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Abstract001

Automated feature generation extracts infor-002
mative features from raw tabular data without003
manual intervention and is crucial for accurate,004
generalizable machine learning. Traditional005
methods rely on predefined operator libraries006
and cannot leverage task semantics, limiting007
their ability to produce diverse, high-value fea-008
tures for complex tasks. Recent Large Lan-009
guage Model (LLM)-based approaches intro-010
duce richer semantic signals, but still suffer011
from a restricted feature space due to fixed012
generation patterns and from the absence of013
feedback from the learning objective. To ad-014
dress these challenges, we propose a Memory-015
Augmented LLM-based Multi-Agent System016
(MALMAS) for automated feature generation.017
MALMAS decomposes the generation process018
into agents with distinct responsibilities, and019
a Router Agent activates an appropriate sub-020
set of agents per iteration, further broadening021
exploration of the feature space. We further022
integrate a memory module comprising pro-023
cedural memory, feedback memory, and con-024
ceptual memory, enabling iterative refinement025
that adaptively guides subsequent feature gen-026
eration and improves feature quality and diver-027
sity. Extensive experiments on multiple pub-028
lic datasets against state-of-the-art baselines029
demonstrate the effectiveness of our approach.030
The code is available at https://anonymous.031
4open.science/r/MALMAS-63DB032

1 Introduction033

Recently, the advancement of Automated Machine034

Learning (AutoML) has greatly improved the ef-035

ficiency of data modeling (Trirat et al., 2025; Guo036

et al., 2024; Xu et al., 2024; Jeong et al., 2025;037

Wei et al., 2024). Within this paradigm, automated038

feature generation, which extracts informative fea-039

tures from raw data without manual intervention,040

has become a key enabler for building accurate and041

generalizable models.042
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Figure 1: Comparison of traditional, LLM-based, and
multi-agent feature generation approaches.

However, traditional automated feature genera- 043

tion methods still suffer from several limitations, 044

which hinder their ability to produce high-quality 045

features effectively. As illustrated in Figure 1(a), 046

these methods apply a predefined set of operators to 047

original features to construct new feature sets (Horn 048

et al., 2019; Kanter and Veeramachaneni, 2015; 049

Zhang et al., 2023). They rely on limited opera- 050

tor sets and do not incorporate feature semantics, 051

which confines the transformation search space to 052

a narrow region. 053

Recently, large language models (LLMs) have 054

shown strong semantic understanding and genera- 055

tion capabilities (Matarazzo and Torlone, 2025), 056

motivating LLM-based feature generation that 057

leverages task descriptions to propose transforma- 058

tions (Hollmann et al., 2023; Nam et al., 2024). 059

However, these methods typically rely on static, 060

singular generation strategies rooted in rigid think- 061

ing, which still constrain the exploration of broader 062

feature spaces. More critically, these methods lack 063

mechanisms to adapt generation strategies based 064

on historical experience or task-specific feedback. 065

Without such adaptive signals, feature generation 066

becomes disconnected from learning performance, 067

leading to inefficient, trial-and-error exploration 068

and limited ability to prioritize high-value transfor- 069
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mations. This feedback-insensitive process under-070

mines learning-goal alignment and hampers meth-071

ods’ performance, as illustrated in Figure 1(b).072

To this end, we propose the Memory-Augmented073

LLM-based Multi-Agent System (MALMAS), an074

automated feature generation framework, as illus-075

trated in Figure 1(c).076

Specifically, we decompose feature genera-077

tion into multiple independent agents with roles078

grounded in a principled framework along three079

largely orthogonal dimensions from established fea-080

ture engineering practice: transformation complex-081

ity, data scope, and data-type dependency. Inspired082

by the categorization of high-value “golden fea-083

tures” (Zhang et al., 2024), this design assigns each084

agent a clear, specialized responsibility. A Router085

Agent dynamically selects a subset of agents from086

a predefined pool based on task metadata and ac-087

cumulated memory, enabling adaptive allocation088

of generation effort. Each agent then conducts089

multi-turn interactions with the LLM, constructing090

role-specific prompts conditioned on the current091

feature set and experiential feedback. By exploring092

complementary regions of the feature space, the093

agents mitigate feature homogenization in static094

single-agent strategies (Hollmann et al., 2023) and095

reduce functional redundancy, thereby broadening096

the overall search space.097

To address the lack of feedback-driven adaptabil-098

ity, we equip MALMAS with a multi-level memory099

that enables credit assignment and strategy updates100

across rounds. Procedural memory caches exe-101

cuted transformations to suppress redundant explo-102

ration, feedback memory attributes validation util-103

ity to generated features, and conceptual memory104

abstracts reusable heuristics from historical traces105

for longer-horizon adaptation. A Summary Agent106

aggregates cross-agent feedback and concepts into107

a global conceptual memory that conditions subse-108

quent routing and prompting. This design turns per-109

round evaluations into persistent learning signals,110

steering generation toward high-yield, task-relevant111

transformations.112

The main contributions of this paper are summa-113

rized as follows:114

• We propose the first multi-agent framework for115

automated feature generation, enabling collabo-116

rative exploration beyond predefined operators117

and improving feature diversity.118

• We develop a multi-level memory mechanism119

that integrates procedural traces, feedback, and120

conceptual abstractions, allowing agents to itera- 121

tively refine their strategies. 122

• We evaluate MALMAS on 16 classification and 123

7 regression datasets, where it outperforms base- 124

lines, and we provide practical analyses demon- 125

strating real-world applicability and efficiency. 126

2 Related Work 127

2.1 Traditional and LLM-enhanced AutoML 128

Before the emergence of LLMs, end-to-end Au- 129

toML systems such as Auto-WEKA, Auto-sklearn, 130

H2O AutoML, Google AutoML Tables, and 131

FLAML (Thornton et al., 2013; Feurer et al., 2015; 132

Olson and Moore, 2016; LeDell and Poirier, 2020; 133

Wang et al., 2021; Feurer et al., 2022) mainly fo- 134

cused on pipeline search, hyperparameter optimiza- 135

tion, and model selection. 136

With the advent of LLMs, AutoML has increas- 137

ingly adopted natural language as an interface for 138

automation. Methods such as Text-to-ML, LLM- 139

Select, DS-Agent, and GL-Agent (Trirat et al., 140

2025; Guo et al., 2024; Xu et al., 2024; Jeong et al., 141

2025; Wei et al., 2024) employ LLMs to generate 142

or recommend ML pipelines, leveraging instruction 143

following and agentic workflows to reduce manual 144

pipeline design. 145

However, most of these systems emphasize 146

model and pipeline configuration, while feature 147

construction remains limited to basic preprocess- 148

ing operations (Gu et al., 2024). This indicates 149

a gap between LLM-enhanced AutoML pipelines 150

and domain-aware feature engineering. 151

2.2 Automated Feature Generation 152

Feature generation is a long-standing and criti- 153

cal step for improving model performance. Tra- 154

ditional methods such as autofeat (Horn et al., 155

2019), Deep Feature Synthesis (DFS) (Kanter and 156

Veeramachaneni, 2015), and OpenFE (Zhang et al., 157

2023) apply symbolic transformations over pre- 158

defined operator sets. DFS, implemented in Fea- 159

turetools, demonstrates the practicality of compo- 160

sitional operators by automatically generating fea- 161

tures from relational data. While these methods 162

are efficient and interpretable, they are constrained 163

by fixed operator libraries and limited adaptation 164

to task-specific semantics. More recently, LLM- 165

based methods enable semantically driven gener- 166

ation (Hollmann et al., 2023; Nam et al., 2024; 167

Abhyankar et al., 2025). CAAFE (Hollmann et al., 168

2023) uses task descriptions to better align gen- 169
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erated features with downstream objectives, and170

OCTree combines LLMs with tree-based reasoning171

to support feature validation and interpretability.172

2.3 Multi-Agent Systems173

LLM-based multi-agent systems have emerged as174

a promising paradigm for collaboration, specializa-175

tion, and iterative reasoning (Wang et al., 2024; Li176

et al., 2024a). They have been applied to social177

simulation (e.g., Generative Agents and AgentSoci-178

ety (Park et al., 2023; Piao et al., 2025)), software179

development (e.g., AutoGen and CodeAct (Wu180

et al., 2024; Hong et al., 2024)), and decision-181

making via multi-agent debate with sparse commu-182

nication (Chan et al., 2023; Liu et al., 2024; Li et al.,183

2024b; Liang et al., 2024). Recent methods such184

as ReAct and Reflexion further highlight the role185

of memory and feedback-driven reasoning-action186

loops for continual improvement (Yao et al., 2023;187

Shinn et al., 2023), and SciAgents extends multi-188

agent collaboration to scientific discovery (Gha-189

farollahi and Buehler, 2024). Despite these ad-190

vances, multi-agent systems for automated feature191

generation remain underexplored.192

3 Problem Formulation193

Given a labeled tabular dataset D = (X, y), where194

X ∈ Rm×n is the feature matrix with m instances195

and n features, and y ∈ Rm is the correspond-196

ing label vector. The goal of feature generation197

is to find a transformation function T : X → X̃ ,198

where X̃ = X ∪ T (X), that improves the predic-199

tive performance of a model f when trained on the200

enhanced feature space. Formally, the objective is201

to maximize the validation performance of F :202

T ∗ = argmax
T

E(F(Xval ∪ T (Xval)), Yval), (1)203

where E is the evaluation metric, and (Xval, Yval) is204

the validation set from cross-validation. Here, T ∗205

denotes the optimal transformation function that206

produces feature beneficial for model performance.207

4 Methodology208

Feature engineering for tabular data requires di-209

verse, context-aware transformations, yet most au-210

tomated methods rely on a single strategy or weakly211

coupled modules, limiting broad, task-relevant ex-212

ploration. We propose MALMAS, which coor-213

dinates specialized agents to generate and refine214

features. With role-specific agents and shared pro-215

cedural, feedback, and conceptual memories, MAL-216

MAS enables iterative exploration and underpins 217

the pipeline in Figure 2. 218

4.1 Multi-agent Structure 219

To address the limited ability of a single generator 220

to deeply explore novel features, MALMAS main- 221

tains a pool of specialized agents and employs a 222

Router Agent to activate an appropriate subset per 223

iteration. This design increases the diversity and 224

adaptability of generated features while avoiding 225

unnecessary exploration by inapplicable strategies. 226

4.1.1 Parallel Generation Architecture 227

MALMAS maintains an agent pool A = {Ai}Ki=1, 228

where each agent implements a distinct feature 229

transformation strategy. At iteration r, a Router 230

Agent selects an active subset A(r) ⊆ A, and only 231

the selected agents run in parallel to explore com- 232

plementary feature interactions, transformations, 233

and compositions. Over multiple rounds, this de- 234

sign adapts to diverse feature types and modeling 235

needs through heterogeneous strategies. The over- 236

all process is formulated as: 237

T (r) =
⋃

Ai∈A(r)

T
(r)
i , kr =

∣∣∣A(r)
∣∣∣ . (2) 238

Here, T (r) denotes the aggregated set of features 239

generated in the r-th round, and T
(r)
i represents the 240

subset produced by agent Ai when activated. 241

In each round, each active agent Ai ∈ A(r) inde- 242

pendently generates a subset of new features T (r)
i 243

from the current dataset X by applying its desig- 244

nated strategy. Taking the union of the activated 245

agents’ outputs yields an enriched and more com- 246

prehensive feature space for model training. 247

4.1.2 Agent Responsibilities 248

To systematically explore the vast feature space, 249

MALMAS adopts a principled multi-agent frame- 250

work that decomposes feature generation along 251

three largely orthogonal dimensions from feature 252

engineering practice: transformation complexity, 253

data scope, and data-type dependency. Inspired 254

by the categorization of high-value “golden fea- 255

tures” (Zhang et al., 2024), this design encourages 256

agents to explore complementary aspects of the 257

data, increasing feature diversity while reducing 258

functional redundancy. 259

Each agent Ai applies a distinct transformation 260

strategy fi(·) to the dataset X , producing a feature 261

subset Ti aligned with its objective: 262

Ti = fi(X). (3) 263
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Figure 2: Overview of the proposed MALMAS framework. (A) Agents construct prompts from metadata, selected
features, and memory. (B) Agents generate and evaluate candidate features with a downstream model. (C) Agent
memories are summarized into a global memory to guide subsequent rounds.

We instantiate a fixed pool of strategy agents as264

follows, from which the Router Agent activates a265

subset at each iteration:266

• Unary-Feature Agent. Applies unary transfor-267

mations funary(X) to individual features to gen-268

erate basic but informative variants.269

• Cross-Compositional Agent. Combines mul-270

tiple inputs fcompositional(X) to capture higher-271

order interactions.272

• Temporal-Feature Agent. Extracts temporal273

patterns ftemporal(X) for time-series data.274

• Aggregation-Construct Agent. Generates275

group-level summary features faggregation(X).276

• Local-Transform Agent. Applies region-277

specific transformations flocal-transform(X) to cap-278

ture locally informative patterns.279

• Local-Pattern Agent. Discovers latent patterns280

within feature subsets via clustering or local in-281

teraction modeling flocal-pattern(X).282

4.2 Memory Architecture and Management283

Feature generation in MALMAS is formulated as284

an iterative search over transformations, where285

learning signals from downstream evaluation are286

persisted and reused to refine future generation. As287

illustrated in Figure 2(C), each agent maintains a288

structured memory state that supports cross-round289

credit assignment and strategy refinement, thereby290

turning expensive feedback into reusable guidance.291

Formally, at iteration r, each agent Ai main-292

tains an explicit, structured memory state M(r)
i =293

{ProcMem(r)
i ,FeedMem(r)

i ,ConMem(r)
i }. At 294

the beginning of round r, the agent retrieves 295

its local memories together with the shared 296

GlobalMem(r−1) to condition prompt construction; 297

after feature evaluation, it appends new traces and 298

utilities to update M(r)
i . Intuitively, procedural 299

memory captures what was tried, feedback mem- 300

ory captures what worked, and conceptual memory 301

captures why it worked in a compact form. 302

4.2.1 Procedural Memory 303

Procedural memory serves as an execution trace 304

that records the concrete transformation actions 305

performed by agent Ai, enabling reproducibility 306

and constraining redundant exploration. In iteration 307

r, after generating n
(r)
i features: 308

ProcMem(r)
i = {(bj , tj , fj , dj , r)}

n
(r)
i

j=1 , (4) 309

where bj denotes the base columns, tj the transfor- 310

mation type, fj the generated feature name, dj the 311

transformation description, and r the iteration in- 312

dex. During subsequent rounds, ProcMemi is used 313

to avoid duplicate transformations and to discour- 314

age patterns that repeatedly fail under evaluation. 315

4.2.2 Feedback Memory 316

Feedback memory provides a utility signal by asso- 317

ciating each generated feature with its downstream 318

validation outcome, enabling explicit credit assign- 319

ment for feature transformations. For agent Ai in 320
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Algorithm 1 Iterative Feature Generation
Input: X(1), y, metadata M , rounds R,
agent pool A = {Ai}Ki=1, metric E

Output: X(R+1)

1: Initialize memories for all agents Ai ∈ A
2: for r = 1, 2, . . . , R do
3: A(r) ← Route(M,GlobalMem(r−1))

4: for each active agent Ai ∈ A(r) do
5: pmem ← {FeedMem(r−1)

i ,ConMem(r−1)
i ,

6: GlobalMem(r−1)}
7: p← ConstructPrompt(M,pmem)

8: T
(r)
i ← πθ(p,X

(r)) {Generate f
(r)
i }

9: gains← E((T (r)
i ∪X(r)), y)

10: Update (ProcMem(r)
i , FeedMem(r)

i ,ConMem(r)
i )

11: end for
12: Mem(r) ←

⋃
Ai∈A(r)

(
ConMem(r)

i ∪ FeedMem(r)
i

)
13: GlobalMem(r) ← Summary(Mem(r))

14: T (r) ←
⋃

Ai∈A(r) T
(r)
i

15: F (r) ←
⋃

Ai∈A(r) FeedMem(r)
i

16: S(r) ← TopN-Features(T (r), F (r))

17: X(r+1) ← X(r) ∪ S(r)

18: M ← UpdateMetadata(M,S(r))
19: end for
20: return X(R+1)

iteration r with n
(r)
i generated features:321

FeedMem(r)
i = {(fj ,m, vj , ej , r)}

n
(r)
i

j=1 , (5)322

where fj is the feature name, m is the evaluation323

metric, vj is the metric value, ej indicates whether324

the feature is effective, and r is the iteration index.325

This memory enables utility attribution by linking326

each feature to validation gain, which biases later327

rounds toward high-yield transformations and away328

from noisy or low-impact candidates.329

4.2.3 Conceptual Memory330

Conceptual memory stores a compact set of331

reusable heuristics distilled from an agent’s his-332

torical traces and utilities. After each round, the333

LLM summarizes ProcMem(r)
i and FeedMem(r)

i334

into rules that guide subsequent generation:335

ConMem(r)
i = LLM

(
ProcMem(r)

i ,FeedMem(r)
i

)
. (6)336

By compressing experience into high-level guid-337

ance, ConMemi supports strategy adaptation338

across rounds keeping the prompt context concise.339

4.2.4 Global Conceptual Memory340

To promote coordination and knowledge transfer341

across agents, after each iteration the Summary-342

Agent aggregates agents’ local conceptual and feed-343

back memories into a Global Conceptual Memory.344

This cross-agent consolidation forms a shared prior345

for the next round, propagating effective transfor- 346

mation heuristics across roles, reducing overlap 347

among agents, and improving the efficiency of sub- 348

sequent exploration and refinement. 349

4.3 Iterative Feature Generation 350

This section describes the feature generation mech- 351

anism of our multi-agent system, as shown in Fig- 352

ure 2. Across iterative rounds, agents leverage local 353

and global memories to refine their strategies. 354

In each iteration r, each active agent Ai ∈ A(r) 355

independently executes a fixed sequence of steps, 356

as detailed in Algorithm 1: 357

• Prompt Construction: Each agent constructs a 358

prompt from statistics and metadata M , effective 359

features from FeedMem(r−1)
i , and distilled guid- 360

ance from ConMem(r−1)
i and GlobalMem(r−1). 361

• Feature Generation and Evaluation: Condi- 362

tioned on the prompt, the agent uses πθ to pro- 363

pose a transformation, instantiates it as f (r)
i , eval- 364

uates the resulting features under E , and stores 365

the feedback in FeedMem(r)
i . 366

• Memory Update: To guide the next round, the 367

agent updates ProcMem(r)
i and ConMem(r)

i with 368

attempted operations, effective transformations, 369

and newly identified patterns. 370

At the end of iteration r, the system selects 371

top-performing features generated by the acti- 372

vated agents and integrates them into the dataset. 373

Specifically, each active agent Ai ∈ A(r) ap- 374

plies TopN-Features to T
(r)
i to retain the highest- 375

ranked features under E , and the selected features 376

are aggregated to expand the global dataset. This 377

iterative selection-and-aggregation procedure ac- 378

cumulates high-quality transformations and yields 379

progressive improvements in model performance. 380

5 Experiments 381

5.1 Experimental Setup 382

5.1.1 Datasets 383

Following prior work (Hollmann et al., 2023; Ab- 384

hyankar et al., 2025), we evaluated our method on 385

16 classification and 7 regression datasets sourced 386

from Kaggle and UCI. Following (Nam et al., 387

2024), we used a 60–40 train–test split and repeated 388

each experiment three times with different random 389

seeds. Dataset details are in Appendix A. 390

5



Table 1: Performance (AUC) of all methods on 16 classification datasets. Best results are in bold, second-best are
underlined. Results are averaged across three random train-test splits using the XGBoost classifier. “N/A” indicates
that the running time exceeded 12 hours.

Datasets Base Traditional Methods LLM-based Methods MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Adult 0.849±0.009 0.857±0.001 0.849±0.009 0.849±0.009 0.868±0.005 0.845±0.011 0.853±0.011 0.875±0.010
Balance 0.908±0.009 0.989±0.009 0.908±0.009 0.908±0.009 1.000±0.000 0.933±0.031 0.994±0.008 1.000±0.000
Bank 0.869±0.007 0.891±0.014 0.869±0.007 0.904±0.003 0.874±0.022 0.873±0.010 0.875±0.012 0.895±0.002
Banknote 0.995±0.002 0.998±0.001 0.994±0.003 0.998±0.001 0.993±0.002 0.993±0.004 0.991±0.002 0.999±0.001
Breast_W 0.989±0.002 0.988±0.003 0.989±0.002 0.988±0.003 0.992±0.001 0.986±0.003 0.992±0.002 0.992±0.001
Car_Eval 0.982±0.004 0.978±0.002 0.982±0.004 0.994±0.004 0.988±0.006 0.975±0.007 0.986±0.004 0.999±0.000
Cdc 0.863±0.001 0.863±0.002 N/A 0.864±0.001 0.866±0.002 0.865±0.007 0.864±0.001 0.867±0.001
Credit_G 0.756±0.004 0.758±0.011 0.756±0.004 0.755±0.011 0.751±0.008 0.754±0.011 0.748±0.018 0.775±0.002
Heart 0.915±0.001 0.916±0.008 0.914±0.001 0.920±0.008 0.909±0.002 0.912±0.007 0.911±0.004 0.923±0.001
Jungle 0.970±0.000 0.975±0.000 0.970±0.000 0.980±0.000 0.983±0.005 0.972±0.003 0.981±0.006 0.993±0.000
Myocardial 0.802±0.003 0.800±0.010 N/A 0.803±0.002 0.805±0.003 0.803±0.003 0.805±0.002 0.809±0.003
Pima 0.809±0.007 0.810±0.003 0.805±0.006 0.815±0.008 0.810±0.007 0.810±0.005 0.810±0.008 0.823±0.003
Student 0.978±0.001 0.977±0.000 0.978±0.001 0.983±0.000 0.979±0.001 0.978±0.001 0.978±0.001 0.984±0.000
Churn 0.829±0.002 0.833±0.003 0.829±0.002 0.828±0.001 0.827±0.003 0.825±0.002 0.829±0.001 0.835±0.001
Titanic 0.843±0.007 0.839±0.005 0.843±0.007 0.816±0.005 0.843±0.006 0.847±0.004 0.849±0.004 0.872±0.008
Wine 0.878±0.001 0.885±0.005 0.879±0.002 0.891±0.007 0.878±0.001 0.869±0.006 0.879±0.003 0.886±0.003

MeanRank 4.37 3.69 4.75 3.12 3.57 4.81 3.75 1.12

Table 2: Performance (NRMSE) of all methods on 7 regression datasets. Best results are in bold, second-best are
underlined (Lower is better). Results are averaged across three random train-test splits using XGBoost regressor.

Datasets Base
Traditional Methods LLM-based Method

MALMAS
DFS AutoFeat OpenFE LLMFE

Airfoil 0.015±0.001 0.016±0.001 0.015±0.001 0.014±0.000 0.015±0.001 0.013±0.000

Bike 0.230±0.001 0.225±0.003 0.230±0.001 0.213±0.002 0.225±0.003 0.215±0.001

Crab 0.220±0.003 0.217±0.002 0.220±0.003 0.214±0.002 0.218±0.002 0.213±0.002

Insurance 0.367±0.006 0.365±0.010 0.367±0.006 0.381±0.006 0.358±0.007 0.355±0.002

House 0.173±0.005 0.179±0.019 0.173±0.005 0.160±0.001 0.165±0.005 0.155±0.004

Energy 0.060±0.002 0.046±0.003 0.060±0.002 0.054±0.003 0.058±0.005 0.050±0.007

Medical 0.368±0.003 0.373±0.002 0.368±0.003 0.377±0.001 0.370±0.006 0.355±0.003

MeanRank 3.86 3.29 3.86 2.86 3.14 1.29

5.1.2 Baselines391

We compared MALMAS against a range of au-392

tomated feature engineering baselines, including393

traditional methods such as AutoFeat (Horn et al.,394

2019), OpenFE (Zhang et al., 2023), and DFS (Kan-395

ter and Veeramachaneni, 2015), and LLM-based ap-396

proaches such as CAAFE (Hollmann et al., 2023),397

OCTree (Nam et al., 2024), and LLMFE (Ab-398

hyankar et al., 2025). The configurations of all399

baseline methods are detailed in Appendix B.1.400

5.1.3 Evaluation Metrics401

For classification tasks, we adopted the area un-402

der the AUC as the primary evaluation metric, and403

additionally reported accuracy (ACC) as a comple-404

mentary measure, as shown in Appendix C.1. For405

regression tasks, we used the normalized root mean 406

squared error (NRMSE) as the evaluation metric. 407

Following prior work (Abhyankar et al., 2025), we 408

also adopted mean rank as a global indicator to 409

compare the overall effectiveness. 410

5.1.4 MALMAS Configuration 411

Across all experiments, MALMAS uses a fixed 412

multi-agent configuration with R=4 iterative 413

rounds, where agents generate candidate features, 414

evaluate them. All methods are evaluated with 415

the same downstream model, XGBoost (Chen and 416

Guestrin, 2016). LLM-based results in the main 417

text use DeepSeekV3; additional details are de- 418

ferred to Appendix B.2. 419
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Figure 3: Mean rank (lower is better) across different
ablation configurations of MALMAS.

5.2 Overall Performance420

Table 1 summarizes the AUC performance of all421

evaluated methods across 16 classification datasets.422

Overall, MALMAS achieves the highest average423

AUC, consistently outperforming both traditional424

feature engineering methods and recent LLM-425

based approaches. MALMAS consistently im-426

proves upon the base model, ranking first or second427

on most benchmark datasets and exhibiting strong428

generalization across diverse real-world domains.429

Although LLM-based methods such as OCTree430

and LLMFE benefit from semantic-aware trans-431

formations, they still underperform compared to432

MALMAS in terms of overall average AUC. These433

results clearly and collectively underscore the effec-434

tiveness of memory-enhanced multi-agent collabo-435

ration in facilitating high-quality feature discovery.436

As shown in Table 2, MALMAS also achieves437

the lowest mean NRMSE on almost regression438

tasks, indicating its strong and reliable feature gen-439

eration capability beyond classification. Although440

some LLM-based baselines such as CAAFE and441

OCTree do not support regression, MALMAS still442

outperforms LLMFE by a large margin, confirming443

its advantage in continuous-value prediction.444

5.3 Ablation Study445

To gain deeper insights into the contributions of446

the multi-agent and memory modules, we further447

analyzed the results in Figure 3. From “Base” to448

“+A6,” the mean rank decreases from 5.11 to 2.30,449

indicating that expanding the agent pool broadens450

the feature search space and improves diversity,451

which in turn enhances downstream performance.452

Beyond this, the “Full” configuration—which453

incorporates the memory module on top of all six454

0 1 2 3 4
Rounds

0.840

0.850

0.860

0.870

0.880

AU
C

With Memory
Without Memory

Figure 4: AUC performance on the Adult dataset across
different rounds with and without memory.

agents—achieves a dramatic mean rank reduction 455

to 1.12. This demonstrates the role of memory in 456

accumulating cross-round information and refining 457

feature-generation strategies. Specifically, proce- 458

dural memory records attempted features to reduce 459

redundancy, feedback memory stores downstream 460

performance to guide the next round of exploration, 461

and conceptual memory abstracts cross-round pat- 462

terns summarized by the Summary Agent into a 463

global conceptual memory shared across agents. 464

We observe a slight non-monotonicity from +A2 465

to +A3. This can plausibly occur because adding 466

agents expands the candidate pool but may intro- 467

duce higher-variance transformations that, under 468

a fixed top-N budget, occasionally replace more 469

robust features; mean-rank aggregation is also sen- 470

sitive to small dataset-level fluctuations. 471

5.4 Parameter Sensitivity 472

The number of generation rounds R is a key param- 473

eter in MALMAS, governing iterative feature re- 474

finement. Memory facilitates this process by guid- 475

ing feature reuse, evaluation, and abstraction. Fig- 476

ure 4 reports the AUC on the Adult dataset across 477

rounds. With memory enabled, AUC increases 478

from 0.85 to nearly 0.88 as R grows, indicating 479

that iterative generation can leverage accumulated 480

feedback to uncover richer feature interactions. In 481

contrast, without memory, performance plateaus af- 482

ter the first two rounds and slightly drops at round 483

three, suggesting less directed exploration and lim- 484

ited gains in later rounds. Moreover, improvements 485

diminish and plateau around rounds three to four, 486

implying that MALMAS reaches a sufficiently rich 487

feature set; dynamic scheduling could improve ef- 488

ficiency by using more agents/rounds early for ex- 489

ploration and focusing on high-value features later. 490
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Table 3: Classification performance (AUC) of H2O and DS-Agent on benchmark tabular datasets. “w/o” indicates
training with original features, while “w/” indicates training with our derived features. Results are reported as mean
± standard deviation over three runs.

Datasets
H2O DS-Agent

w/o w/ w/o w/

Adult 0.876±0.003 0.881±0.001 0.871±0.002 0.880±0.001

Bank 0.864±0.010 0.899±0.029 0.866±0.012 0.892±0.021

Breast_W 0.989±0.002 0.992±0.003 0.985±0.004 0.990±0.002

Churn 0.844±0.003 0.846±0.001 0.846±0.003 0.845±0.004

Titanic 0.859±0.003 0.869±0.001 0.855±0.001 0.866±0.003

5.5 Integration with Classical AutoML491

To further validate the effectiveness of our derived492

features in an end-to-end setting, we integrate them493

into classical AutoML pipelines based on H2O Au-494

toML and DS-Agent (LeDell and Poirier, 2020;495

Guo et al., 2024). Table 3 reports the AUC perfor-496

mance of both methods on multiple tabular bench-497

mark datasets. For each method, “w/o” uses the498

original features only, whereas “w/” augments them499

with our derived features.500

In our experiments, H2O AutoML was run with501

a time budget of 2 hours for each run on each502

dataset, using five-fold cross-validation and “AUC”503

as the primary metric for model selection. For the504

DS-Agent pipeline, we used the same data splits505

and metric, and adopted DeepSeek-V3 as the LLM506

backbone to generate derived features.507

Across all datasets, incorporating our derived508

features consistently improves the performance of509

both H2O AutoML and DS-Agent. This demon-510

strates that our feature derivation method integrates511

well with established end-to-end AutoML frame-512

works, yielding robust and reproducible gains.513

5.6 Discussion on Feature Generalization514

To assess whether MALMAS-generated features515

generalize beyond a single downstream model, we516

evaluated them across multiple classifiers, includ-517

ing XGBoost, LightGBM, Random Forest, and518

MLP (Chen and Guestrin, 2016; Ke et al., 2017;519

Liu et al., 2012). Table 8 shows that MALMAS520

consistently achieves the highest AUC, with a mean521

rank of 1.00 (vs. 2.40 for the next-best method),522

indicating stable performance across diverse learn-523

ing architectures and suggesting that the generated524

features capture broadly informative patterns rather525

than being tuned to a specific model. Compared526

with conventional approaches that may favor a par-527

ticular algorithm, MALMAS remains effective un- 528

der different decision boundaries and inductive bi- 529

ases; for example, both tree-based and neural mod- 530

els benefit from the enriched feature space. This 531

cross-model consistency provides a reliable foun- 532

dation in pipelines where model choice may vary 533

across deployment settings. By mitigating depen- 534

dence on any single learner, MALMAS can re- 535

duce repeated feature engineering and yield a more 536

portable feature base for classification tasks. 537

5.7 Computational and Token Cost 538

To assess the feasibility of our method, we mea- 539

sured the average runtime and token usage of 540

MALMAS on 16 classification datasets using the 541

DeepSeek-V3 API as the LLM backbone. On aver- 542

age, each dataset required 0.452 hours of compu- 543

tation and 147.57k tokens for feature generation, 544

with an estimated cost of $0.17, as detailed in Ap- 545

pendix C.6. These results indicate that MALMAS 546

incurs modest overhead and can be readily embed- 547

ded within existing AutoML pipelines. 548

6 Conclusion 549

We propose MALMAS, a memory-augmented 550

multi-agent framework for automated feature gen- 551

eration, and validate its effectiveness through ex- 552

tensive experiments. By assigning distinct roles to 553

specialized agents, MALMAS enables parallel and 554

diverse exploration of the feature space, address- 555

ing the limitations of single-strategy approaches. 556

Its memory module allows agents to retain useful 557

signals and improve generation strategies across 558

iterations. Together, these components provide 559

a scalable and interpretable approach for produc- 560

ing high-quality, task-relevant features. We further 561

present practical analyses demonstrating real-world 562

applicability and efficiency. 563
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7 Limitations564

MALMAS is designed for labeled tabular datasets565

and relies on downstream evaluation signals; its566

effectiveness may degrade when labels are scarce567

or evaluation budgets are limited. While our frame-568

work targets tabular feature engineering, its appli-569

cability to other modalities or structured domains570

remains unexplored. Moreover, as the candidate571

feature pool grows, repeated downstream training572

and validation can become a computational bottle-573

neck, making performance sensitive to the available574

evaluation budget. Finally, although MALMAS575

provides transformation descriptions and memory576

traces, the overall LLM-driven generation process577

does not guarantee full interpretability of every de-578

rived feature.579

8 Ethical Considerations580

MALMAS is an automated feature generation581

framework for tabular data. Its outputs may in-582

herit or amplify biases present in the input data,583

and the downstream evaluation signal may inad-584

vertently favor transformations that correlate with585

sensitive attributes when such attributes are present586

or can be proxied. In addition, because MALMAS587

generates transformation programs, it may propose588

invalid or data-leaking features if the schema is am-589

biguous or the data pipeline is misconfigured. To590

mitigate these risks, we recommend applying strict591

schema constraints (e.g., explicitly marking pro-592

tected attributes and leakage-prone fields), enforc-593

ing execution-time validation and leakage checks,594

and conducting fairness and privacy audits when de-595

ploying MALMAS in high-stakes settings. Finally,596

our experiments use publicly available datasets and597

do not involve human subjects.598
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A Dataset Specifications785

This section provides detailed specifications of all786

datasets used in our experiments, including the787

number of features, sample sizes, data sources, and788

official names. The datasets are categorized into789

classification and regression tasks as summarized790

in Table 4.791

To ensure a consistent and model-compatible fea-792

ture representation, missing values in categorical793

features were imputed with a placeholder category794

“NA”, while missing or infinite values in numerical795

features were replaced with zeros. All categorical796

variables were then encoded using LabelEncoder,797

mapping unseen categories during transformation798

to a fallback code of −1. This preprocessing en-799

sured that all features were numerical and suitable800

for downstream learning algorithms.801

B Implementation Details802

B.1 Baseline Configurations803

We implement and evaluate a variety of feature804

engineering baselines, spanning traditional sym-805

bolic approaches and recent LLM-based methods,806

to compare against our proposed MALMAS frame-807

work. All methods share the same downstream808

pipeline, using unified preprocessing and XGBoost809

as the default model to ensure fairness. Below, we810

summarize the baseline configurations.811

AutoFeat812

AutoFeat is a symbolic feature engineering method813

that constructs new features using mathematical814

transformations such as polynomials, logarithms,815

and interactions. We adopt the open-source aut-816

ofeat package and configure it to perform a single817

transformation step.818

OpenFE819

OpenFE is an automated feature construction820

framework that combines feature boosting and821

pruning to identify informative transformations.822

We use the open-source openfe package with de-823

fault settings.824

Deep Feature Synthesis (DFS) 825

DFS generates new features by applying aggre- 826

gation and transformation operations over fea- 827

ture primitives. Following standard practice, we 828

use mean, standard deviation as aggregators, and 829

add_numeric, subtract_numeric as transformation 830

primitives. 831

CAAFE 832

CAAFE employs large language models to gener- 833

ate features via iterative sampling guided by control 834

instructions. We use the official implementation 835

with the number of iterations set to 10. 836

OCTree 837

OCTree performs evolutionary search over operator 838

trees to generate feature transformations. We use 839

the official implementation for classification tasks 840

and set the iteration count to 20. 841

LLMFE 842

LLMFE uses a single-round prompt-based LLM 843

generation pipeline without iterative feedback. We 844

configure the method to sample 20 candidate fea- 845

tures per seed. 846

All LLM-based methods are implemented using 847

the DeepSeek API with a temperature of 1.0. 848

B.2 Implementation Details of MALMAS 849

MALMAS is a multi-agent, memory-augmented 850

LLM framework for iterative feature generation. 851

Unless otherwise specified, we use DeepSeekV3 852

as the backbone with temperature 1.0. We run 853

R=4 interaction rounds, select the top-3 features 854

per round, and apply a minimum effective-feature 855

threshold of 2 during conceptual summarization. 856

For all experiments, we use XGBoost as the down- 857

stream classifier with 500 trees and a learning rate 858

of 0.02; for the relatively simple Car Evaluation 859

and Banknote Authentication datasets, we reduce 860

the number of trees to 50 to mitigate overfitting. 861

This configuration is kept consistent across all base- 862

line methods. We also evaluate GPT-4.1-mini on 863

16 classification datasets, with full results reported 864

in Appendix C.2. All experiments are conducted 865

on a machine with an Intel(R) Xeon(R) Gold 6326 866

CPU @ 2.90GHz and an NVIDIA RTX A6000. 867

C Additional Results 868

C.1 Supplementary Accuracy Results 869

While AUC was used as the primary evaluation 870

metric in our main experiments due to its robust- 871
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Table 4: Dataset Details and Sources

Datasets Name #Features #Samples Source

Classification Datasets

Adult Adult Census Income 15 32561 Kaggle
Balance Balance Scale 5 625 Kaggle
Bank Bank Marketing 21 41188 Kaggle
Banknote Banknote Authentication 5 1372 UCI
Breast_W Breast Cancer Wisconsin (Original) 9 699 UCI
Car_Eval Car Evaluation 7 1209 Kaggle
Cdc diabetes health indicators dataset 21 253680 Kaggle
Credit_G German Credit Data 21 1000 Kaggle
Heart Heart Disease 12 918 Kaggle
Jungle Jungle Chess 2 Moves 7 44819 OpenML
Myocardial myocardial infarction complications 111 1700 UCI
Pima Pima Indians Diabetes 9 768 Kaggle
Student Student Performance Factors 20 6607 Kaggle
Churn Telco Customer Churn 21 7043 Kaggle
Titanic Titanic Dataset 12 891 Kaggle
Wine Wine Quality 13 6497 Kaggle

Regression Datasets

Airfoile Airfoil Self-Noise 7 1504 UCI
Bike Bike Sharing 13 17379 UCI
Crab Crab Age Prediction 9 3893 Kaggle
Insurance Healthcare Insurance 7 1338 Kaggle
Housee House Price Prediction 36 1460 Kaggle
Energy Energy Efficiency 9 768 UCI
Medical Medical Cost Personal Datasets 7 1338 Kaggle

ness against class imbalance—common in many872

real-world classification datasets—we additionally873

report results based on Accuracy (ACC) to further874

validate the effectiveness and generalizability of875

the MALMAS framework.876

Table 5 reports the average ACC, with the fol-877

lowing key observations:878

• MALMAS achieves the highest average accu-879

racy, outperforming both traditional and LLM-880

based baselines.881

• It ranks first on 11 out of 16 datasets and882

achieves top-2 performance on 4 datasets,883

demonstrating strong overall robustness.884

• Compared to other LLM-based methods,885

MALMAS benefits from multi-agent collabo-886

ration and memory-guided prompt evolution,887

resulting in more diverse and relevant feature888

generation.889

These results confirm that MALMAS delivers 890

consistent classification performance not only un- 891

der class-imbalance-aware metrics like AUC, but 892

also under general-purpose metrics. 893

C.2 Performance Analysis Using 894

GPT-4.1-Mini 895

To validate the generalizability of our framework 896

beyond a specific backbone, we also conducted 897

experiments using GPT-4.1 Mini as the LLM for 898

all LLM-based methods. Table 6 reports the AUC 899

performance across 16 classification datasets. 900

Overall, MALMAS achieves the best average 901

rank (1.37), outperforming both traditional base- 902

lines (DFS, AutoFeat, OpenFE) and other LLM- 903

based methods (CAAFE, OCTree, LLMFE). While 904

the performance gap between different LLM-based 905

methods narrows under a weaker backbone, MAL- 906

MAS still maintains a consistent lead. This sug- 907

gests that our multi-agent collaboration and mem- 908
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Table 5: Performance (ACC) of all methods on 16 classification datasets. Best results are in bold, second-best are
underlined. Results are averaged across three random train-test splits using the XGBoost classifier. “N/A” indicates
that the running time exceeded 12 hours.

Datasets Base Traditional Methods LLM-based Methods MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Adult 0.814±0.015 0.810±0.005 0.814±0.015 0.814±0.015 0.822±0.007 0.803±0.014 0.816±0.013 0.822±0.013
Balance 0.849±0.008 0.961±0.004 0.849±0.008 0.849±0.008 1.000±0.000 0.868±0.020 0.987±0.019 1.000±0.000
Bank 0.873±0.009 0.887±0.008 0.873±0.009 0.884±0.001 0.869±0.010 0.881±0.019 0.868±0.009 0.897±0.007
Banknote 0.978±0.003 0.978±0.005 0.978±0.001 0.991±0.004 0.978±0.000 0.973±0.005 0.983±0.003 0.993±0.006
Breast_W 0.952±0.009 0.954±0.005 0.952±0.009 0.956±0.007 0.967±0.004 0.956±0.002 0.958±0.004 0.960±0.003
Car_Eval 0.901±0.003 0.917±0.006 0.901±0.003 0.961±0.012 0.924±0.019 0.899±0.003 0.916±0.018 0.989±0.003
Cdc 0.857±0.002 0.857±0.001 N/A 0.862±0.001 0.859±0.001 0.855±0.002 0.861±0.001 0.861±0.001
Credit_G 0.744±0.016 0.746±0.012 0.744±0.016 0.738±0.005 0.757±0.006 0.741±0.018 0.748±0.024 0.747±0.010
Heart 0.843±0.017 0.841±0.005 0.843±0.010 0.858±0.003 0.831±0.013 0.852±0.010 0.841±0.003 0.864±0.004
Jungle 0.855±0.000 0.868±0.002 0.855±0.000 0.882±0.003 0.901±0.022 0.866±0.017 0.895±0.024 0.948±0.001
Myocardial 0.790±0.006 0.791±0.010 N/A 0.792±0.002 0.794±0.003 0.795±0.003 0.795±0.002 0.799±0.003
Pima 0.736±0.011 0.753±0.008 0.740±0.005 0.756±0.007 0.738±0.013 0.754±0.018 0.747±0.011 0.759±0.009
Student 0.930±0.003 0.929±0.004 0.930±0.003 0.939±0.002 0.934±0.002 0.930±0.003 0.931±0.003 0.943±0.002
Churn 0.787±0.001 0.792±0.002 0.787±0.001 0.787±0.003 0.784±0.003 0.789±0.002 0.787±0.002 0.791±0.004
Titanic 0.768±0.034 0.782±0.002 0.768±0.034 0.709±0.051 0.774±0.021 0.777±0.036 0.781±0.019 0.816±0.007
Wine 0.860±0.001 0.868±0.007 0.861±0.002 0.872±0.006 0.864±0.005 0.854±0.005 0.863±0.001 0.869±0.002

MeanRank 5.32 3.81 5.31 3.31 3.44 4.63 3.57 1.38

ory mechanisms provide robust benefits even when909

the underlying LLM capacity is limited.910

However, the overall performance of LLM-based911

methods, including MALMAS, tends to degrade912

slightly compared to results under stronger LLMs913

such as DeepSeekV3. For instance, methods like914

LLMFE and OCTree show more pronounced fluctu-915

ations and fall behind traditional methods on some916

datasets. This observation highlights an important917

insight: LLM-based feature generation is partially918

constrained by the expressive and reasoning capa-919

bilities of the underlying language model. There-920

fore, stronger LLMs contribute positively to seman-921

tic feature transformation, but architectural design922

remains critical for consistent gains.923

These results serve as complementary evidence924

to our main experiments in the paper, demonstrat-925

ing that MALMAS is not only effective with power-926

ful LLMs, but also remains competitive and stable927

under smaller LLM configurations.928

C.3 Details of the Ablation Study929

The ablation study results, as shown in Table 7, pro-930

vide a comprehensive evaluation of the incremental931

improvements in feature generation performance932

achieved by progressively adding agents and the933

memory module in the MALMAS.934

Overall Performance Improvement: Starting935

from the “Bas” configuration, where the model936

is trained solely on raw features, the mean rank937

is 5.11. This serves as the baseline, highlighting938

the limitations of using untransformed raw features 939

without any feature generation strategy. The in- 940

troduction of each agent role (from +A1 to +A6) 941

brings about noticeable improvements in perfor- 942

mance, demonstrating the positive impact of spe- 943

cialized feature generation strategies. 944

For example, when the first agent (+A1) is intro- 945

duced, the mean rank improves to 4.50, but further 946

improvements are not always linear. As additional 947

agents are incorporated, the performance fluctuates, 948

reaching a mean rank of 2.30 with the inclusion of 949

all six agents (+A6). This trend suggests that the 950

incorporation of agents with different roles progres- 951

sively improves feature generation, as reflected by 952

the decreasing mean rank at each step. 953

Impact of Memory Module: The most significant 954

improvement is observed when the full memory 955

module is incorporated (Full configuration), result- 956

ing in the best performance with a mean rank of 957

1.12. The inclusion of the memory module, which 958

integrates procedural memory, feedback memory, 959

and conceptual memory, enables the system to it- 960

eratively refine feature generation strategies based 961

on past experiences. This feedback loop allows the 962

agents to adapt and enhance their strategies, con- 963

tributing to the significant performance boost from 964

+A6 to the Full configuration. 965

These results clearly demonstrate the effective- 966

ness of the multi-agent and memory-augmented de- 967

sign of MALMAS. The gradual addition of agents 968

and the final memory module significantly en- 969
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Table 6: Performance comparison ( AUC) of all methods across 16 classification datasets. Best results are in bold,
second-best are underlined. Results are averaged across three random train-test splits. The GPT-4.1 Mini model was
used as the backbone for the LLM-based methods. “N/A” indicates that the running time exceeded 12 hours.

Datasets Base Traditional Methods LLM-based Methods MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Adult 0.849±0.009 0.857±0.001 0.849±0.009 0.849±0.009 0.868±0.005 0.845±0.011 0.853±0.011 0.860±0.013
Balance 0.908±0.009 0.989±0.009 0.908±0.009 0.908±0.009 1.000±0.000 0.989±0.007 0.994±0.008 1.000±0.000
Bank 0.869±0.007 0.891±0.014 0.869±0.007 0.904±0.003 0.873±0.009 0.869±0.007 0.867±0.010 0.885±0.011
Banknote 0.995±0.002 0.998±0.001 0.994±0.003 0.998±0.001 0.993±0.002 0.992±0.004 0.992±0.005 0.999±0.001
Breast_W 0.989±0.002 0.988±0.003 0.989±0.002 0.988±0.003 0.991±0.001 0.989±0.002 0.991±0.002 0.991±0.001
Car 0.982±0.004 0.978±0.002 0.982±0.004 0.994±0.004 0.993±0.002 0.983±0.007 0.991±0.001 0.999±0.000
Cdc 0.863±0.001 0.863±0.002 N/A 0.864±0.001 0.865±0.001 0.866±0.002 0.864±0.001 0.866±0.001
Credit_G 0.756±0.004 0.758±0.011 0.756±0.004 0.755±0.011 0.760±0.009 0.754±0.011 0.756±0.003 0.764±0.004
Heart 0.915±0.001 0.916±0.008 0.914±0.001 0.920±0.008 0.912±0.004 0.912±0.003 0.913±0.004 0.923±0.003
Jungle 0.970±0.000 0.975±0.000 0.970±0.000 0.980±0.000 0.983±0.005 0.974±0.002 0.981±0.006 0.988±0.003
Myocardial 0.802±0.003 0.800±0.010 N/A 0.803±0.002 0.805±0.002 0.802±0.003 0.806±0.001 0.808±0.003
Pima 0.809±0.007 0.810±0.003 0.805±0.006 0.815±0.008 0.801±0.007 0.809±0.007 0.813±0.011 0.817±0.007
Student 0.978±0.001 0.977±0.000 0.978±0.001 0.983±0.000 0.980±0.001 0.978±0.001 0.978±0.004 0.982±0.001
Churn 0.829±0.002 0.833±0.003 0.829±0.002 0.828±0.001 0.830±0.002 0.827±0.002 0.830±0.003 0.834±0.002
Titanic 0.843±0.007 0.839±0.005 0.843±0.007 0.816±0.005 0.849±0.011 0.843±0.007 0.846±0.010 0.855±0.002
Wine 0.878±0.001 0.885±0.005 0.879±0.002 0.891±0.007 0.878±0.005 0.878±0.001 0.879±0.001 0.882±0.002

MeanRank 4.94 4.32 5.12 3.81 3.44 5.12 3.87 1.37

hances the performance of model by enabling a970

more diverse and refined feature generation pro-971

cess. The final Full configuration, which integrates972

all components, shows the highest performance973

across all datasets, reaffirming the importance of974

both the multi-agent collaboration and the memory975

mechanism in driving high-quality feature discov-976

ery. The steady decrease in mean rank as each977

agent and memory component is added suggests978

that the MALMAS framework provides a robust979

and adaptive solution for feature generation.980

C.4 Details of the Parameter Sensitivity981

Figure 5 presents the AUC scores across four fea-982

ture generation rounds for multiple datasets, com-983

paring models with and without memory. Each984

round corresponds to an additional iteration of fea-985

ture generation and refinement by the MALMAS986

framework. Key findings from this evaluation are987

summarized below:988

Impact of Memory on Performance989

Models with memory consistently outperform their990

without memory counterparts across all rounds and991

most datasets. This demonstrates the effectiveness992

of memory-augmented feature generation in en-993

abling progressive refinement. In contrast, models994

without memory show limited or stagnant improve-995

ment, particularly in early rounds, due to the lack996

of retained knowledge from prior iterations.997

Performance Trends Across Rounds 998

In datasets such as Adult, Breast_W, and Jungle, 999

AUC scores steadily increase across rounds when 1000

memory is used, highlighting the cumulative ben- 1001

efits of iterative refinement. Without memory, the 1002

improvements are slower or negligible, reflecting 1003

the difficulty of building upon previously learned 1004

features without retention mechanisms. 1005

Dataset-Specific Behavior 1006

On simpler datasets like Banknote, both configu- 1007

rations achieve high AUC scores with a small per- 1008

formance gap. This suggests that memory may be 1009

less critical for less complex tasks. In contrast, for 1010

challenging datasets such as Churn and Credit_G, 1011

the performance gap becomes more pronounced, 1012

indicating that memory is especially valuable for 1013

learning from intricate or nuanced data patterns. 1014

Overall Implications 1015

The with memory models exhibit a clear trend of 1016

continuous improvement across rounds, whereas 1017

without memory models often plateau. This reflects 1018

the advantage of a memory-augmented framework 1019

in progressively enriching the feature space. The 1020

ability to incorporate and refine past knowledge 1021

plays a pivotal role in enhancing model perfor- 1022

mance, especially in complex scenarios. 1023

In summary, these results provide strong empiri- 1024

cal evidence for the benefits of memory in iterative 1025

feature generation. The memory-enhanced design 1026
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Table 7: Performance comparison across different steps in the ablation study for each dataset using DeepSeekv3.

Dataset Base +A1 +A2 +A3 +A4 +A5 +A6 Full

Adult 0.849±0.009 0.853±0.110 0.858±0.009 0.867±0.012 0.861±0.015 0.865±0.005 0.867±0.020 0.875±0.010
Balance 0.908±0.009 0.908±0.009 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000
Bank 0.869±0.007 0.878±0.023 0.878±0.006 0.878±0.006 0.888±0.011 0.881±0.004 0.884±0.011 0.895±0.002
Banknote 0.995±0.002 0.992±0.003 0.995±0.004 0.997±0.003 1.000±0.000 1.000±0.000 1.000±0.000 0.999±0.001
Breast_W 0.989±0.002 0.989±0.002 0.990±0.001 0.989±0.003 0.989±0.003 0.990±0.003 0.992±0.003 0.992±0.001
Car_Eval 0.982±0.004 0.991±0.001 0.996±0.001 0.998±0.001 0.995±0.002 0.997±0.002 0.999±0.001 0.999±0.000
Cdc 0.863±0.001 0.864±0.001 0.865±0.001 0.865±0.002 0.865±0.001 0.865±0.001 0.866±0.001 0.867±0.001
Credit_G 0.756±0.004 0.756±0.001 0.752±0.008 0.750±0.013 0.757±0.013 0.759±0.009 0.765±0.010 0.775±0.002
Heart 0.915±0.001 0.915±0.001 0.910±0.002 0.908±0.010 0.911±0.010 0.913±0.008 0.907±0.008 0.923±0.001
Jungle 0.970±0.000 0.972±0.001 0.993±0.003 0.978±0.012 0.980±0.010 0.987±0.007 0.986±0.005 0.993±0.000
Myocardial 0.802±0.003 0.802±0.003 0.804±0.001 0.804±0.001 0.804±0.002 0.806±0.002 0.806±0.001 0.809±0.003
Pima 0.809±0.007 0.809±0.011 0.811±0.013 0.815±0.009 0.817±0.007 0.821±0.005 0.824±0.005 0.823±0.003
Student 0.978±0.001 0.979±0.001 0.980±0.001 0.980±0.001 0.978±0.001 0.980±0.004 0.982±0.000 0.984±0.000
Churn 0.829±0.002 0.833±0.001 0.833±0.001 0.831±0.003 0.825±0.009 0.833±0.001 0.828±0.007 0.835±0.001
Titanic 0.843±0.007 0.856±0.016 0.859±0.015 0.852±0.006 0.865±0.008 0.861±0.007 0.868±0.012 0.872±0.008
Wine 0.878±0.001 0.879±0.001 0.881±0.002 0.881±0.001 0.882±0.004 0.881±0.004 0.883±0.003 0.886±0.003

MeanRank 5.11 4.50 3.69 3.88 3.40 2.69 2.30 1.12

of MALMAS significantly boosts learning capacity1027

and generalization, enabling sustained performance1028

gains over multiple rounds. This underscores the1029

critical role of memory in advanced feature engi-1030

neering systems.1031

C.5 Generalization Experiment Setup1032

For the generalization experiments across down-1033

stream models, all tree-based classifiers, including1034

XGBoost, LightGBM, CatBoost, and Random For-1035

est, were configured with 500 trees and a learning1036

rate of 0.02, where applicable. Other hyperparame-1037

ters were kept at their default settings as provided1038

by each library. For two relatively simple datasets,1039

car_evaluation and banknote_authentication, the1040

number of trees was reduced to 50 to prevent over-1041

fitting due to their low data complexity. This con-1042

figuration was consistently applied to all classifica-1043

tion experiments to ensure fair evaluation of feature1044

transferability across different model architectures.1045

Across all downstream classifiers—Logistic Re-1046

gression (Table 9), LightGBM (Table 10), Random1047

Forest (Table 11) and MLP(Table 12) MALMAS1048

consistently achieves the highest average AUC and1049

the lowest mean rank. This indicates that the fea-1050

tures generated by our multi-agent framework gen-1051

eralize robustly across diverse model architectures.1052

Notably, while traditional methods such as OpenFE1053

and AutoFeat perform competitively on simpler1054

datasets, they fail to match MALMAS on complex1055

ones. LLM-based baselines, including OCTree and1056

LLMFE, benefit from semantic reasoning but still1057

fall short in overall performance. These results con-1058

firm that the proposed framework is model-agnostic1059

and maintains strong discriminative capability re- 1060

gardless of the downstream classifier. 1061

C.6 Additional Results on Time and Token 1062

Usage 1063

To evaluate the computational efficiency of our 1064

LLM-based feature generation process, we mea- 1065

sured the time cost (in hours) and token usage (in 1066

thousands) on all 16 classification datasets. The 1067

experiments were conducted using the DeepSeek- 1068

V3 API as the LLM backbone and XGBoost as the 1069

downstream model, with all hyperparameters kept 1070

consistent with the main experiments. As shown in 1071

Table 13, the average generation time per dataset 1072

was approximately 0.452 hours, and the average 1073

token usage was around 147.57k tokens. These 1074

results demonstrate that our method is both time- 1075

efficient and computationally affordable, especially 1076

considering that feature generation is a one-time of- 1077

fline process. The variation in cost across datasets 1078

primarily reflects differences in metadata length 1079

and data complexity, but remains within acceptable 1080

bounds for real-world AutoML scenarios. 1081
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Table 8: AUC performance of all methods across four classifiers (Logistic Regression, XGBoost, LightGBM,
Random Forest and MLP), averaged over 16 classification datasets. Best results are in bold; second-best are
underlined.

Model Base
Traditional Methods LLM-based Methods

MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Logistic Regression 0.814 0.808 0.806 0.823 0.819 0.815 0.814 0.845
XGBoost 0.890 0.898 0.889 0.8903 0.898 0.890 0.896 0.908
LightGBM 0.891 0.898 0.891 0.896 0.899 0.891 0.898 0.906
Random Forest 0.887 0.892 0.889 0.889 0.900 0.889 0.900 0.905
MLP 0.863 0.867 0.862 0.866 0.869 0.861 0.870 0.874

MeanRank 5.20 3.60 5.80 3.80 2.40 5.20 3.00 1.00

Table 9: Performance (AUC) of all methods on 16 classification datasets. Best results are in bold, second-best are
underlined. Results are averaged across three random train-test splits using the Logistic Regression classifier. “N/A”
indicates that the running time exceeded 12 hours.

Datasets Base Traditional Methods LLM-based Methods MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Adult 0.777±0.021 0.782±0.020 0.801±0.011 0.791±0.022 0.812±0.011 0.801±0.003 0.778±0.022 0.813±0.011
Balance 0.863±0.018 0.873±0.028 0.896±0.018 0.867±0.018 0.999±0.002 0.877±0.023 0.987±0.016 1.000±0.000
Bank 0.890±0.016 0.896±0.008 0.896±0.014 0.893±0.010 0.886±0.010 0.897±0.002 0.887±0.008 0.901±0.003
Banknote 0.993±0.001 0.993±0.001 0.998±0.002 0.999±0.001 0.995±0.002 0.990±0.005 0.998±0.002 0.999±0.001
Breast_W 0.963±0.002 0.963±0.002 0.963±0.002 0.940±0.012 0.963±0.002 0.960±0.004 0.962±0.002 0.971±0.002
Car_Eval 0.689±0.008 0.688±0.005 0.689±0.008 0.797±0.003 0.716±0.015 0.693±0.014 0.697±0.016 0.911±0.054
Cdc 0.790±0.002 0.794±0.001 N/A 0.792±0.001 0.793±0.001 0.796±0.001 0.799±0.001 0.799±0.001
Credit_G 0.723±0.009 0.716±0.005 0.724±0.013 0.719±0.006 0.722±0.014 0.716±0.005 0.712±0.004 0.729±0.002
Heart 0.849±0.007 0.848±0.006 0.708±0.007 0.851±0.004 0.831±0.028 0.836±0.001 0.853±0.010 0.857±0.004
Jungle 0.678±0.003 0.678±0.003 0.702±0.002 0.709±0.013 0.681±0.003 0.678±0.003 0.685±0.019 0.710±0.002
Myocardial 0.764±0.001 0.765±0.010 N/A 0.766±0.002 0.766±0.002 0.767±0.003 0.766±0.001 0.766±0.003
Pima 0.779±0.016 0.719±0.029 0.751±0.037 0.751±0.015 0.728±0.074 0.765±0.009 0.713±0.054 0.781±0.005
Student 0.864±0.012 0.829±0.004 0.861±0.015 0.936±0.013 0.871±0.027 0.864±0.012 0.852±0.005 0.879±0.004
Churn 0.802±0.003 0.800±0.004 0.795±0.009 0.799±0.005 0.791±0.005 0.799±0.004 0.796±0.004 0.806±0.002
Titanic 0.785±0.001 0.782±0.009 0.748±0.005 0.741±0.009 0.754±0.039 0.791±0.010 0.743±0.005 0.791±0.022
Wine 0.816±0.008 0.810±0.007 0.811±0.004 0.815±0.005 0.812±0.006 0.815±0.006 0.812±0.002 0.820±0.006

Mean 0.814 0.808 0.806 0.823 0.819 0.815 0.814 0.845
MeanRank 4.25 4.75 4.43 3.68 4.37 3.81 4.31 1.12
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Table 10: Performance (AUC) of all methods on 16 classification datasets. Best results are in bold, second-best
are underlined. Results are averaged across three random train-test splits using the LightGBM classifier. “N/A”
indicates that the running time exceeded 12 hours.

Datasets Base Traditional Methods LLM-based Methods MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Adult 0.852±0.012 0.853±0.006 0.852±0.012 0.852±0.012 0.863±0.013 0.840±0.006 0.853±0.014 0.854±0.024
Balance 0.917±0.008 0.990±0.006 0.918±0.008 0.917±0.008 1.000±0.000 0.937±0.043 0.993±0.009 1.000±0.000
Bank 0.878±0.008 0.896±0.013 0.879±0.009 0.900±0.006 0.882±0.019 0.882±0.007 0.870±0.011 0.902±0.007
Banknote 0.995±0.001 0.998±0.002 0.996±0.000 0.999±0.001 0.995±0.001 0.995±0.001 0.994±0.002 0.999±0.001
Breast_W 0.990±0.002 0.989±0.002 0.989±0.002 0.990±0.003 0.993±0.001 0.988±0.004 0.993±0.001 0.992±0.001
Car_Eval 0.981±0.003 0.989±0.002 0.981±0.003 0.997±0.001 0.989±0.004 0.980±0.001 0.986±0.004 0.999±0.000
Cdc 0.858±0.002 0.861±0.002 N/A 0.860±0.001 0.863±0.001 0.862±0.001 0.864±0.001 0.864±0.001
Credit_G 0.750±0.006 0.749±0.012 0.751±0.007 0.762±0.019 0.755±0.005 0.747±0.005 0.744±0.004 0.767±0.014
Heart 0.917±0.003 0.917±0.008 0.917±0.004 0.922±0.008 0.912±0.003 0.919±0.009 0.914±0.002 0.920±0.003
Jungle 0.974±0.000 0.979±0.000 0.974±0.000 0.984±0.000 0.988±0.005 0.977±0.005 0.987±0.006 0.996±0.000
Myocardial 0.799±0.001 0.795±0.010 N/A 0.799±0.002 0.803±0.002 0.800±0.003 0.804±0.001 0.805±0.003
Pima 0.805±0.001 0.813±0.005 0.805±0.003 0.814±0.008 0.804±0.009 0.808±0.010 0.813±0.001 0.818±0.005
Student 0.981±0.001 0.979±0.000 0.981±0.001 0.984±0.000 0.981±0.001 0.981±0.001 0.981±0.000 0.986±0.000
Churn 0.828±0.002 0.828±0.001 0.827±0.001 0.827±0.002 0.824±0.004 0.825±0.002 0.827±0.000 0.828±0.002
Titanic 0.842±0.011 0.842±0.005 0.842±0.011 0.843±0.009 0.848±0.004 0.849±0.001 0.854±0.006 0.876±0.012
Wine 0.886±0.000 0.890±0.005 0.886±0.000 0.892±0.006 0.885±0.003 0.874±0.009 0.885±0.004 0.886±0.003

Mean 0.891 0.898 0.891 0.896 0.899 0.891 0.898 0.906
MeanRank 4.56 3.69 4.63 2.94 3.19 4.31 3.43 1.32

Table 11: Performance (AUC) of all methods on 16 classification datasets. Best results are in bold, second-best
are underlined. Results are averaged across three random train-test splits using the RandomForest classifier. “N/A”
indicates that the running time exceeded 12 hours.

Datasets Base Traditional Methods LLM-based Methods MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Adult 0.867±0.007 0.851±0.005 0.866±0.005 0.866±0.008 0.870±0.003 0.861±0.005 0.869±0.010 0.870±0.011
Balance 0.829±0.007 0.972±0.014 0.843±0.002 0.837±0.007 1.000±0.000 0.871±0.047 0.982±0.025 1.000±0.000
Bank 0.891±0.006 0.901±0.011 0.891±0.005 0.908±0.007 0.898±0.005 0.885±0.012 0.880±0.007 0.906±0.007
Banknote 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000 1.000±0.000
Breast_W 0.989±0.003 0.988±0.003 0.986±0.003 0.989±0.002 0.990±0.001 0.987±0.003 0.991±0.003 0.991±0.000
Car_Eval 0.993±0.001 0.989±0.002 0.993±0.001 0.997±0.001 0.992±0.004 0.990±0.003 0.996±0.001 0.999±0.000
Cdc 0.832±0.002 0.834±0.002 N/A 0.834±0.002 0.836±0.001 0.830±0.001 0.837±0.001 0.837±0.001
Credit_G 0.768±0.007 0.759±0.005 0.759±0.008 0.767±0.013 0.758±0.019 0.755±0.015 0.765±0.005 0.769±0.004
Heart 0.919±0.006 0.916±0.005 0.923±0.006 0.921±0.006 0.917±0.002 0.923±0.007 0.916±0.002 0.919±0.004
Jungle 0.943±0.000 0.955±0.000 0.949±0.000 0.963±0.001 0.979±0.009 0.954±0.016 0.972±0.010 0.993±0.000
Myocardial 0.801±0.001 0.799±0.010 N/A 0.803±0.002 0.803±0.001 0.802±0.002 0.804±0.002 0.805±0.001
Pima 0.824±0.008 0.823±0.011 0.827±0.006 0.829±0.006 0.825±0.002 0.826±0.008 0.826±0.016 0.829±0.005
Student 0.965±0.001 0.952±0.001 0.964±0.002 0.961±0.001 0.962±0.004 0.965±0.001 0.961±0.001 0.969±0.000
Churn 0.819±0.001 0.810±0.002 0.821±0.001 0.818±0.000 0.810±0.004 0.819±0.001 0.821±0.001 0.821±0.002
Titanic 0.853±0.011 0.831±0.013 0.862±0.004 0.821±0.019 0.868±0.019 0.860±0.006 0.872±0.014 0.879±0.022
Wine 0.899±0.006 0.897±0.005 0.899±0.006 0.893±0.006 0.900±0.006 0.888±0.013 0.896±0.006 0.893±0.006

Mean 0.887 0.892 0.889 0.889 0.900 0.889 0.900 0.905
MeanRank 3.88 4.62 3.94 3.38 2.94 4.25 2.87 1.44
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Table 12: Performance (AUC) of all methods on 16 classification datasets. Best results are in bold, second-best are
underlined. Results are averaged across three random train-test splits using the MLP classifier. “N/A” indicates that
the running time exceeded 12 hours.

Datasets Base Traditional Methods LLM-based Methods MALMAS
DFS AutoFeat OpenFE CAAFE OCTree LLMFE

Adult 0.834±0.007 0.829±0.007 0.836±0.006 0.835±0.008 0.843±0.007 0.828±0.006 0.833±0.012 0.845±0.005
Balance 0.898±0.008 0.952±0.007 0.896±0.006 0.897±0.006 0.960±0.000 0.907±0.024 0.954±0.009 0.960±0.000
Bank 0.860±0.011 0.869±0.013 0.862±0.010 0.876±0.010 0.862±0.015 0.850±0.008 0.861±0.012 0.875±0.005
Banknote 0.960±0.000 0.972±0.000 0.965±0.000 0.984±0.000 0.980±0.000 0.967±0.000 0.980±0.000 0.984±0.000
Breast_W 0.950±0.002 0.950±0.002 0.950±0.001 0.950±0.001 0.953±0.002 0.948±0.004 0.952±0.003 0.952±0.002
Car_Eval 0.958±0.000 0.954±0.001 0.958±0.000 0.959±0.000 0.958±0.000 0.956±0.002 0.957±0.000 0.960±0.000
Cdc 0.818±0.001 0.821±0.002 N/A 0.820±0.002 0.823±0.001 0.822±0.001 0.824±0.001 0.824±0.001
Credit_G 0.737±0.009 0.738±0.007 0.733±0.005 0.738±0.009 0.735±0.005 0.728±0.004 0.737±0.003 0.743±0.004
Heart 0.890±0.008 0.886±0.008 0.890±0.008 0.890±0.008 0.888±0.009 0.887±0.012 0.889±0.009 0.888±0.007
Jungle 0.934±0.000 0.937±0.001 0.934±0.000 0.941±0.001 0.949±0.007 0.939±0.007 0.949±0.006 0.958±0.000
Myocardial 0.759±0.004 0.755±0.006 N/A 0.759±0.002 0.763±0.002 0.760±0.004 0.764±0.001 0.766±0.003
Pima 0.792±0.006 0.790±0.010 0.792±0.004 0.792±0.009 0.788±0.004 0.792±0.007 0.797±0.010 0.793±0.007
Student 0.948±0.001 0.947±0.001 0.949±0.001 0.950±0.001 0.949±0.000 0.948±0.001 0.948±0.000 0.950±0.001
Churn 0.796±0.003 0.797±0.001 0.797±0.002 0.794±0.000 0.792±0.001 0.795±0.001 0.797±0.001 0.797±0.002
Titanic 0.820±0.008 0.809±0.004 0.818±0.010 0.826±0.009 0.822±0.016 0.828±0.008 0.830±0.010 0.837±0.016
Wine 0.840±0.004 0.844±0.005 0.839±0.004 0.847±0.006 0.838±0.003 0.832±0.008 0.840±0.003 0.840±0.005

Mean 0.863 0.867 0.862 0.866 0.869 0.861 0.870 0.874
MeanRank 3.87 3.75 4.00 2.75 2.68 4.26 2.50 1.44

Table 13: Computation time and token usage on 16 classification datasets.

Adult Balancee Bank Banknote Breast_W Car_Eval Cdc Credit_G

Time (h) 0.22 0.12 0.21 0.11 0.20 0.11 2.43 0.31
Tokens (k) 111 88 141 93 141 97 164 181

Heart Jungle Myocaridial Pima Student Churn Titanic Wine Mean

Time (h) 0.19 0.63 1.32 0.21 0.31 0.17 0.35 0.35 0.452
Tokens (k) 105 118 463 126 153 94 142 144 147.57
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Figure 5: AUC scores for multiple datasets across different rounds with and without memory

19


	Introduction
	Related Work
	Traditional and LLM-enhanced AutoML
	Automated Feature Generation
	Multi-Agent Systems

	Problem Formulation
	Methodology
	Multi-agent Structure
	Parallel Generation Architecture
	Agent Responsibilities

	Memory Architecture and Management
	Procedural Memory
	Feedback Memory
	Conceptual Memory
	Global Conceptual Memory

	Iterative Feature Generation

	Experiments
	Experimental Setup
	Datasets
	Baselines
	Evaluation Metrics
	MALMAS Configuration

	Overall Performance
	Ablation Study
	Parameter Sensitivity
	Integration with Classical AutoML
	Discussion on Feature Generalization
	Computational and Token Cost

	Conclusion
	Limitations
	Ethical Considerations
	Dataset Specifications
	Implementation Details
	Baseline Configurations
	Implementation Details of MALMAS

	Additional Results
	Supplementary Accuracy Results
	Performance Analysis Using GPT-4.1-Mini
	Details of the Ablation Study
	Details of the Parameter Sensitivity
	Generalization Experiment Setup
	Additional Results on Time and Token Usage


