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Abstract001

Large language models (LLMs) have achieved002
notable performance in code synthesis; how-003
ever, data-aware augmentation remains a limit-004
ing factor, handled via heuristic design or brute-005
force approaches. We introduce a performance-006
aware, closed-loop solution in the NNGPT007
ecosystem of projects that enables LLMs to au-008
tonomously engineer optimal transformations009
by internalizing empirical performance cues.010
We fine-tune LLMs with Low-Rank Adapta-011
tion on a novel repository of 6,000+ empir-012
ically evaluated PyTorch augmentation func-013
tions, each annotated solely by downstream014
model accuracy. Training uses pairwise perfor-015
mance ordering (better–worse transformations),016
enabling alignment through empirical feedback017
without reinforcement learning, reward mod-018
els, or symbolic objectives. This reduces the019
need for exhaustive search, achieving up to020
600× fewer evaluated candidates than brute-021
force discovery while maintaining competitive022
peak accuracy and shifting generation from ran-023
dom synthesis to task-aligned design. Ablation024
studies show that structured Chain-of-Thought025
prompting introduces syntactic noise and de-026
grades performance, whereas direct prompt-027
ing ensures stable optimization in performance-028
critical code tasks. Qualitative and quantita-029
tive analyses demonstrate that the model inter-030
nalizes semantic performance cues rather than031
memorizing syntax. These results show that032
LLMs can exhibit task-level reasoning through033
non-textual feedback loops, bypassing explicit034
symbolic rewards. Upon acceptance, we will035
publicly release all code, prompts, and gen-036
erated artifacts to support reproducibility and037
community use.038

1 Introduction039

A neural network’s performance depends on both040

its architecture and how the data is preprocessed.041

Effective data preprocessing and augmentation042

are essential for model generalization and conver-043

gence. Numerous studies have investigated op- 044

timal strategies for data transformations and the 045

development of novel methods. For instance, Au- 046

toAugment (Cubuk et al., 2019a) applies reinforce- 047

ment learning to identify effective augmentation 048

policies, while Meta Learning (Bilalli et al., 2018) 049

approach uses a predictive meta-model to suggest 050

data transformations for a specific classification 051

algorithm. As generative artificial intelligence be- 052

comes increasingly prevalent, recent studies have 053

begun to explore code generation using large lan- 054

guage models (LLMs), leveraging their generative 055

capabilities to propose and assess complex, data- 056

aware solutions. 057

The NNGPT framework (Kochnev et al., 058

2025a,b) previously established a methodology for 059

synthesizing neural network architectures using 060

LLMs. Extending this work, we automate the gen- 061

eration and evaluation of data augmentation func- 062

tions within the NNGPT ecosystem. This study 063

also addresses the limited diversity of data aug- 064

mentations in the LEMUR dataset, which com- 065

prises a broad range of high-capacity and edge- 066

optimized neural network models (Goodarzi et al., 067

2025; Uzun et al., 2026; Din et al., 2025) and serves 068

as the knowledge base for the NNGPT. Motivated 069

by recent advances in LLM applications across 070

multiple domains (Gado et al., 2025; Rupani et al., 071

2025; Khalid et al., 2025) and prior NNGPT ex- 072

periments (Jesani et al., 2025; Vysyaraju et al., 073

2025; Mittal et al., 2025; Khalid et al., 2026), we 074

curate a diverse set of PyTorch data transforma- 075

tion functions and systematically evaluate their ef- 076

fects, producing performance-annotated metadata 077

that links each code snippet to its impact on model 078

training. This metadata is used to fine-tune the lan- 079

guage model, enhancing its understanding of data 080

variability and performance effects. We further 081

implement a system that generates PyTorch data 082

transformation functions and iteratively refines the 083

generator through supervised fine-tuning. 084
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2 Related Works085

The automated generation of data augmenta-086

tions (Yang et al., 2023) has evolved significantly.087

The process began with AutoAugment (Cubuk088

et al., 2019a), which uses reinforcement learning089

to search a fixed list of operations. This approach090

defines a discrete search space of 14 to 16 stan-091

dard image processing methods, such as Rotate,092

ShearX, and ShearY. In this approach, generation093

refers to finding an optimal policy composed of sub-094

policies that specify two sequential transformation095

operations, the probability of applying each oper-096

ation, and the magnitude of each operation. This097

method transforms the problem into a large-scale098

discrete search challenge, with AutoAugment’s099

search space containing approximately 1032 possi-100

ble policies.101

The high computational cost of automated search102

in AutoAugment led to approaches that simpli-103

fied the generation process. RandAugment (Cubuk104

et al., 2019b) demonstrated that a complex search105

algorithm is unnecessary. Instead, it automated106

generation by reducing the search space to two107

interpretable hyperparameters: N (the number of108

transformations to apply) and M (a single, global109

magnitude for all transformations). RandAugment110

randomly samples N transformations from a pre-111

defined list and applies them with magnitude M.112

This generation method matched the performance113

of AutoAugment, indicating that the diversity of114

the transformation space is more critical than the115

complexity of the generation algorithm.116

A key limitation of both AutoAugment and Ran-117

dAugment is that they generate a policy that is118

applied to every image. However, a policy that119

is good for one image may be harmful to an-120

other (Aboudeshish et al., 2025). This led to the121

development of automated generation frameworks122

that are instance-specific and creates a unique aug-123

mentation policy for each individual image (Minh124

et al., 2021). For each image, a Deep Q-Network125

(DQN) iteratively generates a policy by selecting126

an action from a list of transformations or a "Stop"127

action. This process generates a unique, optimal128

chain of transformations for every sample in the129

dataset. This is a far more granular method of130

"generating a large number of transforms," as it131

generates one policy per instance rather than one132

policy per dataset.133

Later research aimed to generate more effective134

and diverse transforms by expanding the space of135

possible transformations (Mumuni and Mumuni, 136

2025b). This expansion of the generation space 137

occurred in two ways: through learned transforma- 138

tions and generative models. This approach enables 139

the model to learn the transformation function it- 140

self. For example, Spatial Transformer Networks 141

(STNs) (Mumuni and Mumuni, 2025b) can be inte- 142

grated into a model to learn optimal affine transfor- 143

mations directly from the data. 144

The latest paradigm in automated generation uti- 145

lizes Large Language Models (LLMs) as the pri- 146

mary generation engine (Mumuni and Mumuni, 147

2025a, Ding et al., 2024). Recent approaches 148

to adapting LLMs for specific tasks have shifted 149

toward Instruction Tuning and Supervised Fine- 150

Tuning (SFT) (Parthasarathy et al., 2024, Chung 151

et al., 2024). Ouyang et al. (2022) showed that 152

fine-tuning models on human-written instructions 153

aligns them more closely with user intent than sim- 154

ply increasing model size. This method is also 155

effective in specialized domains, such as Python 156

programming (Bai et al., 2022). In code gener- 157

ation, where models must address complex and 158

functional requirements beyond basic text comple- 159

tion, such alignment is crucial. Chen et al. (2021) 160

further confirmed this by demonstrating that op- 161

timizing general-purpose LLMs on code corpora 162

enhances performance on functional correctness 163

benchmarks. 164

Recent research in LLM adaptation also high- 165

lights the significance of data quality and training 166

strategies over sheer data quantity. Longpre et al. 167

(2023) identified that task balancing and enrich- 168

ing training data, such as by inverting input-output 169

pairs, are essential for improving generalization. 170

Their results indicate that combining zero-shot, 171

few-shot, and Chain-of-Thought (CoT) data dur- 172

ing fine-tuning leads to better performance across 173

evaluation settings. 174

The structure of input prompts and the train- 175

ing data have a significant impact on the quality 176

of generated outputs, even though SFT updates 177

model weights. A systematic survey by Sahoo 178

et al. (2025) categorizes advanced prompting tech- 179

niques, including Chain-of-Thought (CoT) and de- 180

composed prompting, which are essential for guid- 181

ing models through multi-step logical tasks such as 182

complex data augmentation. Building on these find- 183

ings, Kojima et al. (2023) demonstrated that LLMs 184

function as effective "zero-shot reasoners" and can 185

perform complex task by simply appending the 186

prompt "Let’s think step by step." This approach 187
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enables the creation of reasoning-dense training188

data without the need for manual annotation.189

In the field of code generation, AceCoder (Li190

et al., 2023b) addresses the challenge of require-191

ment understanding through a guided code gen-192

eration mechanism. This approach prompts the193

model to produce intermediate outputs, such as194

test cases or clarifications, prior to generating the195

final code. It instructs the model on "what to196

write" before determining "how to write it." Fur-197

thermore, LAIL (LLM-Aware In-Context Learn-198

ing) (Li et al., 2023a) was introduced to ensure199

that high-quality examples are utilized during train-200

ing or inference. This method filters training data201

based on the model’s preferences, rather than re-202

lying on heuristic text similarity metrics, by em-203

ploying a teacher LLM to estimate the likelihood204

that a given example will facilitate ground truth205

generation. These methods highlight a shift toward206

employing LLMs as active participants in code con-207

struction and quality assurance workflows, rather208

than just as final predictors.209

3 Methodology210

3.1 LLM based code generation211

We used the Olympic Coder 7B (Hugging Face,212

2025) model, an open-source AI model devel-213

oped by Hugging Face. It is specifically designed214

to address complex olympiad-level programming215

problems and is fine-tuned on the CodeForces-216

CoTs (Penedo et al., 2025) dataset. We carried217

out code generation through various prompting218

approaches (Schulhoff et al., 2025, Sahoo et al.,219

2025) including Zero-shot prompting, Role prompt-220

ing, Constraint prompting, and Chain-of-thought221

prompting methods. However, we noticed issues222

such as identical transform functions and syntax223

errors in the generated output.224

3.2 Brute Force Approach225

After initial approaches yielded limited improve-226

ments, we adopted a manual method. First, we227

designed a system to automatically generate im-228

age transformation functions using the PyTorch229

(Paszke et al., 2019) torchvision (maintainers and230

contributors, 2016) package. The available trans-231

forms were organized into a dictionary. Given232

two parameters, the total number of files and the233

number of augmentations per file, we generated234

a number of transformation scripts. Each file235

contained one, two, or three selected transforms236

from the dictionary, in addition to fixed transforms: 237

resize(64, 64), to tensor, and normalization. The 238

generator permuted and cycled through various 239

transform combinations to generate the files, as- 240

signing random parameters to each selected trans- 241

form function. In total, 6,000 transform files were 242

generated and evaluated, 2,000 for each case of 243

using one, two, or three variable transforms. 244

Figure 1: Brute-force data transformation generation
and evaluation pipeline for constructing an LLM fine-
tuning dataset. Image transformation functions are au-
tomatically generated, evaluated under a fixed training
configuration, and stored with their corresponding ac-
curacy, yielding a performance-labeled dataset used in
subsequent LLM fine-tuning.

4 Fine Tuning LLM 245

We employed an iterative instruction fine tuning 246

approach that alternates between generating data 247

transformations, evaluating their performance, and 248

using the resulting metadata to refine the lan- 249

guage model. To enable efficient adaptation with- 250

out the computational overhead of full-parameter 251
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fine-tuning, we employed Low-Rank Adaptation252

(LoRA) (Hu et al., 2021) configured as shown in253

Listing 1 along with other hyperparameters. We254

utilized the set of generated image transforms and255

their evaluations obtained from the brute-force tech-256

nique.

Figure 2: The iterative performance-guided fine-tuning
loop. In each cycle, the LLM synthesizes candidate
data transformations which are empirically validated
via downstream model training. High-fidelity metadata
from these trials is used to update model parameters via
LoRA, inducing a semantic alignment between genera-
tive output and empirical performance cues.

257

LLMθt
Generate−−−−−→ {T1, . . . , Tn}258

Evaluate−−−−→ {(Ti,Acci)}
Filter−−−→ D(t)259

Fine-Tune−−−−−→ LLMθt+1260

First, a prompt is constructed using a few-shot261

strategy from a given prompt template (Listing 3)262

by randomly selecting seed transforms(Ti) from263

the training dataD(t). The LLM(LLMθt) then gen-264

erated several transforms that utilize common pat-265

terns from the references to optimize for specific266

task in each iteration(t). Each generated transform267

was evaluated using the same hyperparameters as268

the brute-force method. Generated data is filtered269

to identify better examples, specifically looking270

for instances where the generated transform im-271

proved upon the baseline accuracy. A dataset is272

constructed by iterating through each transform273

("A") and searching for another transform as an274

‘add-on’ transform ("B") with a higher accuracy275

to generate training pairings in which B outper-276

forms A. This collection of "B better than A" pairs277

is formatted into instruction-tuning pairs using an-278

other prompt template (Listing 2) that serves as the279

fine-tuning dataset.280

hyperparameters = {
# LoRA Adapter Configuration

# Rank of update matrices
"r": 32,
# Scaling factor
"lora_alpha": 32,
"lora_dropout": 0.05,
"bias": "none",
# Adapters applied to all attention

projections
"target_modules": [

"q_proj", "k_proj",
"v_proj", "o_proj"

],

# Optimization Strategy
"optimizer": "paged_adamw_8bit",
"learning_rate": 1.5e-4,
"lr_scheduler_type": "cosine",
"warmup_ratio": 0.05,
# Epochs per fine -tuning iteration
"num_train_epochs": 3,

# Batch Size
"per_device_train_batch_size": 1,
"gradient_accumulation_steps": 8,
"effective_batch_size": 8,

# Generation & Sampling
# Controls diversity
"temperature": 0.8,
# Nucleus sampling
"top_p": 0.9,
"top_k": 70,
"max_new_tokens": 16 * 1024

}

Listing 1: Hyperparameter configuration for LoRA fine-
tuning and generation.

281

1 "prompt" : [
2 "You are an expert image

transformation optimizer." ,
3 "Baseline transform code (Accuracy

: {accuracy }):" ,
4 "<tr >{ transform_code }</tr>" ,
5 "Generate an improved Python

transform function ('transform
') that achieves a higher
accuracy with 1 epoch , batch
64, lr 0.01, and momentum 0.9
for 'cifar -10' dataset and
task: 'img -classification ' " ,

6 "Your response MUST contain
exactly one set of the XML
tags <tr >...</tr >. DO NOT
include any leading or
trailing text , markdown fences
(```), comments , or any other
XML tags like <path > or <text

>."
7 ] ,
8 "output" : [
9 "<tr >{ addon_transform_code }</tr>"

10 ]

Listing 2: Prompt used for fine-tuning

282

4



1 "prompt" : [
2 "You are an expert image

transformation generator." ,
3 "Your task is to generate new

image transformation code." ,
4 "Use common patterns and ideas

from the following two
reference transforms:" ,

5 "Reference 1 (Accuracy: {accuracy
}):" ,

6 "<tr >{ transform_code }</tr>" ,
7 "Reference 2 (Accuracy: {

addon_accuracy }):" ,
8 "<tr >{ addon_transform_code }</tr>"

,
9 "Provide a new , high -performance

transform for 'cifar -10' (task
: 'img -classification ') for
training with 1 epoch , batch
64, lr 0.01, and momentum 0.9"
,

10 "Respond with:" ,
11 "1. A <tr> XML tag containing the

complete Python transform code
(function name 'transform ')."
,

12 "The code must be wrapped strictly
in <tr> and </tr> tags."

13 ]

Listing 3: Prompt used for generation

283

5 Experiments and Results284

All data transformation functions were evaluated285

for the image classification task using a ResNet (He286

et al., 2016) model on the CIFAR-10 (Krizhevsky287

et al., 2009) dataset. The model was trained for 1288

epoch with a batch size of 64, a learning rate of289

0.01, a momentum of 0.9, and a dropout rate of 0.2,290

due to resource and time constraints. All experi-291

ments, including the brute-force search and itera-292

tive fine-tuning loops, were conducted on a local293

workstation with a single NVIDIA GeForce RTX294

4090 GPU (24 GB VRAM) which demonstrates295

the accessibility of our method for researchers with296

limited computational resources.297

The Constraint method achieved the highest298

performance among LLM-based generation tech-299

niques. In this approach, the LLM was directed300

to modify a specified transform. Of the LLM301

generated transforms, approx. 22% were syntac-302

tically correct. The wide confidence interval of303

[0.0644, 0.1436] and the mean accuracy of 0.1040,304

as shown in Table 1, indicate that LLMs without305

fine-tuning may not be optimal for generating trans-306

forms. The highest accuracy achieved was 0.5728,307

using the RandomResizedCrop, ColorJitter, Ran-308

domHorizontalFlip, GaussianBlur, ToTensor, and309

Normalize transforms.310

Configuration Mean Accuracy Best Accuracy 95% Confidence Interval
LLM generated(without fine-tuning) 0.1040 0.5728 [0.0518, 0.1563]
1 transform selected 0.5256 0.6124 [0.5234, 0.5279]
2 transforms selected 0.4832 0.6071 [0.4801, 0.4863]
3 transforms selected 0.4401 0.5983 [0.4363, 0.4439]

Table 1: Performance metrics for the brute-force gener-
ation pipeline. Baseline results for the non-fine-tuned
LLM are compared against systematic permutations of
multiple torchvision transforms. These results provided
the performance-labeled metadata required for subse-
quent iterative supervised fine-tuning.

The brute-force approach generated 6,000 trans- 311

forms. This method achieved a maximum accu- 312

racy of 0.6124 using the RandomPosterize, Resize, 313

ToTensor, and Normalize transforms. Data transfor- 314

mations with a single selected transform generally 315

outperformed those utilizing two or three trans- 316

forms, as indicated in Figure 3 and Table 1, which 317

show an increased confidence interval with a higher 318

number of selected transforms. Several data trans- 319

formations that outperformed the best-performing 320

transform in the LEMUR dataset, when trained 321

with identical hyperparameters and the CIFAR-10 322

dataset using ResNet, were incorporated into the 323

LEMUR dataset.

Figure 3: Accuracy distribution of data transformation
functions grouped by the number of selected transforms.
Single-transform configurations exhibit higher mean
accuracy and lower variance compared to compositions
of multiple transforms.

324

The fine-tuning process began with a curated 325

dataset comprising 2,361 pairs of transforms and 326

evaluations obtained through a brute-force ap- 327

proach. Data redundancy was reduced by removing 328

duplicate transform files. Additionally, 1,180 aug- 329

mented samples were added. Each sample had the 330

input Resize parameter explicitly set to 256. After 331

this initial configuration, the dataset was dynam- 332

ically expanded by incorporating any new LLM- 333

generated transform with an accuracy greater than 334

0.55 into the training set for subsequent iterations. 335

The performance of the generated data transform 336
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functions was tracked over 28 fine-tuning epochs337

(A0 to A27), with 10 transforms generated per338

epoch. Figure 4 shows the LLM’s performance dur-339

ing the fine-tuning loop which includes the mean340

accuracy of all valid transformations and the maxi-341

mum accuracy achieved by the best single transfor-342

mation per epoch.343

Figure 4: Mean and maximum accuracy of generated
transformations across fine-tuning epochs. The mean
accuracy exhibits a steadily upward trajectory (r = 0.34)
over successive epochs, indicating improved overall gen-
eration quality, while the maximum accuracy remains
relatively stable, suggesting consistent rediscovery of
high-performing transformations.

The mean accuracy increased from 0.4317 at344

epoch A0 to 0.56 at epoch A27. This improve-345

ment demonstrates that the fine-tuning process346

effectively aligned the LLM weights with high-347

performing transform code. The model generated348

candidates that led to better convergence after ex-349

posure to more positive examples. Maximum ac-350

curacy did not show a clear monotonic increase351

but remained stable. It indicates the model reli-352

ably rediscovered or slightly improved the best-353

known solutions. The gap between mean and max-354

imum accuracy narrowed in final epochs, showing355

reduced variance. The model generated more con-356

sistently effective transformations and fewer low-357

quality outliers as shown in Figure 5. Qualitative358

code analysis confirmed that the model learned the359

inductive bias from the augmented dataset. The360

generator produced transforms with various reso-361

lution parameters, such as 224, 256, and 32. This362

result shows that the model developed a seman-363

tic relation between parameters like Resize(256)364

and high-accuracy rewards, rather than memorizing365

syntax.366

5.1 Comparison against LEMUR Baseline367

To contextualize the effectiveness of automated368

transform generation, we compared our findings to369

the best-performing transformations in the LEMUR370

Figure 5: Evolution of Generated Transformation Qual-
ity. Kernel Density Estimation (KDE) of validation
accuracy across fine-tuning stages. The shift from Early
(blue) to Late (red) epochs indicates the model effec-
tively minimizes the generation of low-performing code
and converges on a high-performance semantic region

Methods Peak Accuracy
LEMUR dataset 0.6533
LLM (without fine-tuning) 0.6329
Brute Force Approach 0.6634
Fine Tuned LLM 0.6339

Table 2: Comparison of peak classification accuracy
across different augmentation generation strategies. All
methods are evaluated under identical training configura-
tions, enabling a direct comparison between predefined
LEMUR transforms, brute-force generation, and LLM-
based approaches.

dataset, as well as our initial Brute-Force approach. 371

All baselines were evaluated using the same exper- 372

imental constraints: a ResNet architecture trained 373

on CIFAR-10 for a single epoch with a batch size 374

of four, a learning rate of approximately 0.0102, 375

and a momentum of approximately 0.8826. 376

Table 2 summarizes the highest accuracy us- 377

ing the predefined transforms in the LEMUR 378

dataset, the best result from the top 150 brute force- 379

generated transforms, and the maximum accuracy 380

attained in the final epoch of iterative fine-tuning. 381

The experimental results show that the Brute Force 382

approaches slightly outperform the standard aug- 383

mentation strategies found in the LEMUR dataset. 384

5.2 Efficiency of Fine-Tuning vs. Brute Force 385

Although high-performing transforms were suc- 386

cessfully found using the brute-force search, 6000 387

candidates had to be generated and evaluated in 388

order to identify them. In contrast, the Fine-tuned 389

LLM showed better sample efficiency. Despite 390

generating only 10 candidates per epoch (280 391

candidates in total), the model consistently pro- 392

duced transformations with accuracies over the 393

0.55 threshold. The fine-tuning process effec- 394
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tively "distilled" the knowledge from the brute-395

force dataset into the model weights. The LLM did396

not need to explore thousands of random possibili-397

ties. Instead, it quickly converged on the optimal398

strategy. The refined model could provide compet-399

itive augmentations at a significantly higher rate400

than the random brute-force search.401

Figure 6: Impact of performance-aware SFT on transfor-
mation efficacy. Comparison of classification accuracies
achieved by transforms generated at different stages of
the iterative loop. The narrowing of the variance and the
upward shift in the median accuracy provide empirical
evidence that the LLM is successfully internalizing the
semantic performance cues from the metadata reposi-
tory.

6 Ablation Study402

Effect of Redundancy in Dataset403

We used a dataset of 6,000 pairs from the brute404

force approach, along with transforms gener-405

ated from previous fine-tuning iterations to un-406

derstand how data volume and redundancy affect407

the model’s generative stability and convergence.408

Transforms files containing errors, such as invalid409

syntax, were also included in the later fine-tuning410

iterations and assigned an accuracy of 0.0. There411

was also significant redundancy, with multiple files412

containing identical transformation logic differing413

only by random seed values.414

As shown in Figure 7, the curated dataset showed415

a positive trajectory, consistently outperforming416

fine-tuning with the Unfiltered dataset and achiev-417

ing mean accuracies exceeding 0.56. Although the418

large volume of the dataset enabled the model to419

generate valid Python syntax, the duplicate files420

hindered the optimization. The model likely "mem-421

orized" frequent file patterns rather than learning422

to distinguish the specific semantic features that423

contribute to higher accuracy.424

Figure 7: Impact of dataset composition on fine-tuning
performance. Mean validation accuracy across fine-
tuning epochs for curated and unfiltered datasets. The
curated dataset yields more stable convergence and
higher accuracy, while redundancy and noisy samples
in the unfiltered dataset hinder semantic learning.

Effect of Prompt Engineering 425

To evaluate how the model responds to different 426

instruction formats, we compared two approaches. 427

Firstly, the Direct approach (Listing 3) used a sim- 428

ple prompt focused on code generation. Then Struc- 429

tured CoT (Chain-of-Thought) with Constraints 430

(Listing 4) used a verbose prompt requiring anal- 431

ysis before code, along with explicit negative con- 432

straints. 433

Figure 8: Comparative performance of Direct vs. Struc-
tured Chain-of-Thought prompting. The results indicate
that Structured CoT is prone to optimization instability,
evidenced by the total performance drop at epoch 8. The
Direct approach remains more stable and effective, suc-
cessfully internalizing semantic cues without the noise
introduced by verbose reasoning requirements.

As shown in Figure 8, the Direct approach 434

demonstrated better stability and convergence than 435

the Structured approach. Although the mean accu- 436

racy peaked at epoch A6, it dropped below 0.48 437

by epoch A10. This drop suggests that the extra 438

tokens needed for analysis introduced noise. The 439

model struggled to balance generating clear reason- 440

ing with valid Python syntax. 441

The Direct approach shows a consistent posi- 442

tive trend comparatively, peaking above 0.55 at 443
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epoch A10. Removing unnecessary instructions444

allowed the fine-tuning signal to focus on the tar-445

get code. Moreover, removing the "Negative Con-446

straints" and reasoning requirements concentrated447

the model’s attention solely on the target output448

(the transform code). The inclusion of "Nega-449

tive Constraints" may have mistakenly directed the450

model’s focus towards the artifacts (SVG, HTML)451

that it was intended to avoid, or diluted the context452

window with unnecessary instructions.453

1 "prompt" : [
2 "You are an expert image

transformation generator." ,
3 "Your task is to synthesize a high -

performance augmentation strategy
with common patterns and ideas of
two reference transforms." ,

4 "### Reference 1 (Acc: {accuracy })" ,
5 "<tr >{ transform_code }</tr>" ,
6 "### Reference 2 (Acc: {addon_accuracy

})" ,
7 "<tr >{ addon_transform_code }</tr>" ,
8 "### Task" ,
9 "Create a new 'transform ' function for

CIFAR -10 that combines the
effective parts of both references
." ,

10 "Target Settings: 1 epoch , batch 64,
lr 0.01." ,

11 "### Instructions" ,
12 "1. Briefly analyze why Ref 1 and 2

worked , and propose a strategy." ,
13 "2. <tr >: Write the executable Python

code." ,
14 "### Negative Constraints" ,
15 "- DO NOT output SVG , <path >, <g>, or

HTML tags." ,
16 "- DO NOT output markdown fences (```)

." ,
17 "Respond strictly in this format:" ,
18 "<tr >... code ...</tr>"
19 ]

Listing 4: Structured CoT with Constraints Prompt used
for generation

454

7 Conclusion455

This work presents a performance-aware, closed-456

loop framework for the autonomous synthesis of457

data transformations, demonstrating that large lan-458

guage models can be effectively grounded in em-459

pirical training outcomes. By constructing a novel460

repository of over 6,000 empirically evaluated Py-461

Torch augmentation functions and fine-tuning via462

Low-Rank Adaptation, we induce task-level rea-463

soning in the generator without relying on explicit464

symbolic rewards, reinforcement learning, or hand-465

crafted objectives.466

Our experiments yield several insights relevant467

to the design of future automated code synthe-468

sis and learning systems. First, empirical align- 469

ment through iterative fine-tuning shifts the gen- 470

erative distribution from random code synthe- 471

sis toward informed, task-aligned design, achiev- 472

ing up to a 600× reduction in evaluated candi- 473

dates compared to brute-force discovery while im- 474

proving mean accuracy from 0.43 to 0.56 and 475

preserving competitive peak performance. Sec- 476

ond, qualitative and quantitative analyses show 477

that the model internalizes semantic performance 478

cues—such as the benefits of resolution scal- 479

ing (e.g., Resize(256))—rather than memoriz- 480

ing transformation syntax, indicating meaning- 481

ful generalization beyond surface-level patterns. 482

Third, ablation studies reveal a critical trade-off 483

between prompt complexity and optimization sta- 484

bility: while direct prompting supports reliable im- 485

provement, structured Chain-of-Thought prompt- 486

ing introduces syntactic instability that leads to 487

catastrophic performance degradation, underscor- 488

ing the fragility of complex reasoning formats in 489

performance-critical code-generation tasks. 490

Taken together, these results demonstrate that 491

grounding LLMs in non-textual, empirical feed- 492

back loops provides a robust alternative to sym- 493

bolic or reward-based alignment for complex down- 494

stream objectives. By addressing the limited di- 495

versity and supervision of existing augmentation 496

datasets, this work lays a scalable foundation for 497

autonomous machine learning pipelines. Future 498

work will focus on improving syntactic robustness 499

at larger model scales and extending this grounded 500

reasoning framework to multimodal data, broader 501

architectural families, and more heterogeneous op- 502

timization tasks. 503

8 Limitations 504

Generalization 505

We limited our experimental setup, which includes 506

both the generative fine-tuning loop and evaluation, 507

to the ResNet architecture and a single dataset. Fur- 508

thermore, the augmentations generated are implic- 509

itly specialized for this specific configuration. We 510

assume that the best augmentation strategy depends 511

on the interactions between model architecture and 512

data distribution rather than a single transforma- 513

tion function that works well in every situation. 514

Since we did not extend the fine-tuning process 515

to alternative architectures or datasets, we cannot 516

quantify the LLM’s ability to dynamically adapt its 517

generation to discover the "best fit" solutions. Fur- 518
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thermore, the constraint to a single-epoch training519

limits our assessment of the long-term convergence520

stability of the neural network.521

Syntactic Instability522

In contrast to the consistent increase in mean ac-523

curacy, we observed instability in the number of524

valid transformations generated. There were sev-525

eral missing imports, indentation errors, and forbid-526

den XML tags in the transformation code. This sug-527

gests an imbalance between syntactic consistency528

and semantic learning. Although fine-tuning effec-529

tively prioritized the logic of augmentation to max-530

imize the specified metric (accuracy), it sometimes531

compromised the structural constraints necessary532

for execution. This trade-off resulted in syntacti-533

cal errors when the model attempted to generate534

complex code structures.535

Exploration Saturation536

Lastly, the Max Accuracy plateaued at about 0.60537

early, suggesting that the optimization process538

likely reached a local optimum. This suggests539

that the model struggled to find better strategies in540

later epochs, even though it improved at replicating541

known good patterns. It also suggests a gap in the542

model’s ability for exploration, implying that the543

self-improvement loop might favor safe, gradual544

improvements over drastically different and better545

approaches in the absence of additional mecha-546

nisms that encourage diversity.547

9 Ethics Statement548

Our research involves the training and evaluation549

of Large Language Models (LLMs) and neural net-550

works, which incurs a significant computational551

cost. Specifically, the construction of our fine-552

tuning dataset required a baseline evaluation of553

more than 6,000 transformation files. We acknowl-554

edge the energy consumption associated with this555

initial data collection. However, the primary mo-556

tivation of this work is to reduce such costs in fu-557

ture workflows. We used the CIFAR-10 and the558

LEMUR datasets for training and evaluation. We559

further used the Olympic Coder 7B model, an open-560

source large language model available via Hug-561

ging Face, for our code generation tasks. These562

resources are publicly available, standard bench-563

marks, and tools within the research community.564

We used AI tools to assist with language editing565

and proofreading. However, the research methods,566

data analysis, and all intellectual contributions are 567

entirely our own. 568
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