generate functional
scripts without manual intervention.

The present study builds on this foundation by sys-
tematically comparing eleven reasoning and non-reasoning
LLMs, including recently released 2025 models, and evalu-
ating their performance and error rates across six datasets
from diverse imaging modalities. This expanded analysis
positions our work at the intersection of LLM-based code
synthesis and reasoning-aware segmentation, offering deeper
insights into how LLMs can be utilized for medical image
segmentation with minimal user involvement.

3. Methods

3.1 Selected LLMs

In addition to the eight 2024 selected LLMs (Arjomandi
et al., 2025) (including GPT-4 (Achiam et al., 2023), 4o
(Hurst et al., 2024) and ol Preview (OpenAl, b), Claude
3.5 Sonnet (Anthropic, a), Gemini 1.5 Pro (Google, a),
GitHub Copilot (GitHub), Bing Microsoft Copilot (Mi-
crosoft) (closed source), and Llama 3.1 405B (open source)
(Meta Al, a)) with GPT ol-preview being the only reasoning-
model, we evaluated eleven state-of-the-art 2025 released
models (including the closed source models: Claude 4 Son-
net (Anthropic, b), DeepSeek R1 (Guo et al., 2025) and
V3 (Liu et al., 2024), GPT 03 and O4-mini-high (OpenAl,
a), Gemini 2.5 Pro (Google, b), Grok 3 mini and Grok
3 (xAl), and the open source models: Llama 4 Maverick
(Meta Al, b), Mistral Medium 3 (Mistral Al) and Qwen
3.235B (Abalab)), with DeepSeek V3 and Grok 3 (without
thinking mode enabled) being the non-reasoning models
(Figure 1).

3.2 Datasets

In addition to the Benchmark for Automatic Glottis Seg-
mentation (BAGLS) (Gémez et al., 2020), with endoscopic
video frames from laryngoscopy exams annotated for glottis
segmentation, the Bolus Swallowing dataset (Neubig et al.,
2022) with videofluoroscopic swallowing studies annotated
for bolus region segmentation, and the Brain Meningioma
MRI dataset (Akter et al., 2024) with single-slice grayscale
MR images with tumor segmentation masks used previously
(Arjomandi et al., 2025), we incorporated three additional
datasets to test the robustness and generalizability of LLM-
generated U-Net-based models across imaging modalities.
These include the HAM10000 ISIC Skin Cancer dataset
(International Skin Imaging Collaboration; Tschandl et al.,
2018), which consists of dermoscopic RGB images anno-
tated for skin lesion segmentation, and poses challenges
due to high intra-class variability in lesion appearance and
indistinct boundaries blending with healthy skin ; the UMD
Uterine Myoma MRI dataset (Pan et al., 2024), comprising
pelvic MRI scans labeled "3" for uterine myoma; and a
combined retinal vessel segmentation dataset (Pradosh123)
formed by harmonizing DRIVE (DRIVE Grand Challenge),
HRF (Odstrcilik et al., 2013), CHASE_DB1 (Owen et al.,
2009), and STARE (Hoover et al., 2000) fundus photog-
raphy datasets, annotated for retinal blood vessels, a task
requiring detection of extremely fine vascular structures
with high sensitivity to image quality and noise (Figure 1).

Together, these datasets span a wide range of modali-
ties (endoscopy, fluoroscopy, dermoscopy, MRI, and fundus
imaging) and segmentation challenges, from small and fine
structures (retinal vessels) to large, irregular regions (skin
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lesions, tumors) and motion artifacts (swallowing studies).
This diversity provides a rigorous benchmark for assessing
the adaptability of LLM-generated pipelines to modality-
specific preprocessing, architectural design choices, and
segmentation tasks.

All input data were preprocessed, with resizing and inten-
sity normalization applied by the LLMs in the dataset scripts,
to match the input specifications of the LLM-generated
models. To ensure balanced representation across modali-
ties and test the generalizability of LLM-generated pipelines,
a random subset of 5002 images was selected from the
BAGLS, Bolus Swallowing and Skin Cancer datasets, while
999 grayscale slices were included from the Brain Menin-
gioma dataset and 73 retinal fundus images. For the Uterine
Myoma MRI dataset, only axial slices containing myoma
masks were extracted along with their corresponding bi-
nary annotations, yielding 5457 single-slice MRI images.
The inclusion of datasets with both large (BAGLS, My-
oma) and limited sample sizes (retinal vessels) allowed us
to assess model robustness under varying data availability
conditions. For the skin lesion (HAM10000) and retinal
vessel segmentation datasets, RGB images were preserved
and correctly handled in the LLM pipelines. As instructed
per prompt, all images were resized and normalized to a
[0, 1] range as defined in each model's code (despite minor
differences in function calls, the normalization procedure
was identical across all generated scripts). Dataset split-
ting strategies varied: all 2025 models consistently applied
train_test_split to divide data into training (80%), val-
idation (10%), and test (10%) subsets, whereas some 2024
models used random_split, potentially influencing repro-
ducibility. For a standard and fair evaluation of the model
performances, one separate randomly selected test subset
(10%) was held out from each dataset prior to any training,
on which all of the models were ultimately re-evaluated for
comparison.

3.3 System Configurations

All experiments were conducted on a machine equipped
with an NVIDIA GeForce RTX 3090 GPU, 24GB GDDR6X
memory, running Python 3.10, PyTorch 2.2.0, and CUDA
11.8. The LLMs were unaware of the system configurations
or availability of a GPU.

3.4 Prompt Engineering

To guide LLMs in generating segmentation pipelines, we
designed a carefully engineered prompt (Appendix D) that
specifies detailed, bullet-pointed instructions for generat-
ing all required scripts (dataset.py, model.py, train.py, and
main.py). They specified the use of U-Net-based architec-
tures (model.py), data loading and preprocessing routines
(dataset.py), and training and validation loops (train.py).
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The loss function, hyperparameters and architecture were
set by the LLM. To avoid overwhelming the LLMs, con-
fusion, or inefficient token utilization, prompts were kept
concise yet explicit (Giray, 2023) and were tested multiple
times on each model before finalizing the instructions to
ensure consistent and reproducible results. The prompt is
available on our GitHub repository.

3.5 Code Generation and Error Tracking

LLMs were tasked with generating ready-to-run code for
each dataset. Errors encountered during execution were
fed back verbatim to the LLM for self-correction, without
providing additional contextual information or any intro-
ductory statements, unless stuck in a repeated error loop
(occurring only for Gemini 1.5 Pro and Llama 3.1 405B
from the 2024 models). No data augmentation, refine-
ments, or hyperparameter tuning was done by us if not
proposed, i.e., coded, by the LLM. Number and types of
errors, iterations needed to obtain executable code, and
any additional interactions for each LLM were tracked and
recorded (see GitHub). The generated architectures were
primarily U-Net variants with varying depths and feature
maps, as defined by each LLM. No manual fine-tuning was
applied to maintain comparability. Loss function and op-
timizer, as well as batch sizes, learning rates, and epochs,
were determined directly from each LLM's generated code.
The interactions happened directly via each LLM's chat
interface or via Poe interface (Poe) (specified in all chat
logs, see GitHub). Any referencing and memory features
were turned off in the model settings for all experiments.

3.6 Evaluation Metrics and Visualization Pipeline

We evaluated the models on a standardized test set using
the Dice coefficient as the primary, commonly used metric
to measure overlap between predicted segmentation masks
and ground truth masks. Training and validation losses were
also saved and visualized to assess convergence behavior,
using a custom pipeline importing and plotting all saved
loss trajectories and Dice scores, and performing inference
visualization for qualitative assessment. For baseline com-
parison, we trained an nnU-Net v2 (Isensee et al., 2021)
on the same datasets and hardware setup, using its de-
fault 2D configuration, under a fixed computational budget
per dataset, and evaluated the checkpoint with the best
validation performance.

3.7 Comparison of 2024 vs. 2025 Models

For each dataset, we compared the average training and
validation losses of all generated U-Net-based models by
LLMs from 2024 against those from 2025. We computed
per-epoch averages and standard deviation across each
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BAGLS

Bolus Swallowing

Endoscopic video
frames

Videofluoroscopic

Glottis

Bolus region
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(laryngoscopy)

Fluoroscopy

Dataset images
Brain Tumor Slngle-§llce Meningioma MRI
grayscale images tumor masks
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Myoma slices myoma masks
HAM10000 ISIC Dermoscopic RGB Skin lesion
. . Dermoscopy
Skin Cancer images masks
Retinal Vessel Fundus photography Retinal vessel Fundus
Segmentation images masks imaging
5
\ \ Um-gse\d Analysis and
L—"~— Comparison
P_rompft LLM —| Generated Code | ——— /
Engineering
Company 2024 Models 2025 Models #Parameters
GPT-4, GPT-40 GPT4~1.8T
ObenAl (non-Reasoning) GPT 03, GPT 04-mini- GPT 40 (& 01)
P GPT o01-Preview high (Reasoning) ~200B
(Reasoning) -
. ~175B
Anthropic Claude 3.5 Sonnet Claude 4 Sonnet N
Google o ini1.5Pro Gemini 2.5 Pro ~>200B
DeepMind
GitHub Copilot - -
Microsoft Blng.Mlcrosoft _ _
Copilot
Meta . 405B
(LLaMA) Llama 3.1 Llama 4 Maverick _
DeepSeek V3
_ (non-reasoning) 671B (37B per
DeepSeek DeepSeek R1 Token)
(reasoning)
Grok 3 mini
_ (reasoning)
XAl Grok 3 2.7T
(non-reasoning)
Mistral Al - Mistral Medium 3 -
Qwen - Qwen 3_235B 2358
(Alibaba) -

Figure 1: Overview of the study design, datasets, and LLMs used. Top: Six medical imaging datasets spanning diverse
modalities (endoscopy, fluoroscopy, MRI, dermoscopy, and fundus imaging) and segmentation targets used to evaluate
LLM-generated U-Net-based segmentation pipelines. Middle: Workflow illustrating prompt engineering, code generation
by large language models (LLMs), and subsequent training, execution, and analysis. Bottom: Overview of the evaluated
LLMs, grouped by company and year of release (2024 vs. 2025), highlighting reasoning and non-reasoning models, along

with officially disclosed or estimated number of model parameters.
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year's models for the first 20 epochs run on each dataset,
and plotted the two mean curves (£ standard deviation) to
highlight shifts in convergence speed and final loss between
the two LLM supersets. To compare and visualize any shifts
in performance, we aggregated all validation and test Dice
scores from each year's LLM-generated model’s outputs
for each dataset and plotted them as boxplots for 2024 vs.
2025.

3.8 Reasoning vs Non-Reasoning Models

To test whether “reasoning-optimized” architectures ex-
hibit better performance and learning dynamics than LLMs
without CoT reasoning or prompt decomposition or more
"general-purpose” LLMs, we partitioned the same LLMs
into two groups. Reasoning models are comprised of: GPT
ol-Preview (2024), Claude 4 Sonnet, DeepSeek R1, GPT
03, GPT o4-mini-high, Gemini 2.5 Pro, Grok 3 Mini, Llama
4 Maverick, Mistral Medium 3, and Qwen 3.235B (2025).
Non-reasoning models: GPT-40, GPT4, Llama 3.1 405B,
Gemini 1.5 Pro, Copilot, Claude 3.5 Sonnet, Bing Microsoft
Copilot (2024), plus DeepSeek V3 and Grok 3 (2025). We
again averaged losses per epoch across models within each
group, calculated and plotted their mean and standard devia-
tions (= std), and directly compared how reasoning-oriented
designs differ in training behavior and generalization on val-
idation.

Separately, we appended the validation and test Dice
scores for each group and visualized them as boxplots to
highlight differences in learning dynamics tied to architec-
tural focus.

3.9 Run-to-Run Variability Ablation Study

Considering the stochastic nature of LLMs, in order to
ensure prompt generalizability and evaluate the stability
and consistency of our LLM-driven pipelines across multi-
ple runs, we performed a targeted ablation study on two
representative sub-models of the same model: GPT-40
(non-reasoning) and GPT o4-mini-high (Chain-of-Thought
reasoning), by re-prompting and repeating the full gener-
ation, training, and evaluation process 10 times on each.
Any referencing and memory features were turned off from
the model settings for all experiments. The models were
re-prompted from scratch ten times separately to generate
the dataset, model, training, and main scripts. We then
trained each resulting U-Net pipeline as before, recorded any
runtime errors, and evaluated performance on the shared
10% hold-out test sets. Across the ten runs per model,
we tracked variability in the error counts and types during
script execution, architectural and hyperparameter choices,
as well as model performance (losses and test Dice scores).
The inter-and intra-model variability was then compared
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and visualized.

3.10 Controlled Epoch Evaluation

Each LLM'’s chosen number of training epochs is treated as
part of the automated hyperparameter selection. However,
since allowing variable training budgets can introduce bias
into comparative performance, we conducted an additional
“constant-epochs” experiment, where we re-ran all LLM-
generated pipelines as well as the nnU-Net v2 baseline on
the BAGLS dataset for a fixed 120 epochs, keeping every
other LLM-suggested hyperparameter unchanged. This
allows us to assess whether the observed differences under
each model's self-selected schedule persist when training
duration is fixed.

3.11 Statistical Analysis

To assess whether newer (2025) or reasoning-enabled LLMs
achieved higher segmentation accuracy than their counter-
parts, we compared the per-dataset Dice score distributions
using one-sided Mann-Whitney U tests. The null hypothe-
sis in each independent test was that the two groups’ Dice
score distributions have equal medians (i.e., no improvement
for the 2025 or reasoning-enabled models) with a = 0.05.
For each dataset, we report the U-statistic, the raw p-value,
and whether p < «, indicating statistical significance. For
the run-to-run variability testing and ablation study, we did
the same to statistically compare one single reasoning (GPT
o4-mini-high) and one non-reasoning model (GPT-40), by
using one-sided Mann-Whitney U tests on their average
losses per epoch and mean Dice scores per batch for each
group, across the 10 runs.

All LLM-generated scripts, logs including CoT, visualiza-
tions, prompt engineering log, model-selected architecture,
hyperparameter comparison tables, error tracking and fur-
ther analyses are provided in our GitHub repository:
https://github.com/ankilab/LLM_based_Segmentation.git.

4. Results

We present a comprehensive comparison of LLM-generated
medical image segmentation pipelines across multiple dimen-
sions, including error rates during code execution, training
and validation convergence behavior, and segmentation per-
formance on the six diverse medical imaging datasets (see
Figure 1). Results are further stratified by model generation
(2024 vs. 2025) and reasoning capability (reasoning vs.
non-reasoning models), along with a run-to-run variability
test on one reasoning and one non-reasoning model of the
same family (GPT) to asses the robustness of the findings.

Our first step was to evaluate whether the LLM-generated
code executed directly or if errors were encountered during
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runtime. The errors included syntax errors, import issues,
size or type mismatches, and data handling errors, which
were recorded, categorized, and fed back into the LLM for
self-correction (Figure 2).

In the 2024 LLMs (Figure 2a), Gemini 1.5 Pro and Llama
3.1 405B produced the highest number of overall errors,
with the most prevalent error types being RuntimeError
and ValueError, whereas GPT ol-Preview (reasoning) and
Claude 3.5 Sonnet produced fully executable code on their
first attempt without any errors. Certain LLM-generated
scripts (Llama 3.1 and Gemini 1.5 Pro) required more
intensive debugging, and in some cases, supplementary
information had to be provided during error feedback (see
LLM chat logs on GitHub) to help the model break out
of repetitive error loops (Arjomandi et al., 2025), thereby
reducing the overall efficiency of the generated medical
image analysis workflows by these models.

In contrast, the 2025 models (Figure 2b) demonstrated
a substantial reduction in error frequency and severity, with
the maximum total number of errors being 4 in Grok 3 mini,
Qwen 3, and Llama 4 Maverick, making NameError the
most prevalent one. Several reasoning-enabled LLMs (in-
cluding DeepSeek, GPT o4-mini-high and Mistral medium
3) produced 1-3 errors (in case of DeepSeek R1 being not
an error but the miscalculation of mean appended Dice
scores per batch for validation and test sets, unlike the
instructions, saving for each sample instead of mean per
batch, which needed manual editing), while some newer
versions of earlier models demonstrated significant gains
in robustness. For instance, Gemini 2.5 Pro and Llama 4
achieved zero and four errors, respectively, in contrast to
their earlier counterparts, with the highest number of total
errors of 15 and 13, respectively, representing a substantial
improvement from the previous generation. Importantly,
models like Grok 3, Gemini 2.5 Pro, Claude 4 Sonnet, and
GPT 03 generated code that executed flawlessly "out-of-
the-box™ without requiring corrections. Interestingly, Grok
3 exhibited no errors, whereas its smaller reasoning-enabled
variant Grok 3 mini encountered a limited number of issues.

Overall, reasoning-augmented 2025 LLMs not only pro-
duced fewer errors but also resolved errors more effectively
when feedback loops were used, without the need for ad-
ditional input. The majority of errors in these models
arose from dataset-specific preprocessing steps—such as
handling array-to-tensor conversions and data loading rou-
tines—rather than core architectural issues, reflecting these
models’ improved capacity to adapt code logic across var-
ied imaging modalities, and in contrast to the higher error
counts and diversity of error types in the 2024 LLMs, high-
lights their capacity for autonomous debugging and code
synthesis.

After confirming that the LLM-generated scripts run
without causing any errors, we investigated the training

and validation process of all models on each dataset. Al-
though each LLM employs unique training configurations
and architectural choices, the validation loss curves highlight
clear differences in performance dynamics over the training
epochs, where the number of epochs was chosen by each
LLM. As shown in Figure 3 (note that the absolute y-values
are not directly comparable across pipelines, as curves show
loss values from different formulations (Table 1 and 2) and
should be interpreted only in terms of relative convergence
speed and cohort-level trends), for the BAGLS and Uterine
Myoma datasets as examples, the 2025 LLMs demonstrated
improved convergence behavior and lower final validation
losses compared to their 2024 counterparts, and in some
cases faster convergence compared to the baseline.

The same can be observed across all datasets (Appendix
A and B, Figures 11 and 12). The convergence behavior
of reasoning-enabled models (such as GPT o4-mini-high,
GPT 03, Mistral Medium 3 and Qwen 3), as well as Grok 3
(non-reasoning), achieved rapid reductions in validation loss,
reaching levels below 1072 within the first 15-20 epochs.
Claude 4 Sonnet and Gemini 2.5 pro closely followed nnU-
Net, reaching convergence in fewer epochs than the baseline
for most datasets, followed by DeepSeek R1 (reasoning)
and V3 (non-reasoning) with medium convergence. Cer-
tain models, such as Llama, the DeepSeek models, and
Grok 3 Mini exhibited less consistent training dynamics,
with noticeable fluctuations in validation loss and poorer
convergence toward lower loss values, sometimes with mild
instability in early training epochs. In contrast, some 2024
models showed slower convergence and plateaued at higher
loss values, with Bing Microsoft Copilot and GitHub Copi-
lot showing almost no convergence, indicating suboptimal
training dynamics, whereas earlier versions of the 2025
high-performing LLMs, such as GPT ol-Preview, GPT-4o,
and Claude 3.5 Sonnet, already demonstrated strong per-
formance, achieving validation loss trajectories that were
comparable to their 2025 successors and outperforming
most other models from the same generation.

Comparing the models under a fixed number of epochs,
Figure 4 shows validation losses across 120 epochs on the
BAGLS dataset for all models. In addition, we indicated the
number of epochs suggested by each LLM in each training
loss. As in our original comparison, reasoning-enabled 2025
models still converge faster and to lower loss values than
non-reasoning or 2024 models, even when all models share
the same training budget. The relative convergence speeds
and final loss levels remain consistent with the patterns seen
under each model’s self-selected epoch count, indicating
that variable epoch schedules do not notably bias our core
performance comparisons.

To evaluate performance and segmentation accuracy,
we computed Dice coefficients for all models on the held-out
test sets across the six datasets, comparing LLM-generated
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Figure 2: Comparison of the number and type of errors across LLMs until successful code execution for a) 2024 selected
models and b) 2025 selected models.
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Figure 3: Validation loss per epoch for 2024 (left) and 2025 (right) LLM-generated segmentation pipelines, exemplarily
shown on the BAGLS dataset (top) and Uterine Myoma MRI dataset (bottom), with nnU-Net v2 (total loss shown) as
baseline (blue). Number of epochs were determined by each LLM. Note that curves show loss values from different
formulations (BCE, BCE+Dice, etc.) and absolute values are not directly comparable.
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Figure 4: Validation loss per epoch for 2024 and 2025 LLM-generated segmentation pipelines, exemplarily shown on the
BAGLS dataset for a constant number of epochs, with nnU-Net v2 (total loss shown) as baseline (blue). Initial number
of epochs chosen by each model is marked with a dot on the respective curves. Note that curves show loss values
from different formulations (BCE, BCE+Dice, etc.) determined by each model and absolute values are not directly

comparable.

pipelines to the nnU-Net v2 baseline (Figure 5. For visu-
alization with Dice scores sorted by medians separately on
each dataset, see Appendix C, Figure 13). The analysis also
distinguishes reasoning-enabled and non-reasoning models
within and across generations.

For the 2024 models (Figure 5), GPT ol-Preview, the
only reasoning-enabled LLM in this generation, consistently
achieved high Dice scores with medians close to nnU-Net v2
across most datasets, along with Gemini 1.5 Pro—despite
it's high error rate—, and Claude 3.5 (non-reasoning) show-
ing moderate to high performance (medians ~ 0.75-0.90),
being the highest performing models on the complex retinal
vessel dataset, and in the case of the Bolus dataset even
outperforming the nnU-Net baseline along with the GPTs.
GPT-40 and GPT-4 also performed well as non-reasoning
models, achieving median Dice scores between 0.75 and
0.90 but with slightly more variability, especially on complex
tasks such as retinal vessel segmentation, where they per-
formed poorly. GitHub Copilot and Bing Copilot performed
poorly across all datasets, often with medians below 0.30,
following Llama with only a moderate performance on the
Bolus and Skin Cancer dataset. The results can also be ob-
served qualitatively in Figure 6, where the inferred prediction
masks from the more advancede GPT models (ol-preview
and 40) as well as Claude 3.5 and Gemini 1.5 show Dice
scores close to the nnU-Net prediction (except for the retina
dataset where most models struggled), whereas Copilot and
Bing Copilot failed learning, and Llama 3.1 was unable to
capture detailed spatial information due to the small size
(0.53M parameters) and shallow chosen bottleneck (256
ch) (Table 2).

Most 2025 models (Figure 5) demonstrated substantial

improvements and higher mean Dice scores (in case of the
Retina and BAGLS dataset significantly higher, with U =
70.0, p = 0.0016, and U = 65.0, p = 0.0045 respectively),
particularly among reasoning-enabled LLMs. Claude 4 Son-
net and GPT o4-mini-high, GPT 03 achieved the highest
Dice scores, matching, or on the Bolus and Skin Cancer
datasets slightly exceeding, nnU-Net. Other reasoning mod-
els, including Mistral Medium 3 and Qwen 3, also performed
robustly and consistently high across modalities, which can
also be seen in the qualitative inference (Figure 7). Greater
variability in Dice scores was observed on the more complex
Retina and Uterine Myoma datasets, reflecting the increased
difficulty of fine-structure, slice-wise segmentation of volu-
metric data or the presence of thin or ambiguous boundaries
(Figure 5). Llama 4 Maverick showed similarly poor perfor-
mance to its earlier 3.1 version on complex datasets and
slightly improved performance on other datasets, partic-
ularly the Uterine Myoma dataset, while Gemini 2.5 Pro,
despite running error-free, performed comparably or slightly
worse than its predecessor in some cases (Utreine Myoma
and Skin Cancer dataset) (Figure 7), and while DeepSeek
V3, as a non-reasoning model, performed worse than its
reasoning-enabled counterpart R1 on the more complex
datasets (Retina and Uterine Myoma dataset) but better
on all other datasets, Grok 3 mini (reasoning-enabled) also
surprisingly underperformed compared to the non-reasoning
Grok 3 on most datasets (Figure 5, 7).

Taken together, these results indicate that reasoning-
augmented LLMs—except in few cases—more often pro-
duce more accurate and stable segmentation pipelines across
diverse tasks, while non-reasoning models offer competitive
but slightly less consistent baselines. The 2025 generation
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Figure 5: Comparison of the test Dice scores across all selected 2024 (blue) and 2025 (red) models, for each of the six
datasets. Dice scores are sorted by median from high to low for BAGLS, other plots following the same order for easier
visual comparison. nnU-Net is shown at the top as the baseline.

as a whole marks a remarkable step forward, bringing LLM-
generated pipelines closer to expert-designed frameworks
matching or outperforming nnU-Net.

We were next interested in architectural design across
LLMs. Comparing the model architectures, selected hy-
perparameters, data loading, training, and main scripts,
the 2025 LLM-generated pipelines showed both convergent
design patterns and meaningful differences in their archi-
tectural and training configurations (Table 1). All 2025
models operated on 256 x 256 inputs, used four encoding
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and four decoding stages (except Llama 4 Maverick, which
used three), and adopted U-Net—style double-convolutional
blocks with BatchNorm and RelL U activations. However, the
depth of the bottleneck and the number of encoder channels
varied: DeepSeek R1, DeepSeek V3, and Claude 4 Sonnet
employed a 1024-channel bottleneck, whereas GPT 03 and
GPT o4-mini-high used only 512 channels. Qwen 3_235B
stood out by inserting a CBR block (Conv—BN—RelLU
twice) in place of the standard double-conv.

All models were trained with the Adam optimizer, but
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Figure 6: Inferred prediction masks comparison across 2024 selected models. Each horizontal set shows the performance
of each model on an unseen, rather challenging sample image from each of the six datasets, from top to bottom row:
BAGLS, Bolus, Brain Tumor, Retina, Skin Cancer, and Uterine Myoma datasets.

differed in learning rate and the use of weight decay. GPT
03, DeepSeek V3, Mistral Medium 3, and Qwen 3_235B
used Ir = 1073, while GPT o4-mini-high, Claude 4 Sonnet,
Gemini 2.5 Pro, and Grok 3 adopted Ir = 10~4; DeepSeek
R1 and Claude 4 Sonnet also applied a small weight decay
of 10~°. Batch sizes ranged from 8 for most models, 16 for
Grok 3, 3-mini, Mistral Medium 3, and Qwen 3, up to 32
(Llama 4 Maverick), reflecting memory constraints. Epoch
counts were likewise heterogeneous, with GPT o4-mini-high,
Claude 4 Sonnet, and Mistral Medium 3 training for 50
epochs versus Llama 4 Maverick's 10 epoch choice, similar
to the 2024 version Llama 3.1.

The 2025 models employed three main categories of
loss functions. Four models—GPT 03, GPT o4-mini-high,
Grok 3 Mini, and Qwen 3_235B—used a straightforward
BCEWithLogitsLoss. Five models combined cross-entropy
with Dice: DeepSeek V3 applied a BCEDiceLoss, DeepSeek
R1 used a DiceBCELoss (70% BCE + 30% Dice), Claude
4 Sonnet adopted a balanced combined loss (o = 0.5), and

Gemini 2.5 Pro coupled BCEWithLogitsLoss + DiceLoss.
The remaining three models—Grok 3, Llama 4 Maverick,
and Mistral Medium 3—relied on standard BCELoss,
flecting a simpler pixel-wise objective.

re-

These configuration choices impacted both parameter
counts and training times. Models with deeper bottlenecks
(e.g., DeepSeek V3/R1, Claude 4 Sonnet, GPT 04-mini-
high) had ~ 31 million parameters and required longer
to train, compared to lighter models (GPT 03, Llama 4
Maverick) with ~ 7-8 million parameters.

The 2024 models, as summarized in Table 2, also ad-
hered loosely to a U-Net template, most employing four en-
coder—decoder stages, DoubleConv blocks (BatchNorm2d
in GPT-40, Copilot, and Gemini 1.5 Pro), and
ConvTranspose2d upsampling, with bottleneck widths rang-
ing from 256 to 1024 channels and parameter counts span-
ning 0.5 M to over 31 M; all models trained with a sim-
ple binary cross-entropy loss (Arjomandi et al., 2025). In
contrast, the 2025 models uniformly applied BatchNorm2d
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selected models. Each horizontal set shows the performance
age from each of the six datasets, from top to bottom row

respectively BAGLS, Bolus, Brain Tumor, Retina, Skin Cancer, and Uterine Myoma datasets.

after each convolution, and consolidated around larger 1024-
channel bottlenecks for reasoning models, paired with mixed
BCE+Dice objectives, resulting in longer training but higher
final Dice scores, whereas lighter non-reasoning variants
used 512-channel bottlenecks and pure BCEWithLogitsLoss
with smaller parameter counts, yielding faster training but
slightly lower segmentation accuracy, reflecting a shift to-
ward more consistent, high-capacity architectures and more
sophisticated loss functions.

Figure 8 and Table 3 summarize the aggregate per-
formance differences between reasoning and non-reasoning

LLMs, as well as the 2024 and 2025 model cohorts. Reasoning-

enabled models converged notably faster and to lower val-
idation losses than non-reasoning models (Fig. 8a), and
the 2025 generation outperformed the 2024 models across
epochs (Fig. 8b). In terms of segmentation accuracy, rea-
soning models achieved higher median Dice scores and
tighter distributions on both validation and test sets (U
= 15, p = 0.002; U = 18, p = 0.005) compared to non-
reasoning models (Fig. 8c). Similarly, the 2025 models
exhibited significantly better Dice performance than the
2024 generation on validation and test data (U = 12, p
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= 0.001; U = 14, p = 0.003), underscoring the impact of
both reasoning capabilities and architectural advances in
the newer cohort (Fig. 8d).

Also as shown in Table 3 in the test-set evaluation, me-
dian Dice scores improved from 2024 to 2025 in all six tasks,
with reasoning-enabled models showing slightly higher me-
dian Dice scores than non-reasoning models (significantly
higher on the Retina and BAGLS datasets). All other statis-
tical tests for 2024 vs. 2025 or reasoning vs. non-reasoning
for each dataset yielded p > 0.05.

To assess how sensitive our LLM-generated pipelines are
to nondeterministic code generation and probe the stability
of our LLM-driven pipelines, we repeated the end-to-end
process, including prompting, code generation, training, and
evaluation, ten times each for GPT-40 (non-reasoning) and
GPT-04-mini-high (CoT reasoning), as being two represen-
tative models of the same family. Table 4 and 5 summarize
the configuration choices and outcomes across all 10 runs
for the non-reasoning and reasoning model, respectively.

Across both models, the batch size 8 and input resolu-
tion (256 x 256) remained identical in every run, confirming
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Table 1: Architectural and training configurations of 2025 LLM-generated segmentation pipelines (split into two
sub-tables). Total training time for each model shows the mean training time (+ standard deviation) over all six datasets.

Feature GPT o3 GPT o4-mini-high DeepSeek V3 DeepSeek R1 Claude 4 Sonnet
Batch Size 8 8 8 8 8

Epochs 25 50 25 30 50
Optimizer & LR Adam(1e-3) Adam(1e-4) Adam(1e-3) Adam(le-3,wd=1e-5) Adam(le-4,wd=1e-5)
Loss Function BCEWLogits BCEWLogits BCEDice DiceBCE (70/30) CombLoss (a«=0.5)
# Encoder Stages 4 4 4 4 4

# Decoder Stages 4 4 4 4 4

Conv Block (Conv—BN—ReLU)x2  DoubleConv DoubleConv DoubleConv DoubleConv
Bottleneck 256—512 ch 1024 ch 512 ch 1024 ch 1024 ch

Final Layer Conv2d(32—1) Conv2d(64—1) Conv2d(64—1) Conv2d(64—1) Conv2d(64—1)

64,128,256,512 64,128,256,512,512 64,128,256,512,1024 64,128,256,512,1024
512,256,128,64 512,256,128,64 512,256,128,64 512,256,128,64
31.0 M 31.4 M 314 M 31.0 M

Encoder Channels
Decoder Channels
Total Parameters

32,64,128,256
256,128,64,32
7.8 M

Training Time 0:40:44(+ 14.0') 1:06:08(+ 23.4')  0:26:34(+ 16.4") 0:43:49(£ 25.6") 1:30:01(+ 32.7")
Feature Gemini 2.5 Pro Grok 3 mini R Grok 3 LLaMA 4 Maverick Mistral Medium 3 Qwen 3.235B
Batch Size 8 16 16 32 16 16
Epochs 25 20 20 10 50 20
Optimizer & LR Adam(le-4) Adam(le-4) Adam(1e-3) Adam(1e-3) Adam(1e-3) Adam(1e-3)
Loss Function BCE+Dice BCEWLogits() BCE BCE BCE BCEWLogits
# Encoder Stages 4 4 4 4 4 4
# Decoder Stages 4 4 4 3 4 4
Conv Block DoubleConv DoubleConv DoubleConv DoubleConv DoubleConv CBR
Bottleneck 1024 ch 512—1024—1024 512—1024 256—512 512—512 512—1024 ch
Final Layer Conv2d(64—1) Conv2d(64—1)+Sig Conv2d(64—1)+Sig Conv2d(64—1)+Sig 1x1 Conv(64—1)+Sig 1x1 Conv(64—1)

64,128,256,512

512,256,128,64
173 M

0:29:21(£ 18.1")

64,128,256,512

512,256,128,64
31.0M

0:24:21(£ 14.9')

64,128,256,512

512,256,128,64
31.0 M

0:35:13(+ 13.8")

64,128,256,512
256,128,64
7.7 M
0:12:24(+ 7.8")

64,128,256,512

512,256,128,64
13.4 M

0:54:15(+ 41.8")

1,64,128,256,512
1024,512,256,128,64
31.0M
0:22:48(£ 11.3")

Encoder Channels
Decoder Channels
Total Parameters
Training Time

Table 2: Architectural and training configurations of 2024 LLM—generated segmentation pipelines. Total training time
for each model shows the mean training time (£ standard deviation) over all six datasets.

Feature GPT-4 GPT-40 GPT-ol Claude 3.5 Copilot Bing Copilot LLaMA 3.1  Gemini 1.5 Pro
Batch Size 16 8 16 16 16 16 32 8
Epochs 25 25 10 50 25 25 10 20
Optimizer & LR Adam(1le-3) Adam(1le-4) Adam(1le-4) Adam(1e-3) Adam(le-4) Adam(1le-4) Adam(1e-3) Adam(1le-4)
Loss Function BCEWLogits BCE BCE BCE BCE BCE BCE BCE

# Encoder Stages 4 5 4 4 4 4 3 4

7 Decoder Stages 3 4 4 4 4 4 3 4

Conv Block DoubleConv CBRx2 DoubleConv DoubleConv CBRx2 Conv—RelLUXx2 Conv—RelLU CBRx2
Bottleneck 512 ch 1024 ch 1024 ch 1024 ch 512 ch 512 ch 256 ch 1024 ch
Final Layer Conv2d(64—1)  Conv2d(64—1) Conv2d(64—1) Conv2d(64—1) Conv2d(64—1) Conv2d(64—1) Conv2d(64—1) Conv2d(64—1)

64,128,256  64,128,256,512
256,128,64  512,256,128,64
31.0M 0.53 M 31.0M

6.2 M 6.1 M
1:28:05(% 32.1')  0:03:04(+ 2.4') 0:08:17(+ 3.9') 0:05:54(+ 4.5') 0:17:46(* 9.8")

Encoder Channels 64,128,256,512 64,128,256,512,1024 64,128,256,512,1024 64,128,256,512,1024 64,128,256,512 64,128,256,512
Decoder Channels 512,256,128,64 512,256,128,64 512,256,128,64 512,256,128,64 512,256,128,64 512,256,128,64
Total Parameters 7.7 M 31.0 M 31.0M

Training Time 0:24:34(+ 16.7')  0:15:49(+£ 7.5") 0:13:00(=+ 7.8")

Table 3: Comparison of median Dice scores (with IQR) between 2024 and 2025 models across six datasets. Mann—
Whitney U test results are reported for statistical comparison. Significant results are marked in bold.

Dataset 2024 Median (IQR) 2025 Median (IQR) A Median U  p-value Significant?
BAGLS 0.8396 (0.4793-0.8960) 0.8910 (0.8408-0.9277)  +0.0514 65.0 0.0454 Yes
Bolus Swallowing 0.8447 (0.5919-0.8778) 0.8691 (0.8470-0.8864)  +0.0244 52.0 0.2724 No
Brain Tumor 0.9033 (0.7884-0.9360) 0.9123 (0.8381-0.9420)  +0.0090 54.0 0.2211 No
Skin Lesion 0.9062 (0.8296-0.9229) 0.9124 (0.8821-0.9357)  +0.0062 61.0 0.0864 No
Uterine Myoma ~ 0.7391 (0.0399-0.8348) 0.7540 (0.5591-0.8614)  +0.0149 54.0 0.2211 No
Retina Fundus 0.5413 (0.3230-0.6500) 0.8176 (0.8033-0.8234)  +0.2763 70.0 0.0164 Yes
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Figure 8: Mean validation loss per epoch for (a) reasoning (GPT ol-Preview (2024), and Claude 4 Sonnet, DeepSeek
R1, GPT 03, GPT o4-mini-high, Gemini 2.5 Pro, Grok 3 Mini, Llama 4 Maverick, Mistral Medium 3, and Qwen 3_235B
(2025)) (red) vs. non-reasoning (GPT-40, GPT4, Llama 3.1 405B, Gemini 1.5 Pro, Copilot, Claude 3.5 Sonnet, Bing
Microsoft Copilot (2024), plus DeepSeek V3 and Grok 3 (2025)) (blue) models, and (b) 2024 (blue) vs. 2025 (red)
generations. (c) Validation and test Dice scores for reasoning vs. non-reasoning models (validation: U= 50.0, p=0.356;
test: U=58.0, p=0.153), (not significant). (d) Validation and test Dice scores for 2024 vs. 2025 models (validation:
U=57.0, p=0.014; test: U=65.0, p=0.045) (significant), shown exemplarily for the BAGLS dataset.

consistency in core data handling. However, the number of
training epochs chosen by each run varied: GPT-4o split its
runs between 20, 25, and 30 epochs (5 out of 10 runs choos-
ing 20 epochs), while GPT-04-mini-high opted for longer
schedules (up to 50 epochs) 5 out of 10 runs, reflecting
small architectural or hyperparameter differences. Optimizer
choice remained fixed (Adam) for all runs, though learning
rates occasionally toggled between 1073 and 10~%. Loss
functions were uniformly Binary Cross-Entropy (BCE)
for GPT-40, whereas GPT-04-mini-high alternated between
BCE and BCEWithLogitsLoss in each run, otherwise show-
ing notable consistency.

Architecturally, while every GPT-40 run adhered strictly
to four encoding and four decoding stages, GPT o4-mini-
high inserted a fifth encoder stage in five out of ten runs,
producing deeper 5-stage U-Nets in those cases. Only the
remaining GPT o4-mini-high runs retained the standard
four-stage structure. This highlights that GPT-40's gen-
erated architectures were uniform in depth, whereas GPT
04-mini-high—despite occasional variations—still delivered
more consistent and higher segmentation performance (see
Figure 9). Minor variations in the convolutional block im-
plementation (e.g., DoubleConv vs. CBR wrappers with
Batch normalization after every convolution) appeared in 2
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of the 10 GPT-4o0 runs, but remained consistent over the 10
GPT-04-mini-high runs, although these did not materially
affect model capacity. Parameter counts remained ~ 31M
for GPT-40, but ranged between ~ 13-31M for GPT-04-
mini-high, in one case even introducing a larger bottleneck
and raising its parameter count to ~ 125M, reflecting the
exploratory nature of a reasoning model when given the
same prompt, with freedom of choice in parameters.

Error occurrences also differed (Table 4 and 5): Like
the initial run, GPT-40 generated one or two runtime/value
errors in 6 of 10 runs, whereas GPT-04-mini-high produced
errors in only 4 runs, corrected by the model itself via
self-debugging after one to two loops.

Despite these small differences, the test Dice scores
for GPT-40 varied considerably (Figure 9) (median 0.87,
IQR 0.77-0.95), and validation loss curves showed a higher
spread and standard deviation (Figure 10.a). In contrast,
GPT-04-mini-high exhibited much tighter performance in
the Dice scores (median 0.92, IQR 0.87-0.94) (Figure 9),
and validation losses consistently fell below 0.02 after epoch
20, with a smaller standard deviation across all runs (Fig-
ure 10.b).

Statistically comparing the runs on the reasoning vs
non-reasoning model, the Mann-Whitney U test showed no
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Table 4: Architectural and training configurations of GPT-40 generated segmentation pipelines in 10 runs (split into two
sub-tables). Training times are shown for the Brain Tumor dataset for comparison.

Feature GPT 4o #1 GPT 40 #2 GPT 4o #3 GPT 4o #4 GPT 4o #5
Batch Size 8 8 8 8 8
Epochs 30 25 20 20 20
Optimizer & LR Adam(le-4) Adam(1le-3) Adam(le-4) Adam(le-4) Adam(le-4)
Loss Function BCE BCE BCE BCE BCE

# Encoder Stages 4 4 4 4 4

# Decoder Stages 4 4 4 4 4

Conv Block Conv Block DoubleConv CBR DoubleConv CBR
Bottleneck 512—1024 ch 512—1024 ch 512—1024 ch 512—1024 ch 512—1024 ch
Final Layer 1x1 Conv+Sig 1x1 Conv+Sig 1x1 Conv+Sig 1x1 Conv+Sig 1x1 Conv+Sig

Encoder Channels  1,64,128,256,512 1,64,128,256,512 1,64,128,256,512 1,64,128,256,512 1,64,128,256,512
Decoder Channels 1024,512,256,128,64 1024,512,256,128,64 1024,512,256,128,64 1024,512,256,128,64 1024,512,256,128,64

Total Parameters 31.03 M 31.04 M 31.04 M 31.04 M 31.04 M
Training Time 0:08:54 0:07:48 0:06:44 0:06:12 0:06:14
Errors 0 1 ValueError 0 1 RuntimeError 1 ValueError
Feature GPT 40 #6 GPT 4o #7 GPT 40 #8 GPT 40 #9 GPT 40 #10
Batch Size 8 8 8 8 8
Epochs 25 25 20 20 25
Optimizer & LR Adam(1le-4) Adam(le-4) Adam(1le-4) Adam(le-4) Adam(le-4)
Loss Function BCE BCE BCE BCE BCE
# Encoder Stages 4 4 4 4 4
# Decoder Stages 4 4 4 4 4
Conv Block DoubleConv (Conv—BN—ReLU)x2 DoubleConv DoubleConv DoubleConv
Bottleneck 512—1024 ch 512—1024 ch 512—1024 ch 512—1024 ch 512—1024 ch
Final Layer 1x1 Conv+Sig 1x1 Conv+Sig 1x1 Conv+Sig 1x1 Conv+Sig 1x1 Conv+Sig
Encoder Channels  1,64,128,256,512 1,64,128,256,512 1,64,128,256,512 1,64,128,256,512 1,64,128,256,512
Decoder Channels 1024,512,256,128,64 1024,512,256,128,64 1024,512,256,128,64 1024,512,256,128,64 1024,512,256,128,64
Total Parameters 31.04 M 31.04 M 31.04 M 31.03 M 31.04 M
Training Time 0:08:04 0:07:46 0:06:15 0:06:07 0:07:49
Errors 1 ValueError 0 0 1 Other 1 ValueError

Table 5: Architectural and training configurations of GPT-04-mini-high generated segmentation pipelines in 10 runs
(split into two sub-tables). Training times are shown for the Brain Tumor dataset for comparison.

Feature GPT o4 high #1 GPT o4 high #2 GPT o4 high #3 GPT o4 high #4 GPT o4 high #5
Batch Size 8 8 8 8 8
Epochs 20 20 50 25 20
Optimizer & LR Adam(le-4) Adam(1le-3) Adam(le-4) Adam(1le-3) Adam(1le-3)
Loss Function BCE BCEWithLogits BCE BCEWithLogits BCE
# Encoder Stages 4 4 5 5 5
# Decoder Stages 4 4 4 5 4
Conv Block DoubleConv DoubleConv (Conv+BN+ReLU)x2 (Conv+BN+ReLU)x2 (Conv+BN+RelLU)x2
Bottleneck 512—1024 ch 512—1024 ch 512—1024 ch 1024—2048 ch Down (512—512)
Final Layer 1x1 Conv+Sig 1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv
Encoder Channels 1—64—128—256—512 1+64—128—256—512 64,128,256,512,512 64,128,256,512,1024 64,128,256,512,512
Decoder Channels  512—256—128—64 512—256—128—64 512,256,128,64 1024,512,256,128,64 256,128,64,64
Total Parameters 31.38 M 31.04 M 13.39 M 125.8 M 13.39 M
Training Time 0:07:09 0:06:11 0:48:19 0:29:10 0:05:07
Errors 1 RuntimeError 0 0 2: Runtime+ValueError 2: Attribute+ValueError
Feature GPT o4 high #6 GPT o4 high #7 GPT o4 high #8 GPT o4 high #9 GPT o4 high #10
Batch Size 8 8 8 8 8
Epochs 50 50 20 50 50
Optimizer & LR Adam(1e-3) Adam(1e-4) Adam(1e-3) Adam(1e-4) Adam(le-4)
Loss Function BCE BCEWithLogits BCE BCE BCEWithLogits
# Encoder Stages 5 5 4 4 4
# Decoder Stages 4 4 4 4 4
Conv Block (Conv+BN+ReLU)x2 (Conv+BN-+ReLU)x2 (Conv+BN+ReLU)x2 (Conv+BN+ReLU)x2 (Conv+BN+RelLU)x2
Bottleneck Down (512—512) Down (512—512) 512—1024 ch 512—512 ch 512—512 ch
Final Layer 1x1 Conv+Sig Conv2d (64—1) Conv2d(64—1) Conv2d(64—1) Conv2d (64—1)
Encoder Channels  64,128,256,512,512 64,128,256,512,512 64,128,256,512 64,128,256,512 64,128,256,512
Decoder Channels 512,256,128,64 256,128,64,64 512,256,128,64 512,256,128,64 512,256,128,64
Total Parameters 13.39 M 13.39 M 31.04 M 13.39 M 13.39 M
Training Time 0:48:22 0:48:27 0:20:27 0:12:21 0:13:28
Errors 0 0 0 1 ValueError 0
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significant difference between GPT-40 and GPT-04-mini-
high on segmentation accuracy, comparing the mean Dice
scores per batch over the 10 runs (U = 5321, p = 0.596).
In contrast, their mean validation losses per epoch over
the 10 runs displayed a significant reduction (U = 1087,
p = 8.3 x107%) in GPT o4-mini-high, indicating that the
chain-of-thought enabled model converged more effectively
despite similar final Dice performance.

Together, these findings demonstrate that although
GPT-40's code generation is mechanically more uniform
as a non-reasoning model, chain-of-thought reasoning in
GPT-04-mini-high yields markedly better reproducibility
and peak accuracy under repeated, end-to-end generation,
underscoring the value of reasoning guidance for robust,
automatic segmentation pipeline synthesis.

5. Discussion and Conclusion

To the best of our knowledge, this study provides the first
comprehensive and systematic evaluation of LLMs for au-
tonomously generating U-Net—based medical image segmen-
tation pipelines across multiple diverse datasets and modali-
ties, set out to address a central research question: Can large
language models autonomously generate robust and gen-
eralizable U-Net—based segmentation pipelines for diverse
medical imaging tasks with minimal human intervention?
By systematically evaluating both reasoning-enabled and
standard LLMs across six heterogeneous datasets, includ-
ing videofluoroscopic and endoscopic frames, dermoscopic
photographs, and volumetric MRI rendered as 2D slices.
We also considered both CoT versus standard LLMs and
tracking improvements from the 2024 to 2025 model gener-
ations. Our results demonstrate that reasoning-augmented
LLMs, particularly Claude 4 Sonnet, GPT o4-mini-High and
GPT 03, followed by Mistral Medium 3, Qwen 3 and Grok
3, achieve faster convergence, lower validation losses, and
higher Dice scores than both their non-reasoning peers and
earlier 2024 models. These gains were most pronounced on
complex tasks involving fine structures (e.g., retinal vessels)
and volumetric data rendered as 2D slices (e.g., Uterine My-
oma), where reasoning models consistently outperformed
lighter, non-reasoning architectures.

Interestingly, while reasoning models often produced
architectures and hyperparameters well-suited for the task,
their advantage was not universal. On more complex
datasets such as retinal vessel segmentation and Uterine
Myoma MRI slices, performance varied widely, suggesting
that certain modality-specific challenges remain difficult to
capture even for state-of-the-art LLMs. Moreover, occa-
sional instability in models like Grok 3 Mini and DeepSeek
V3, despite promising validation curves, underscores that
validation metrics alone may not guarantee generalization
during inference, particularly on the edge cases or complex

ones.

An additional insight emerged from our run-to-run vari-
ability experiments on two representative models (reasoning
vs non-reasoning) from the GPT family. GPT-4o0, while
architecturally consistent across runs, showed greater vari-
ability in final performance than GPT o4-mini-high. The
latter often produced more diverse architectures, including
deeper or wider networks, but yielded more stable results.
This highlights a critical distinction that consistency in code
generation does not necessarily ensure consistency in ulti-
mate segmentation outcomes. Rather, reasoning-enabled
models appear to exhibit better inductive priors, leading to
more robust performance even when architectural decisions
vary.

These findings suggest that reasoning-enabled LLMs
are approaching the level of expert-designed segmentation
pipelines and could serve as valuable tools for rapidly gen-
erating baseline segmentation frameworks. However, fully
replacing domain-specific solutions, such as problem-tailored
nnU-Net, still requires addressing gaps in data augmenta-
tion, hyperparameter tuning, preprocessing consistency, and
postprocessing strategies within LLM-generated scripts.

We acknowledge limitations in our study, such as focus-

ing exclusively on U-Net—style architectures and 2D segmen-
tation tasks, omitting more sophisticated or task-optimized
architectures (e.g., transformers, attention modules, or 3D
CNNs). Furthermore, for this study, we focused solely on
the out-of-the-box capabilities of commercial and open-
source LLMs, without any augmentation, fine-tuning, or
adaptation to the medical domain, which is, however, typi-
cal of end-user applications. The inherent stochasticity of
LLM outputs, progressive refinements and improved per-
formance over time only allow snapshots in time (see our
2024 vs. 2025 comparison).
Also, since each LLM autonomously set its own number of
training epochs, comparative results inherently reflect both
architectural and reasoning differences, as well as different
training durations, which consequently is an uncontrolled
variable that must be considered when interpreting per-
formance gaps. Our controlled 120-epoch experiment on
BAGLS confirms, however, that the superior convergence
and final performance of reasoning-enabled models persists
under uniform budgets, reinforcing the validity of our orig-
inal findings. Achieving reproducible pipeline generation
requires careful control of LLM parameters (e.g., lowering
the temperature), combined with careful and iteratively re-
fined prompt engineering and refinement to stabilize model
behavior.

Future work should focus on extending these approaches
by combining LLM-generated baselines with automated
refinement pipelines, including hyperparameter optimiza-
tion and domain adaptation routines, and exploring hybrid
workflows that combine the explainability and reasoning
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strengths of LLMs. Additional evaluation metrics (e.g.,
Hausdorff distance or volumetric loU) could also be used to
capture complementary aspects of boundary accuracy and
volumetric consistency. As multimodal LLMs with stronger
reasoning capabilities emerge, there is clear potential for
these systems to not only design but also validate and it-
eratively improve medical image analysis workflows with
minimal human oversight. Especially, one can think of an
agentic framework, where results are fed back into an LLM-
based conversation about that particular dataset or problem
at hand to ensure very strong baseline performance.

In conclusion, LLMs and, particularly, reasoning-enabled
models, represent a significant step toward automating med-
ical image segmentation workflows, reducing the program-
ming burden, and accelerating baseline development. As
LLM architectures continue to evolve and integrate multi-
modal capabilities, and as the field of medical Al moves
toward more transparent, modular, and agentic systems;
LLMs are likely to become integral components of the fu-
ture segmentation development pipeline, and we anticipate
that these models will play an increasingly central role in
clinical research and practice, serving as agile assistants for
prototype development, reproducible baselines, and rapid
experimentation.
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Appendix A. 2024 and 2025 individual Models Validation Losses
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Figure 11: Validation loss per epoch for 2024 (left) and 2025 (right) LLM-generated segmentation pipelines on 4 of the

datasets, with nnU-Net v2 (total loss shown) as a baseline (blue). Number of epochs were determined by each LLM.
Note that curves show loss values from different formulations and absolute values are not directly comparable.
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Appendix B. 2024 vs 2025 Models Validation Losses on each Dataset (simplified visualization)

Figure 12: Validation loss per epoch for 2024 (blue) (a) and 2025 (red) (b) LLM-generated segmentation pipelines, shown
on 4 of the datasets, with nnU-Net v2 (total loss shown) as a baseline (gray). Number of epochs were determined by
each LLM. Note that curves show loss values from different formulations and absolute values are not directly comparable.
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Appendix C.

dataset)
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Figure 13: Comparison of the test Dice scores across all selected 2024 (blue) and 2025 (red) models, for each of the six
datasets. Dice scores are sorted by median from high to low. nnU-Net is shown at the top as the baseline.
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Appendix D. Prompt Template

LLM input prompt text given below. Instructions in brackets can be customized or tailored to needs:

in separate scrips below, provide a complete ready-to-run Python implementation

for a U-Net architecture using PyTorch, for binary segmentation of [grayscale] images.

The dataset should consist of [grayscale] images and corresponding [binary] masks,

which are located in 2 different folders, [OR in the same path (the masks have the

same name as the images, or with a suffix, like: "number.png" and the masks

"number_seg.png"], around [5000] samples in total. access and split directly using

train_test_split on the index list and Subset, [and do NOT duplicate or copy to new directory)]. It
should work and provide correct predictions, and save the losses and

dice scores as instructed below. The code should be structured into importable

scripts with the following:

1. A custom Dataset class for loading the [grayscale] images and corresponding [binary] masks.
(only the [png] files, ignore meta files or additional files in the directory)

2. A UNet model class definition using PyTorch, optimized for [binary] segmentation

[(with small foreground, mostly background)]

3. Functions for the training procedure, validation procedure, and Testing procedure.

Considerations for each part:

4. Ensure needed transforms on input image and mask pairs [(Re-size images
correctly, ensure gray scale and binary...)]

5. Avoid overfitting and data leakage (without using augmentations), choose
appropriate hyperparameters, learning rate, batch size, etc

e For Training and Validation:

6. Compute training and validation losses.

7. Track and save the average training loss for each epoch in a separate Excel file (train_losses.xlsx)
in a given save path. The first row should contain the epoch numbers, and the second row should contain
the corresponding average training loss for each epoch.

8. Similarly, save the validation loss for each epoch in an Excel file (val_losses.xlsx) with the same
structure.

9. At the end of training, save both the entire model and the model’s state dictionary (.pth files)

in the save path

10. Calculate total training time from start to end, and print at the end of training

11. The progress, phase (train/validation), and all info should be shown epoch by epoch using ‘tqdm°
progress bars during training, validation, and testing.

12. A function to visualize training losses and validation losses over epochs afterwards, on the same
plot. Save plot in a specified save path as png.

13. During Validation: mean Dice scores should be calculated over each batch, for each epoch, and
stored in one Excel file (epochs as rows and batches as columns). The Excel file

(named \validation_dice_scores") should be saved at the specified save path after validation is domne.
14. Do the same for the Testing and store dice the Dice scores the same way and save the excel file

as \test_dice_scores" after testing is done.

e For Testing:

15. A function to visualize the predicted masks, the input image, and the ground truth, for 5 random
samples, after testing is done. (subplots for 5 random samples in one plot, in 5 rows and 3 columns
(title at top: Input Image, Ground Truth, Prediction). Also display image file name string above each
image and mask. save the plot as ‘.png‘).

e For Main:

16. Shuffle the data, split the dataset into: 80% training, 10% validation, and 107 test sets using
‘train_test_split‘. Print the sample sizes of each, and copy the splitted data (images and their
respective masks)

17. Dataloader setup for training, validation, and testing sets.

18. Ensure correct data loading, print data loader sizes.
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19. Also usig torchinfo, print model summary, and total number of model parameters (n Trainable params)

20. All the above functionalities should be implemented in a modular way so that they can be imported
as scripts or classes.

21. All visualizations should just be saved as png. No need to display the plots during running.

22. Ensure that everything can be executed in an ‘if __name__ == "__main__":‘ block with instructions
for loading the dataset, configuring hyperparameters, and saving the trained model.

The directory structure should only be:
unet_segmentation/

|-- dataset.py

|-- model.py

|-- train.py

|-- main.py
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