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Abstract001

Hyperparameter selection in machine learning002
remains a critical challenge often involving te-003
dious trial-and-error or costly optimization pro-004
cesses. This paper presents “MetaBench-7”,a005
comprehensive metadata dataset that includes006
seven modalities (Image, Text, Tabular, Graph,007
Time-Series, Audio, and Video) with their opti-008
mal hyperparameter configurations.The collec-009
tion includes 573 distinct models, each with010
standardized metadata like dataset size and011
class count,enabling detailed quantitative in-012
vestigation of design trends Exploratory Data013
Analysis shows unique patterns for each modal-014
ity.Text datasets often use Transformer-based015
models with large batch sizes and relatively016
few epochs,while Graph and Tabular datasets017
use larger batch sizes and more epochs as018
dataset size increases. The model-modality019
specialization statistics indicate that certain ar-020
chitectures, like ResNet50 and XGBoost, are021
specialized for specific modalities, whereas022
Transformer variants can work across multi-023
ple modalities The dataset provides “safe de-024
fault” hyperparameter configurations tailored025
to each modality, offering reliable baselines for026
new datasets.The dataset serves as a valuable,027
reusable resource for meta-learning, AutoML028
and research into the hyperparameter perfor-029
mance dynamics.030

1 Introduction031

The process of selecting hyperparameters is one032

of the least automated but most important section033

of the modern machine learning workflow.Experts034

still invest considerable time tuning hyperparam-035

eters and training epochs through trial and error036

or expensive search procedures, Even for well-037

established tasks. This problem becomes more pro-038

nounced in multi modal environments,where the039

"ideal” configuration depends not just on dataset040

size and task type, but also on the modality (Liang041

et al., 2021) as images, text, graphs, and time se-042

ries rarely behave the same way under the same 043

hyperparameters. 044

In principle, data-driven systems could be de- 045

signed to learn these patterns.If there were enough 046

examples of real datasets together with the mod- 047

els and hyperparameters that performed well on 048

them,it would be possible train meta models or 049

LLM based advisors (Takayanagi et al., 2025) that 050

recommend default configurations for new tasks. 051

For this,a collection of past examples is needed, in- 052

cluding dataset characteristics and the models and 053

configurations that performed well. MetaBench 7 054

takes a step towards filling this gap in infrastruc- 055

ture. It arranges metadata for 1,200 datasets across 056

seven modalities into a single framework. This 057

includes dataset level statistics along with best re- 058

ported models and their hyperparameters. Through 059

this analysis, it’s possible to measure how train- 060

ing configurations change across modalities, task 061

type, and dataset scale, and identify which model 062

families behave as reliable specialists or versatile 063

generalists. 064

”MetaBench 7” can also serve as training data 065

for learned advisors,such as large language model 066

based systems that take a new task description and a 067

few dataset properties as input and recommend pos- 068

sible models and hyperparameter.Thus,the dataset 069

is not just a valuable resource but also a foundation 070

for future progress in data-driven hyperparameter 071

recommendations, AutoML pipelines (Trirat et al., 072

2025), and LLM-powered configuration assistants 073

(Neszlényi et al., 2024). 074

2 Literature Review 075

This section reviews recent advances in automated 076

machine learning, focusing on LLM-driven frame- 077

works and multimodal benchmarking systems. The 078

following subsections summarize key methodolo- 079

gies, contributions, and limitations of these studies. 080
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2.1 Previous Research Findings081

Recent advances in large language models have082

transformed AutoML into flexible, conversational083

systems. UniAutoML (Guo et al., 2024) pioneered084

this approach, achieving 8.5% higher usability and085

10–100× faster convergence by unifying discrimi-086

native and generative tasks through conversational087

interfaces. However, it lacks systematic guidance088

for hyperparameter transfer across modalities. Aut-089

oFlow (Li et al., 2024) introduced workflow gener-090

ation through natural language, enabling LLMs to091

refine execution plans iteratively. While effective092

for workflow design, it does not tackle the hyperpa-093

rameter selection challenge. AutoML-Agent (Tri-094

rat et al., 2025) proposed a multi-agent framework095

reaching 68–75% end-to-end automation across 14096

datasets using retrieval-augmented planning.097

Standardized benchmarks are essential for repro-098

ducible AutoML research, yet existing collections099

lack cohesion. MultiBench (Liang et al., 2021)100

unified evaluation across 15 datasets and 10 modal-101

ities, demonstrating that cross-domain techniques102

improved performance on 9/15 datasets. However,103

it focuses only on model architectures and omits104

optimal hyperparameters needed for AutoML ini-105

tialization. HPOBench (Eggensperger et al., 2022)106

provides frameworks for comparing optimization107

algorithms but does not capture cross-modal hy-108

perparameter patterns. Recent surveys (He et al.,109

2021) highlight benchmark fragmentation: vision110

datasets like CIFAR-10 and ImageNet, NLP bench-111

marks like GLUE, and domain-specific repositories112

like UCI and UCR operate independently with in-113

consistent metadata.114

2.2 Gaps in Literature115

Despite progress in LLM-based AutoML and mul-116

timodal benchmarking, critical gaps remain. First,117

existing AutoML systems rely on expensive task-118

specific hyperparameter searches without exploit-119

ing cross-modal patterns. There is no systematic120

study of whether optimal learning rates for image121

classification apply to audio or text domains. Sec-122

ond, current benchmarks evaluate models indepen-123

dently, missing crucial interactions between data124

modality, task type, and dataset scale. We lack un-125

derstanding of whether small image datasets and126

large text datasets require different hyperparam-127

eter strategies. Third, while recent work shows128

LLMs (Fan et al., 2024) can plan workflows, no129

work leverages LLMs to directly predict optimal130

hyperparameters from task characteristics, missing 131

an opportunity to learn generalizable optimization 132

patterns from benchmark data. Fourth, evaluation 133

metrics vary across domains accuracy for vision, 134

F1-score for NLP, MAE for time series prevent- 135

ing systematic cross-modal analysis and transfer of 136

hyperparameter insights. 137

3 Dataset Collection and Preprocessing 138

3.1 Collection 139

This work is based on a carefully selected dataset 140

of hyperparameter information gathered from var- 141

ious public and academic sources, instead of raw 142

instance-level data. Each entry in the dataset repre- 143

sents a unique “configuration on a dataset,” which 144

combines the details of the training setup (like 145

batch size, learning rate, epochs, and model) with 146

high-level descriptions of the dataset and the task 147

being tackled. The metadata was collected from 148

three key sources: (i) academic papers presented 149

at top machine learning conferences that share de- 150

tailed experimental setups, (ii) public platforms like 151

Kaggle (Kaggle, 2021), Papers with Code, GitHub, 152

and others focused on specific domains, (iii) bench- 153

mark and meta-learning studies that assess multiple 154

models on the same datasets and publish their hy- 155

perparameter settings. 156

3.2 Attribute 157

The initial dataset was a mix of free-text fields, 158

which needed significant cleaning and normal- 159

ization to create a structured, analysis-friendly 160

schema. 161

• Data Modality: Initially, there were many 162

variants for the same type of data (e.g., “Im- 163

age”, “Images”, “Image (Computer Vision)”, 164

“Image (Remote Sensing)”), which caused in- 165

consistency. These variants were later stan- 166

dardized and grouped into a smaller set of 167

categories. The same approach was applied to 168

other modalities like Audio (Kaggle, 2021) , 169

Graph (Hu et al., 2021), Image, Tabular, Text, 170

Time-Series, (Trirat et al., 2025) and Video 171

(Soomro et al., 2012), ensuring consistency 172

and clarity across the dataset. 173

• Downstream Task: encodes the learning ob- 174

jective (classification, regression, detection, 175

etc.), enabling comparisons of hyperparameter 176

behavior across tasks and preventing inappro- 177
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priate aggregation of fundamentally different178

objectives.179

• Features column describes how the input data180

looks like for each dataset in a simple way. For181

images, it gives the image size and number182

(Chiu et al., 2020) of color channels (for ex-183

ample, 224×224 with 3 channels). For tabular184

data, it records how many input columns or185

attributes are used as features, and for other186

modalities it provides a short description of187

the main input shape when that information is188

available.189

• Train / Valid / Test and the derived Total Size190

describe the sample size and split strategy,191

which strongly influence reasonable choices192

for batch size, number of epochs, and learning193

rate schedules.194

• Batch Size, Epoch, Learning Rate, and Best195

Models form the core of the hyperparameter196

and model configuration space. This allows197

for an analysis of which settings perform well198

under specific data conditions and across dif-199

ferent model families.200

• Evaluation Metric (Dmitriev and Wu, 2016)201

column with the corresponding performance202

scores, serves as a common benchmark for203

meta-learning. It clearly defines how "best"204

performance is measured, making it easier to205

compare results across a variety of different206

benchmarks.207

Table 1 illustrates a sample from our dataset,208

showing the columns and the corresponding209

data for each entry.210

3.3 Cleaning and Normalization211

The raw spreadsheet was manually created,so many212

columns were messy and inconsistent. Data Modal-213

ity had many different strings for the same type of214

data, which were merged into a small set of stan-215

dard categories like Image, Text, Tabular, Graph,216

Time Series, Audio, and Video. Downstream Task217

contained over a hundred variants with different218

capitalization and spacing, so these were mapped219

to a clean task list such as classification, regres-220

sion, detection, segmentation, and forecasting. The221

Features column mixed shapes and text (for exam-222

ple “224×224×3” or longer descriptions), so for223

images it was turned into separate fields for width,224

height, and channels, while for tabular data it kept225

Figure 1: MetaBench-7 Dataset

a single numeric feature count. Train, Valid, and 226

Test sizes were stored as strings with commas and 227

were converted into plain integers, with non nu- 228

meric values treated as missing. Batch Size, Epoch, 229

and Learning Rate were often written as ranges 230

or with comments, so numeric values were parsed 231

and stored in extra numeric columns to make anal- 232

ysis easier. Model names in Best Models, such as 233

“ResNet50”, “ResNet-50”, and “ResNet 50”,(Liu 234

et al., 2015) were normalized to a single canonical 235

form, and Classes, License, and Evaluation Met- 236

ric were cleaned into numeric counts or controlled 237

vocabularies wherever possible. 238

3.4 Final Dataset Statistics 239

After removing duplicates and empty columns, the 240

final per-modality dataset sizes are: Audio: 55 241

rows, 16 columns; Graph: 89 rows, 16 columns; 242

Image: 504 rows, 16 columns; Tabular: 206 rows, 243

16 columns; Text: 196 rows (reduced to 16 columns 244

after dropping 4 empty columns); Time-Series: 95 245

rows, 16 columns; Video: 55 rows, 16 columns. 246

Figure 1 illustrates the distribution of datasets 247

across the seven supported modalities in our collec- 248

tion. 249

4 Methodology 250

The methodology consists of three stages.The first 251

stage is to collect the configuration of hyperpa- 252

rameters (Becker et al., 2024) from a variety of 253

real, world sources which include research papers, 254

open databases, and benchmark studies that re- 255

port models, datasets, training settings, and per- 256

formance.The next step is to clean and prepare 257

the raw data for the analysis. Aligning modality 258

and task names, converting features and splits into 259

numbers, and creating clean columns for hyper- 260

parameters are some of the steps involved in this 261

process. Unifying model names, licenses, and met- 262
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Table 1: MetaBench-7: Sample Datasets Collection with Hyperparameters

Data Modality Downstream Task Dataset Name Features Train Valid Test Batch Size Epoch Best Models Learning Rate Classes Source Evaluation Metric

Image (CV) Classification Butterfly Image 224×224×3 4549 1299 651 32 50 InceptionV3 0.001 75 Kaggle Accuracy

Text (NLP) Classification Ecommerce Text N/A 35296 10084 5044 32 10 BERT 0.00001 4 Kaggle Accuracy, F1

Tabular (Classic ML) Clustering Higher Education 31 101 29 15 16 100 Ensemble 0.05 8 UCI ML RI

Time Series Forecasting Weather 21 36887 10539 5270 32 150 PatchTST 0.0001 N/A TSLib RMSLE

Graph Classification Cora 1433 140 500 1000 32 1000 GCNII 0.001 7 Planetoid Accuracy

Video Recognition UCF101 112×112×3 9537 3783 3783 8 150 I3D 0.01 101 UCF Accuracy

Audio Spectrogram Classification Birdsong Spectrogram2D 15000 2000 2000 32 50 EfficientNetB0 0.001 397 Kaggle Accuracy

Figure 2: Methodology

rics into a 16, column format are also a few of the263

tasks performed in this stage.After this, all stan-264

dardized configurations are joined into one table.265

This table is then divided into seven different CSV266

files corresponding to seven different modalities267

(Audio, Graph, Image, Tabular, Text, Time, Series,268

and Video). Each row in the dataset stands for a269

configuration of a dataset, thus, it is appropriate for270

the next analysis and meta, learning.271

5 Conclusion and Future Work272

We introduce the first comprehensive,cross-modal273

hyperparameter metadata repository—a resource274

compiled from 1,200 datasets spanning seven dis-275

tinct modalities and 573 unique models.Our anal-276

ysis systematically documents how dataset prop-277

erties,model architectures, and training configu-278

rations interact across different data modalities.279

Rather than relying on guesswork, researchers can280

now input their dataset characteristics and receive281

evidence-backed recommendations for model se-282

lection, training hyperparameters, and appropriate283

evaluation metrics. Furthur, we will build an intelli-284

gent recommendation system that automates these285

suggestions in real time. We plan to expand our286

repository to handle multi-modal datasets, profile287

computational requirements (memory and training288

time), and add explanations via specialized lan-289

guage models. By maintaining a living, version-290

controlled knowledge base that adapts as new ar- 291

chitectures emerge, we aim to democratize access 292

to principled machine learning practices—leveling 293

the playing field for researchers everywhere. 294

6 Limitations 295

The boundary of this dataset primarily stem from 296

the methods used for collecting, cleaning, and 297

maintaining the meta data information.Firstly,it 298

only provides configurations that have been pub- 299

lished,which means that popular datasets and mod- 300

els are overrepresented,where niche domains and 301

flawed experiments are mostly missing.This can re- 302

sult in the patterns and recommendations being bi- 303

ased towards mainstream settings.Secondly,a lot of 304

fine-grained labels(such as,different types of image 305

data such as generic computer vision vs. remote 306

sensing)are combined into broad modalities to keep 307

the structure simple.This means,subdomain detail, 308

which could enable more precise,domainspecific 309

insights and recommendations,is sacrificed.Some 310

hyperparameters and practical details are also miss- 311

ing or inconsistently reported,for this reason,the 312

analysis is limited to a core set of fields that are 313

reliably available.Lastly,the current version is es- 314

sentially a static snapshot of around 1, 200 con- 315

figurations.Therefore, without regular updates, it 316

will slowly become outdated with respect to new 317

architectures and training settingns. As a result, 318

its guidance should be considered as trend-based 319

rather than something that applies forever. 320
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