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Abstract001

Information abstraction is essential for scal-002
ing game-solving algorithms to large imperfect-003
information games, yet constructing effective004
abstractions typically requires domain-specific005
evaluators such as hand-strength calculators or006
equity estimators. We propose an Abstraction007
Agent, a zero-shot pipeline that uses a large008
language model (LLM) to discover continu-009
ous strategic features from a natural-language010
game description, score private states on these011
features, and cluster them into abstraction012
buckets—without any game-specific evaluators,013
training data, or game-tree traversal during014
abstraction construction. The pipeline oper-015
ates in four phases: feature discovery via con-016
strained prompting with calibration anchors,017
batched private-state scoring, correlation-based018
feature selection, and k-means clustering. On019
two heads-up no-limit Texas hold’em (HUNL)020
turn endgames from Libratus subgames, the021
resulting abstractions reduce lifted-strategy ex-022
ploitability by 33% relative to the expected023
hand strength (EHS) baseline across 2 granu-024
larity levels. We further show qualitatively that025
the same pipeline produces strategically coher-026
ent abstractions in Pot-Limit Omaha, HUNL027
preflop/flop, and Riichi Mahjong. From an028
NLP perspective, our work demonstrates struc-029
tured knowledge elicitation: converting im-030
plicit strategic knowledge in LLM parameters031
into explicit numerical features suitable for032
downstream algorithmic computation. We will033
release the full pipeline code upon publication.034

1 Introduction035

Large language models (LLMs) have shown strong036

capabilities in reasoning, planning, and strategic037

thinking across diverse domains. A growing body038

of work explores LLMs as game-playing agents,039

yet their performance in complex strategic games040

remains limited by imprecise probability estima-041

tion and inconsistent decision-making. We propose042

using LLMs not as players, but as feature engineers043

that identify the strategic dimensions along which 044

game states should be compared. 045

In imperfect-information games, where players 046

must act under uncertainty about opponents’ pri- 047

vate states, information abstraction is essential 048

for computational tractability. Abstraction groups 049

strategically similar private states into buckets, en- 050

abling solvers like counterfactual regret minimiza- 051

tion (CFR) to operate on manageable game sizes 052

(Zinkevich et al., 2007). The quality of this group- 053

ing is a major determinant of solution quality: 054

merging states with different strategic roles intro- 055

duces exploitability. 056

Constructing effective abstractions has tradition- 057

ally required domain-specific evaluators. In poker, 058

hands are clustered by equity or expected hand 059

strength (EHS) (Gilpin and Sandholm, 2007), met- 060

rics that require hand evaluators, Monte Carlo roll- 061

outs, or expert-designed features (Johanson, 2013). 062

Recent advances such as EVPA (Li and Huang, 063

2025) and WEVA (Li and Huang, 2026a) reduce 064

the dependency on neural training or handcrafted 065

features, but both still require running CFR on the 066

full game tree, which is a prerequisite that is com- 067

putationally expensive for large games and unavail- 068

able when no solver implementation exists. More 069

broadly, many existing methods rely on at least one 070

of: (i) game-specific evaluators, (ii) extensive train- 071

ing data from game-tree traversal, or (iii) closed- 072

source implementations that make reproduction dif- 073

ficult (Brown and Sandholm, 2018). 074

This motivates our central question: can an LLM, 075

given only a natural-language description of the 076

game rules, construct useful information abstrac- 077

tions without game-tree traversal during abstrac- 078

tion construction? 079

We provide initial evidence that this is possible 080

by proposing an Abstraction Agent, a zero-shot 081

pipeline that leverages LLM reasoning to discover 082

and apply strategic features for information abstrac- 083

tion. By “zero-shot” we mean that the pipeline uses 084
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no game-specific training data, rollout evaluator,085

or game-tree traversal; it receives only a natural-086

language rules description and textual renderings087

of private states. The agent operates in four phases:088

(i) Feature Discovery, the LLM proposes contin-089

uous (real-valued in [0, 1]) strategic features with090

calibration anchors from a game description; (ii)091

Private-State Scoring, each holding is scored on092

these features via batched LLM calls; (iii) Feature093

Selection, redundant features are filtered by correla-094

tion analysis; (iv) Clustering, the resulting feature095

vectors are partitioned with k-means. The pipeline096

avoids domain-specific evaluators and manually de-097

signed scoring functions, though it still requires a098

textual game description and rendering functions099

for private states.100

The key insight is that LLMs trained on broad101

text corpora encode useful strategic regularities102

about well-studied games. Concepts like “nut po-103

tential,” “blocker value,” and “draw vulnerability”104

exist in the LLM’s knowledge as natural-language105

descriptions of strategic dimensions. Our pipeline106

elicits this knowledge as structured, continuous107

features suitable for downstream computation. We108

call this process structured knowledge elicitation:109

prompting an LLM to convert implicit domain110

knowledge into explicit, machine-readable numeri-111

cal variables that can be consumed by non-neural112

downstream algorithms.113

We evaluate on heads-up no-limit Texas hold’em114

(HUNL) turn endgames from Libratus subgames115

(Brown and Sandholm, 2018), a standard bench-116

mark from prior poker-solving work, where the117

agent’s abstraction achieves 33% lower exploitabil-118

ity than EHS on average across 2 subgames and 2119

granularity levels. We further show qualitatively120

that the same pipeline produces strategically co-121

herent abstractions in Pot-Limit Omaha (16,432122

canonical hands), HUNL preflop/flop, and Riichi123

Mahjong (a tile-based imperfect-information game124

with substantially different state structure from125

poker).126

Our contributions are:127

• A zero-shot abstraction pipeline. We pro-128

pose, to our knowledge, the first LLM-based129

pipeline that converts a natural-language game130

description into a multi-dimensional informa-131

tion abstraction without hand evaluators, roll-132

out simulators, or game-tree traversal during133

abstraction construction.134

• Quantitative gains over standard baselines.135

On two HUNL turn subgames, the agent’s 136

abstraction achieves 33% lower exploitabil- 137

ity than EHS across granularity levels K ∈ 138

{20, 50} (where K is the number of buckets), 139

without any domain-specific evaluator. 140

• Qualitative cross-game portability. Qualita- 141

tive analyses indicate that the same pipeline 142

produces strategically coherent abstractions 143

in PLO4, HUNL preflop/flop, and Riichi 144

Mahjong, discovering game-appropriate fea- 145

tures in each domain without modification. 146

2 Related Work 147

Information Abstraction in Games. Abstrac- 148

tion is a core technique for scaling imperfect- 149

information game solving. In extensive-form 150

games, information sets group states indistinguish- 151

able to a player; abstraction further merges informa- 152

tion sets deemed strategically similar (Sandholm, 153

2015). Early work on poker abstraction used hand 154

rank bucketing (Shi and Littman, 2000; Billings 155

et al., 2003). Modern approaches cluster private 156

hands by expected hand strength (EHS) or equity 157

against a uniform opponent range (Gilpin and Sand- 158

holm, 2007; Johanson, 2013; Johanson et al., 2013). 159

Potential-aware abstractions (Gilpin et al., 2007; 160

Ganzfried and Sandholm, 2014) additionally con- 161

sider how hand values change with future public 162

cards. RL-CFR (Li et al., 2024) uses reinforcement 163

learning to optimize action abstraction, comple- 164

menting information abstraction. EVPA (Li and 165

Huang, 2025) trains neural networks on CFR traver- 166

sal data to estimate per-hand features for online 167

abstraction. WEVA (Li and Huang, 2026a) avoids 168

neural training but still requires game-tree traver- 169

sal. Our work removes the requirement for game- 170

specific evaluators and game-tree traversal entirely, 171

using LLM-derived features instead. 172

CFR and Exploitability. Counterfactual regret 173

minimization (Zinkevich et al., 2007) and its vari- 174

ants (Lanctot et al., 2009; Brown and Sandholm, 175

2019a; Li and Huang, 2026b) are standard algo- 176

rithms for approximating Nash equilibria in two- 177

player zero-sum games. Superhuman poker AI 178

systems (Moravčík et al., 2017; Brown and Sand- 179

holm, 2018, 2019b) combine CFR with abstraction 180

and real-time subgame solving. We use CFR as the 181

downstream solver and evaluate abstractions by the 182

exploitability of the lifted average strategy (Waugh 183

et al., 2009; Johanson et al., 2013). 184
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Domain-Knowledge-Free Abstraction. Deep185

CFR (Brown et al., 2019) replaces tabular regret186

with neural function approximation trained from187

self-play traversals, avoiding manual feature de-188

sign but requiring extensive game-specific sam-189

pling. WEVA (Li and Huang, 2026a) eliminates190

neural training but still requires running CFR it-191

erations on the unabstracted game. Our approach192

uses pretrained LLM knowledge as the source of193

abstraction signal, requiring neither game-specific194

training nor game-tree traversal, making it appli-195

cable to games where no solver implementation196

exists.197

LLMs for Strategic Reasoning. Recent work198

has explored LLMs as game-playing agents (,199

FAIR), strategic reasoners (Gandhi et al., 2024),200

and decision-makers in interactive environments.201

In poker, LLMs have been used as zero-shot players202

(Zhuang et al., 2025) with mixed results or reason-203

ing (Anonymous, 2026b). Recent work demon-204

strates that structured prompts can activate latent205

poker skills in frontier LLMs (Anonymous, 2026a).206

While these works use LLMs as players, our work207

uses LLMs as feature engineers for offline abstrac-208

tion construction, a complementary role that feeds209

into traditional game-solving pipelines.210

LLMs as Feature Engineers. The idea of using211

LLMs to propose features has emerged in tabular212

learning and AutoML contexts (Hollmann et al.,213

2023) . Our work applies this paradigm to game-214

theoretic abstraction, where features must satisfy215

game-theoretic desiderata (spread, independence,216

coverage) that differ from standard ML feature217

quality metrics. The key technical challenge is elic-218

iting calibrated numerical outputs from LLMs—219

we address this through calibration anchors and220

constrained output formatting.221

3 Method222

We propose an Abstraction Agent that constructs223

information abstractions for imperfect-information224

games through a four-phase pipeline (Figure 1).225

The agent is game-agnostic: all domain knowledge226

is injected through a declarative GameConfig that227

provides natural-language descriptions of the game228

rules and context. No hand-strength calculators,229

equity estimators, or rollout simulators are used.230

3.1 Problem Setting231

Consider an imperfect-information game at a fixed232

public state c (e.g., community cards in poker,233

visible discards in Mahjong). Each player can 234

hold one of N private states h1, . . . , hN (e.g., hole 235

cards or concealed tiles). An information abstrac- 236

tion maps each private state to one of K buckets: 237

ϕ : {h1, . . . , hN} → {1, . . . ,K}. A solver (e.g., 238

CFR) computes a strategy over the K buckets; this 239

strategy is lifted back to the original game by as- 240

signing all states in the same bucket the same mixed 241

action—if two private states share a bucket, the 242

solver cannot distinguish them and must prescribe 243

identical behavior. The quality of ϕ is measured by 244

the exploitability of the lifted strategy: how much 245

an optimal adversary can gain by exploiting the ab- 246

straction’s inability to differentiate merged states. 247

3.2 Phase 1: Feature Discovery 248

Given a GameConfig containing the game rules 249

and strategic context, the agent prompts the LLM 250

to propose a set of continuous strategic features 251

{f1, . . . , fM} (typically M ∈ [3, 8]). Each feature 252

fj is defined by: 253

• A name (e.g., NUT_CEILING) 254

• A description explaining what the feature 255

measures 256

• Calibration anchors mapping scores 0.0, 0.5, 257

and 1.0 to concrete game situations 258

The prompt enforces several desiderata: features 259

must be continuous in [0, 1], must produce suffi- 260

cient spread (std ≥ 0.15) across the hand space, 261

must be conceptually independent, and must col- 262

lectively cover the major strategic axes of the game. 263

When the game has future public cards (e.g., turn 264

in poker), the prompt additionally requests features 265

capturing future-card sensitivity. 266

This phase requires a single LLM call and is 267

cached for reuse across different K values on the 268

same game. 269

3.3 Phase 2: Private-State Scoring 270

For each private holding hi, the agent constructs a 271

prompt containing: 272

1. The public context (board cards, pot size) 273

2. The discovered feature definitions with their 274

calibration anchors 275

3. A batch of holdings to score (typically 20–30 276

per call) 277
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L
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GameConfig
(text rules only)

ÿ
Phase 1

Feature Discovery

b
Phase 2

Hand Scoring

U
Phase 3

Feature Selection

K
Phase 4

Clustering

à
K Buckets
(abstraction φ)

® LLM

À

h1, . . . , hN

(private holdings)

$ NUT_CEILING
$ IMPROVEMENT_POT
$ VULNERABILITY
$ BLOCKER_VALUE
...(M features)

h1: 0.85, 0.20, 0.70, ...
h2: 0.30, 0.90, 0.15, ...
h3: 0.60, 0.45, 0.55, ...
→ S ∈ [0, 1]N×M

S std < 0.10
S |r| > 0.90

¢ M′ ≤ M kept

→ Z ∈ RN×M′

K-means++ init
10 restarts
φ(hi) = arg mink
‖zi − µk‖2

¡ No Evaluators ¡ No Training ¡ No Game-Tree Traversal ¡ Game-Agnostic

Figure 1: The Abstraction Agent pipeline. Given only a textual GameConfig and a set of private holdings, the agent
uses an LLM to discover strategic features (Phase 1), score each holding on those features (Phase 2), filter redundant
dimensions (Phase 3), and cluster into K buckets (Phase 4). The pipeline requires no hand evaluators, no training
data, and no game-tree traversal. The same code applies to poker, Omaha, and Mahjong without modification.

The LLM returns a structured response assigning278

each holding a score vector si = (si,1, . . . , si,M ) ∈279

[0, 1]M . The calibration anchors serve as a shared280

reference frame, encouraging consistent scoring281

across batches. Holdings are processed in batches282

with retry logic and caching to handle API failures283

gracefully.284

After scoring, we obtain a feature matrix S ∈285

RN×M .286

3.4 Phase 3: Feature Selection287

Not all discovered features may be informative or288

independent in practice. We apply two automated289

filters:290

Variance filter. Features with column standard291

deviation below a threshold τσ = 0.10 are dropped292

as uninformative (the LLM assigned near-constant293

scores).294

Correlation filter. For each pair of surviving fea-295

tures with Pearson correlation |r| > τr = 0.90, we296

drop the feature with lower variance. This removes297

redundancy while preserving the most informative298

member of each correlated group.299

The surviving features are rescaled by dividing300

each column by its standard deviation (without301

mean-centering, since the calibration anchors al-302

ready provide a shared zero-point), producing the303

final feature matrix Z ∈ RN×M ′
where M ′ ≤M .304

3.5 Phase 4: Clustering305

We partition the N holdings into K buckets using306

multi-restart K-means on Z:307

ϕ(hi) = argmin
k
∥zi − µk∥2 (1)308

Algorithm 1 Abstraction Agent Pipeline

Require: Game config G, holdings {h1, . . . , hN},
public state c, bucket count K

Ensure: Abstraction ϕ : {hi} → {1, . . . ,K}
1: Phase 1: Feature Discovery
2: {f1, . . . , fM} ← LLM(G.game_description)
3: Phase 2: Private-State Scoring
4: for each batch B ⊂ {h1, . . . , hN} do
5: si ← LLM(c, {fj}, B) for hi ∈ B
6: end for
7: S← [s1; . . . ; sN ] ∈ RN×M

8: Phase 3: Feature Selection
9: Drop columns with std < τσ

10: Drop correlated pairs with |r| > τr
11: Z← standardize surviving columns
12: Phase 4: Clustering
13: ϕ← K-means(Z,K) with multi-restart
14: return ϕ

where µ1, . . . ,µK are cluster centroids. We use 309

K-means++ initialization with 10 random restarts 310

(50 iterations each) and select the partition with 311

minimum within-cluster sum of squares. 312

3.6 Algorithm Summary 313

Algorithm 1 summarizes the full pipeline. 314

3.7 Game-Agnostic Design 315

The pipeline’s game-agnosticism is achieved 316

through a GameConfig interface specifying the 317

game rules (for feature discovery), a shorter context 318

(for scoring prompts), and two rendering callbacks 319

(hand_to_text, board_to_text). To apply the 320
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agent to a new game, one writes a GameConfig321

(typically 20–50 lines of natural language) and two322

rendering functions. No evaluation code, rollout323

simulators, or domain-specific feature engineering324

is required.325

3.8 Prompt Design Principles326

Three design choices ensure reliable outputs: (1)327

Calibration anchors map 0.0/0.5/1.0 to concrete328

game situations, grounding the LLM in consis-329

tent reference points across batches; (2) Con-330

straint specification enforces SPREAD, INDEPEN-331

DENCE, and COMPLETENESS as explicit re-332

quirements for feature discovery; (3) Batch for-333

matting uses numbered lists with fixed format334

(“0: FEAT1=0.xx FEAT2=0.yy”), enabling re-335

liable parsing. The calibration anchors serve a336

dual role: they normalize scores across batches337

(analogous to few-shot examples) and provide in-338

terpretable semantics for each feature’s scale.339

4 Experimental Setup340

4.1 Domains341

HUNL Endgames. We evaluate on two turn342

endgames derived from Libratus-style subgames343

(Brown and Sandholm, 2018). Each subgame spec-344

ifies a public board, pot size, and private hands345

reaching the decision point. Turn boards are the346

most strategically complex street: hand rankings347

can change when the final card is revealed, creating348

multi-dimensional strategic value (current strength,349

draw potential, vulnerability) that a single scalar350

metric cannot capture. Private hands are filtered351

by reach probability to retain strategically relevant352

holdings, evaluated at K ∈ {20, 50} buckets (4353

conditions total).354

PLO4 Preflop (Qualitative). We apply the agent355

to Pot-Limit Omaha with 4 private cards at the pre-356

flop stage. The full hand space is
(
52
4

)
= 270,725357

raw combinations, reduced to 16,432 canonical358

representatives after suit isomorphism, clustered359

with K = 30. No exploitability is computed; we360

inspect whether discovered features capture recog-361

nized PLO strategic concepts.362

HUNL Preflop and Flop (Qualitative). We ap-363

ply the agent to HUNL preflop (169 canonical364

hands, K = 10) and flop (1,176 valid holdings,365

K = 20) to test cross-street generalization without366

pipeline modification.367

Riichi Mahjong (Qualitative). To demonstrate 368

applicability beyond card games, we apply the 369

agent to Japanese Riichi Mahjong (MahjongRepos- 370

itory, 2024), a tile-based game with 136 tiles, 371

chance nodes, and fundamentally different mechan- 372

ics from poker. We fix a mid-game scenario (turn 8, 373

East round, 14 visible discards) and sample 200 ran- 374

dom 13-tile hands (K = 10). This tests whether 375

the pipeline discovers meaningful features for a 376

game with chance nodes and no shared structure 377

with poker. 378

4.2 Baselines 379

Expected Hand Strength (EHS). Each hand is 380

assigned its expected equity against a uniform op- 381

ponent range over all possible river cards, clustered 382

by this scalar using K-means. Requires a hand 383

evaluator and Monte Carlo rollout. 384

Random. Hands assigned to buckets uniformly 385

at random (lower bound). 386

LLM-Embed (zero-shot). The LLM generates 387

text descriptions of each hand, descriptions are em- 388

bedded with a sentence encoder, and embeddings 389

are clustered with K-means. Tests whether raw em- 390

beddings capture useful structure without explicit 391

feature discovery. 392

Potential-Aware (PA). Hands clustered in 2D 393

space of (EHS,
√
Var[HS]), where variance is com- 394

puted across all river cards (Ganzfried and Sand- 395

holm, 2014). Requires a hand evaluator plus full 396

river enumeration. 397

4.3 Evaluation Metric 398

For HUNL endgames, we report exploitability of 399

the lifted strategy as a fraction of the pot. The lifted 400

strategy is obtained by running CFR for 2,000 it- 401

erations on the abstract game and mapping the re- 402

sulting strategy back to the original game. Lower 403

exploitability indicates a better abstraction. We 404

also report the ratio of agent exploitability to EHS 405

exploitability; ratio < 1 means the agent outper- 406

forms EHS. 407

4.4 Implementation Details 408

We use GPT-5.5 via the OpenAI-compatible API 409

(temperature 0.0, deterministic decoding). Feature 410

discovery uses a single LLM call per game; private- 411

state scoring uses batches of 20–30 holdings with 3- 412

attempt retry logic. We define parse rate as the per- 413

centage of LLM scoring responses that match the 414
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Table 1: HUNL turn endgame exploitability (fraction
of pot). Lower is better. Ratio = Agent / EHS; values
below 1.0 indicate the agent outperforms EHS. All runs
achieve 100% parse rate.

Board K Agent EHS Ratio

7♠ 9♡ 9♣ T♣ 20 0.0228 0.0335 0.68
7♠ 9♡ 9♣ T♣ 50 0.0118 0.0192 0.62

T♠ 6♡ A♡ 7♣ 20 0.0862 0.1088 0.79
T♠ 6♡ A♡ 7♣ 50 0.0356 0.0592 0.60

Average (K=20) — — 0.74
Average (K=50) — — 0.61
Overall Average — — 0.67

required structured format without manual correc-415

tion. The feature matrix is filtered (min std = 0.10,416

max correlation = 0.90) and rescaled before K-417

means++ clustering (10 restarts, 50 iterations each).418

CFR uses vanilla alternating updates for 2,000 iter-419

ations; exploitability is computed exactly by best-420

response traversal over the unabstracted game tree.421

All clustering uses a fixed random seed; the full422

pipeline completes in under 60 seconds per sub-423

game excluding CFR time. Prompts are identical424

across all games except the GameConfig content;425

full prompts are provided in Appendix C. We cache426

the first feature-discovery output per game; cluster-427

ing stability across 10 random seeds yields mean428

pairwise ARI of 0.77.429

5 Results430

5.1 HUNL Endgames431

Table 1 presents the main quantitative results on432

turn endgames, where future cards create multi-433

dimensional strategic value that EHS cannot cap-434

ture. The Abstraction Agent outperforms the EHS435

baseline in all 4 experimental conditions, with an436

average exploitability ratio of 0.67 (33% improve-437

ment). The improvement is consistent across both438

K = 20 (average ratio 0.74) and K = 50 (average439

ratio 0.61), with larger gains at finer granularity440

where the additional feature dimensions provide441

more discriminative power.442

Comparison with Other Methods. Table 2 com-443

pares the Abstraction Agent against additional base-444

lines at K = 20. The agent substantially out-445

performs LLM-Embed (58% lower exploitability),446

demonstrating that feature discovery extracts more447

useful structure than raw text embeddings. It also448

outperforms EHS (32% and 21% improvement on449

SG1/SG2) despite EHS requiring a domain-specific450

Table 2: Comparison of abstraction methods at K =
20 (exploitability as fraction of pot). The Abstraction
Agent outperforms LLM-Embed without requiring any
domain-specific evaluator, and also outperforms EHS
which requires a hand evaluator.

Method SG1 SG2

Random 0.2235 0.6513
LLM-Embed (zero-shot) 0.0544 0.2063
Abstraction Agent (ours) 0.0228 0.0862

Domain-specific methods (require hand evaluator):
EHS 0.0335 0.1088
PA (EHS + Variance) 0.0149 0.0564

hand evaluator. The PA method with access to 451

hand evaluators and full river enumeration achieves 452

lower exploitability, as expected; the agent bridges 453

a substantial portion of the gap using only LLM- 454

derived features. 455

Feature Discovery. Across both turn subgames, 456

the LLM consistently discovers 7 features. 457

After correlation-based filtering (|ρ| > 0.9 458

threshold), 6 features are typically retained. 459

Five features appear in both subgames’ final 460

selection: CURRENT_MADE_STRENGTH, 461

IMPROVEMENT_POTENTIAL, VULNERA- 462

BILITY_TO_OUTDRAWS, NUT_CEILING, 463

and BLOCKER_VALUE. Two features, 464

RIVER_EQUITY and RIVER_STABILITY, 465

are sometimes filtered due to high correlation with 466

other features. 467

Feature–EHS Correlation. Feature–EHS cor- 468

relations (Appendix G) confirm that while CUR- 469

RENT_MADE_STRENGTH correlates highly with 470

EHS (r = 0.87–0.93), features like IMPROVE- 471

MENT_POTENTIAL (r = −0.30 to 0.27) capture 472

orthogonal strategic dimensions. 473

5.2 PLO4 Preflop Clustering 474

The agent discovers 7 features for PLO4 475

preflop, of which 5 are selected after fil- 476

tering: RANK_AND_PAIR_STRENGTH, 477

SUITEDNESS_AND_FLUSH_POTENTIAL, 478

STRAIGHT_CONNECTIVITY, 479

ALL_CARD_COORDINATION, and DOMI- 480

NATION_RISK_RESISTANCE. These align 481

closely with recognized PLO strategic concepts 482

(Billings et al., 2003), despite the agent having 483

no poker-specific code. We cluster the 16,432 484

canonical PLO4 hands with K = 30, achieving 485

100% parse rate. Representative clusters are shown 486

in Appendix H. 487
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5.3 Riichi Mahjong Mid-Game Clustering488

To demonstrate game-agnosticism beyond poker,489

we apply the agent to Japanese Riichi Mahjong,490

a tile-based game with fundamentally different491

mechanics. In a mid-game scenario (turn 8, East492

round, 14 visible discards, ∼50 tiles remaining in493

the wall), we sample 200 random 13-tile hands494

and cluster with K = 10. The agent discovers 6495

features: CURRENT_SPEED (shanten + effective496

tiles), ACCEPTANCE_BREADTH (number of497

improving tile types), HAND_VALUE_POTENTIAL498

(yaku/han scoring upside), WAIT_QUALITY499

(tenpai waiting pattern quality), DEFEN-500

SIVE_RESILIENCE (safety for defensive play), and501

NEXT_DRAW_SWING_POTENTIAL (how much502

one random draw changes strategic value). The last503

feature directly captures the chance-node dynamics504

of tile draws from the wall. After correlation505

filtering, 5 features are retained (100% parse rate).506

Clusters separate hands by strategic role: Cluster 9507

(high speed, 1–2 shanten, wide acceptance) vs.508

Cluster 5 (low speed, high defense, 3–4 shanten).509

Representative clusters are shown in Appendix K.510

The pipeline requires no Mahjong-specific code,511

only a text description of the rules.512

5.4 HUNL Flop Clustering513

We apply the agent to a HUNL flop board (A♠ K♡514

Q♢, 1,176 valid holdings, K = 20). The agent515

discovers 7 features, of which 5 are selected after516

filtering. Parse rate is 97.9%. The resulting clusters517

separate sets, top two pair, nut straight draws, and518

backdoor flush draws into distinct groups, suggest-519

ing recognition of draw potential as distinct from520

made hand strength. Representative clusters are521

shown in Appendix I.522

5.5 HUNL Preflop Clustering523

We further apply the agent to HUNL preflop (169524

canonical hands, K = 10). The agent discovers525

7 features, all retained after filtering. Parse rate526

is 100%. The resulting clusters separate premium527

pairs (TT+, AKo) from small pairs (22–66), suited528

connectors from offsuit junk, and group suited aces529

with suited connectors based on shared flush poten-530

tial. Full cluster details are in Appendix F.531

5.6 Cross-Game Summary532

Table 3 summarizes the agent’s performance across533

all evaluated games, distinguishing quantitative534

from qualitative evidence.535

Table 3: Cross-game summary. The same pipeline is
applied to four game settings. Quant. = exploitability;
Qual. = cluster inspection.

Game N K Eval Key Result

HUNL Turn ∼1K 20, 50 Quant. 33% ↓ vs EHS
PLO4 Preflop 16,432 30 Qual. PLO features
HUNL Flop 1,176 20 Qual. Draw/made sep.
HUNL Preflop 169 10 Qual. Premium groups
Mahjong 200 10 Qual. Chance features

We emphasize that cross-game results outside 536

HUNL turn are qualitative: they assess strategic 537

coherence of the discovered features and clusters 538

rather than downstream exploitability. The “un- 539

changed pipeline” refers to the algorithm, prompts, 540

selection, and clustering procedure; only the 541

GameConfig content and text rendering callbacks 542

differ across games. 543

5.7 Parse Rate and Robustness 544

Across all experiments (HUNL turn/flop/preflop, 545

PLO4, and Riichi Mahjong), the overall parse rate 546

exceeds 99% (100% on turn, preflop, PLO4, and 547

Mahjong; 97.9% on flop). Each feature produces 548

33–61 unique values per subgame with standard 549

deviations of 0.11–0.25, and score distributions 550

adapt to board texture (e.g., NUT_CEILING aver- 551

ages 0.78 on flush-draw-heavy boards versus 0.48 552

on paired boards). 553

6 Analysis 554

6.1 Why Multi-Feature Abstraction 555

Outperforms EHS 556

EHS compresses all strategic information into a 557

single scalar, losing information about vulnerabil- 558

ity, nut potential, and blocker effects. The feature– 559

EHS correlation analysis (Appendix G) confirms 560

this: while CURRENT_MADE_STRENGTH corre- 561

lates highly with EHS (r = 0.87–0.93), features 562

like IMPROVEMENT_POTENTIAL (r = −0.30 to 563

0.27) capture orthogonal dimensions. By clustering 564

in multi-dimensional space, the agent avoids merg- 565

ing hands with similar EHS but different strategic 566

roles. 567

6.2 Granularity Effects 568

Increasing K from 20 to 50 consistently improves 569

the agent’s ratio (0.74→ 0.61). Finer abstractions 570

allow the multi-dimensional feature space to be 571

partitioned more precisely, while one-dimensional 572

EHS gains less from additional buckets once major 573
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strength tiers are separated. Clustering is stable574

across random seeds: mean pairwise ARI is 0.77575

overall (10 seeds per condition), with K = 50576

more stable (0.77–0.88) than K = 20 (0.63–0.80).577

6.3 Feature Importance via Leave-One-Out578

We perform leave-one-out ablation: for each579

feature, we remove it and re-cluster, measur-580

ing ARI between full and reduced clusterings.581

Results (Appendix J) show that VULNERABIL-582

ITY_TO_OUTDRAWS and BLOCKER_VALUE con-583

tribute the most unique clustering signal (lowest584

ARI when removed), while RIVER_EQUITY has585

the least impact, validating the automated selection.586

6.4 Comparison with Potential-Aware587

Methods588

Potential-aware abstractions (Ganzfried and Sand-589

holm, 2014) extend EHS by incorporating future-590

card distributions; EVPA (Li and Huang, 2025)591

learns neural features online during CFR. Our592

agent’s IMPROVEMENT_POTENTIAL and VUL-593

NERABILITY_TO_OUTDRAWS capture analogous594

information through natural-language reasoning.595

The PA baseline (Table 2) achieves lower ex-596

ploitability, as expected for a method with exact eq-597

uity calculators. Our method’s value lies in achiev-598

ing competitive performance without game-specific599

evaluators or game-tree traversal.600

6.5 Scope of Zero-Shot Abstraction601

The PA method outperforms our agent when hand602

evaluators exist. The zero-shot setting is the realis-603

tic use case for (1) games without existing solver604

implementations, (2) rapid prototyping, and (3)605

games where equity computation is intractable.606

Our Mahjong experiment exemplifies case (1): no607

open-source Mahjong CFR solver exists, yet the608

pipeline produces meaningful strategic clusters in609

under 60 seconds.610

6.6 Role of LLM Prior Knowledge611

The pipeline’s effectiveness depends on the LLM612

having internalized relevant strategic concepts from613

its training corpus. For well-documented games614

like poker, this prior knowledge is rich: concepts615

such as “nut potential” and “blocker value” ap-616

pear extensively in strategy literature. For less-617

documented games, the LLM may propose less618

informative features. Our Mahjong experiment pro-619

vides a partial test: while Mahjong strategy liter-620

ature exists, it is far less extensive than poker’s,621

yet the agent still discovers meaningful features 622

(shanten-based speed, defensive resilience). The 623

method’s applicability to truly novel or undocu- 624

mented games remains an open question. 625

7 Conclusion 626

We presented an Abstraction Agent that uses LLMs 627

to discover and score strategic features for infor- 628

mation abstraction from natural-language game 629

descriptions, without game-specific evaluators or 630

game-tree traversal. On two HUNL turn endgames, 631

the agent achieves 33% lower exploitability than 632

EHS across 2 granularity levels. The same pipeline 633

produces qualitatively coherent abstractions in 634

PLO4, HUNL preflop/flop, and Riichi Mahjong, 635

discovering game-appropriate features in each do- 636

main without modification. These results suggest 637

that LLMs can serve not only as decision-makers 638

but as structured interfaces for converting natural- 639

language domain knowledge into formal compu- 640

tational representations. We will release the full 641

pipeline code upon publication. Future work in- 642

cludes scaling to full HUNL games, evaluating 643

with multiple LLM backbones, and iterative refine- 644

ment where the agent adjusts features based on 645

solver feedback. 646

Limitations 647

Our work has several limitations. First, the quan- 648

titative evaluation is limited to two HUNL turn 649

subgames; broader validation across more game 650

instances and game types remains future work. Sec- 651

ond, the agent’s advantage is strongest on streets 652

with future cards; on the river, where EHS equals 653

exact equity, multi-dimensional features provide 654

limited additional benefit. Third, the method relies 655

on GPT-5.5’s strategic knowledge and may vary 656

with different LLM backbones; we do not yet eval- 657

uate across multiple models or prompt variants. 658

Fourth, cross-game results (PLO4, Mahjong) are 659

qualitative and assess strategic coherence rather 660

than downstream exploitability. Fifth, while the 661

pipeline avoids game-specific evaluators, it still 662

requires a textual game description and render- 663

ing functions for private states, which presupposes 664

some understanding of the game’s structure. 665

Ethics Statement 666

This work proposes a method for constructing in- 667

formation abstractions in imperfect-information 668

games. The primary application domain is poker, 669
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which involves gambling. Although our experi-670

ments are research-oriented and evaluated on stan-671

dard academic benchmarks (Libratus subgames),672

improved poker abstractions could in principle be673

used in automated gambling systems. We release674

code for reproducibility in controlled research set-675

tings but do not provide deployment tools for real-676

money play, and we encourage use only in aca-677

demic contexts. The method itself is game-agnostic678

and has applications beyond gambling, including679

security games, negotiation, and multi-agent coor-680

dination.681
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A Game Descriptions799

This appendix provides the complete game descrip-800

tions used as input to the Abstraction Agent. These801

descriptions constitute the only domain knowledge802

provided to the system; no game-specific evalua-803

tion code, hand evaluators, or equity calculators are804

used.805

A.1 Heads-Up No-Limit Texas Hold’em806

(HUNL)807

Cards and Deal. A standard 52-card deck with808

13 ranks (2 < 3 < · · · < K < A) and 4 suits809

(♠,♡,♢,♣). Each player receives 2 private (hole)810

cards. Five community cards are dealt face-up in811

stages: flop (3), turn (1), river (1).812

Hand Formation. At showdown, each player813

forms the best 5-card combination from their 2814

hole cards and 5 community cards (best 5 of 7).815

Hand Rankings (strongest to weakest).816

1. Straight Flush: five consecutive ranks, all817

same suit818

2. Four of a Kind: four cards of one rank819

3. Full House: three of one rank + two of an- 820

other 821

4. Flush: five cards of one suit, not consecutive 822

5. Straight: five consecutive ranks, mixed suits 823

6. Three of a Kind: three of one rank 824

7. Two Pair: two different pairs 825

8. One Pair: one pair 826

9. High Card: none of the above 827

Betting Structure. No-limit: players may bet 828

any amount up to their remaining stack at any time. 829

Betting rounds occur after each community card 830

stage. 831

Turn Endgame Setting. In our turn experiments, 832

4 community cards are visible and one more will 833

be revealed. The key strategic consideration is 834

that hand rankings can change with the final card; 835

draws may complete, and currently strong hands 836

may be overtaken. 837

River Endgame Setting. All 5 community cards 838

are visible. Hand rankings are fully determined. 839

Strategic considerations focus on current show- 840

down strength, nut proximity, and blocker effects. 841

A.2 Pot-Limit Omaha (PLO4) 842

Cards and Deal. Standard 52-card deck. Each 843

player receives 4 private cards (compared to 2 in 844

HUNL). Five community cards are dealt in stages: 845

flop (3), turn (1), river (1). 846

Critical Rule. At showdown, each player must 847

use exactly 2 of their 4 private cards combined 848

with exactly 3 of the 5 community cards. This is 849

the fundamental difference from HUNL; players 850

cannot use 1, 3, or 4 private cards. 851

Hand Rankings. Same 9-category hierarchy as 852

HUNL (straight flush through high card). 853

Betting Structure. Pot-limit: the maximum bet 854

is the current pot size. 855

Preflop Setting. In our PLO4 experiments, no 856

community cards have been dealt. Hand value is 857

entirely about post-flop potential. The hand space 858

is
(
52
4

)
= 270,725 raw combinations, reduced to 859

16,432 canonical representatives after suit isomor- 860

phism. 861
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A.3 Riichi Mahjong (Japanese Competitive862

Mahjong)863

Tiles. 136 tiles total: 34 unique types × 4 copies.864

Number tiles: three suits of 1–9 (Man/Characters,865

Pin/Circles, Sou/Bamboo). Honor tiles: 4 winds866

(East, South, West, North) and 3 dragons (White,867

Green, Red).868

Winning Condition. A complete hand (14 tiles)869

consists of 4 sets + 1 pair, where each set is either a870

sequence (three consecutive tiles of the same suit)871

or a triplet (three identical tiles). Special patterns:872

Seven Pairs, Thirteen Orphans.873

Shanten and Tenpai. Shanten number = mini-874

mum tile exchanges to reach tenpai (ready to win).875

Tenpai (shanten = 0) means one more tile completes876

the hand. Lower shanten = closer to winning.877

Chance Nodes. Each turn, a player draws one878

tile randomly from the remaining wall (∼70 tiles879

initially, ∼40–50 mid-game). This draw can:880

complete a winning hand, reduce shanten, enable881

higher-value scoring patterns (yaku), or provide no882

improvement. The draw is the primary source of883

randomness after the initial deal.884

Scoring (Han/Fu System). Hand value depends885

on yaku (scoring patterns): Riichi, Tanyao (all sim-886

ples), Pinfu, Honitsu (half flush), Chinitsu (full887

flush), etc. More han = exponentially higher pay-888

ment. Mangan (5+ han) = 8000 points.889

Strategic Dimensions. Hand progression speed890

(shanten + acceptance width), hand value potential891

(yaku routes), tile efficiency (acceptance count),892

defensive safety (safe discard availability), and893

waiting pattern quality (remaining copies of win-894

ning tiles). We use the mahjong Python library895

(MahjongRepository, 2024) for shanten calculation896

and hand evaluation.897

B PLO4 Preflop Hand Taxonomy898

PLO4 preflop hands are characterized along mul-899

tiple strategic dimensions. Table 4 and Table 5900

provide a comprehensive taxonomy.901

B.1 Suit Patterns902

B.2 Structural Types903

B.3 Key PLO4 Concepts904

Nut Potential. In PLO, the “nuts” (best possible905

hand) is critical because multi-way pots are com-906

mon. Hands that can make the nut flush (holding907

Table 4: PLO4 suit pattern classification. Suit structure
determines flush potential.

Pattern Notation Description

Double-suited ds (2+2) Two suited pairs; two flush
draws. Strongest.

Single-suited ss (3+1) Three of one suit; one flush
draw.

Suited pair sp (2+1+1) One suited pair; weaker
flush potential.

Rainbow r (1+1+1+1) All four suits; no flush po-
tential.

Table 5: PLO4 structural hand types with examples and
strategic properties.

Type Example Strategic Properties

Premium pairs + suited AA-KK ds Top pair + flush draws; strongest
Top rundowns AKQJ, KQJT Max straight connectivity
Suited connectors 8h7h6s5s Flush + straight; strong playability
High pairs + danglers AA-xx rainbow High pair, limited coordination
Mid rundowns T987, 9876 Good connectivity, lower nut potential
Suited aces As-xxx Nut flush draw potential
Trips AAA-x Reduced pair potential; weak in PLO
Low connected 5432, 6543 Straight potential but rarely nut
Disconnected low 7h3d2c9s No coordination; weakest

the Ace of a suit) or nut straight (top of a straight) 908

are significantly more valuable than hands that can 909

only make non-nut versions. 910

Card Coordination. All 4 cards should “work 911

together,” contributing to the same straights or 912

flushes. A hand like A♠K♠Q♡J♡ (double- 913

suited, connected) has maximum coordination, 914

while A♠7♢3♣2♡ has a “dangler” (disconnected 915

card) that reduces effective hand strength. 916

Domination Risk. Hands where flush or straight 917

draws can only make non-nut hands are “domi- 918

nated”; they may hit their draw but still lose to a 919

higher version. Small pairs without backup draws 920

are particularly vulnerable. 921

The Must-Use-Two Rule. The requirement to 922

use exactly 2 private cards fundamentally changes 923

hand evaluation compared to HUNL. For example, 924

holding four cards of one suit does not help make 925

a flush (you can only use 2), and holding trips 926

reduces pair potential (only 1 card of that rank 927

remains in the deck). 928

C Prompt Templates 929

This section provides the exact prompt templates 930

used by the Abstraction Agent. All prompts are 931

game-agnostic; domain knowledge enters only 932

through the GameConfig fields. 933

C.1 Feature Discovery Prompt 934

SYSTEM: 935
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You are a game-theory analyst specializing in936
imperfect-information games. Your task is to937
propose continuous strategic features for938
grouping private holdings.939

940
USER:941
## Game Description942
{config.game_description}943

944
## Task945
Propose {M} continuous features in [0, 1] for946
evaluating private holdings in this game.947

948
## Requirements949
1. SPREAD: Each feature must produce sufficient950

variance (std >= 0.15) across the hand space.951
2. INDEPENDENCE: Features should capture different952

strategic dimensions (pairwise |r| < 0.7).953
3. COMPLETENESS: Together, features should cover954

the major axes of strategic variation.955
4. CALIBRATION: Provide anchors mapping 0.0, 0.5,956

and 1.0 to concrete game situations.957
{5. FUTURE AWARENESS (if has_future_cards):958

Features should capture both current state AND959
potential for change when new information is960
revealed. Note: {future_card_note}}961

962
## Anti-Patterns (DO NOT propose)963
- Binary features (e.g., "has a pair: yes/no")964
- Features that are subsets of another965
- Features requiring external computation966

967
## Output Format (JSON)968
[{"name": "FEATURE_NAME",969

"description": "what it measures",970
"anchors": {"0.0": "...", "0.5": "...",971

"1.0": "..."}}]972

C.2 Hand Scoring Prompt973

SYSTEM:974
{config.game_context}975

976
You will score private holdings on the following977
features. Use the calibration anchors as reference978
points for consistent scoring.979

980
Features:981
{for each feature f:982

- {f.name}: {f.description}983
0.0 = {f.anchors["0.0"]}984
0.5 = {f.anchors["0.5"]}985
1.0 = {f.anchors["1.0"]}}986

987
USER:988
{board_to_text(board)}989

990
Score each holding below. Output format:991
INDEX: FEAT1=0.xx FEAT2=0.yy ...992

993
{for i, hand in enumerate(batch):994

{i}: {hand_to_text(hand, board)}}995

C.3 Example Scoring Output996

For a HUNL turn board 7♠ 9♡ 9♣T♣:997

0: CURRENT_MADE_STRENGTH=0.85998
IMPROVEMENT_POTENTIAL=0.30999
VULNERABILITY=0.45 NUT_CEILING=0.901000
BLOCKER_VALUE=0.60 RIVER_STABILITY=0.701001

1: CURRENT_MADE_STRENGTH=0.20 1002
IMPROVEMENT_POTENTIAL=0.80 1003
VULNERABILITY=0.15 NUT_CEILING=0.40 1004
BLOCKER_VALUE=0.25 RIVER_STABILITY=0.20 1005

... 1006

D Experimental Details 1007

D.1 Libratus Subgame Specifications 1008

Table 6 provides details of the two Libratus-derived 1009

turn subgames used in our quantitative HUNL eval- 1010

uation. 1011

Table 6: Libratus subgame specifications. Both are turn
boards (4 community cards, 1 more to come). Hands
are filtered by reach probability.

ID Board Street Pot

1 7♠ 9♡ 9♣T♣ Turn 500
2 T♠ 6♡A♡ 7♣ Turn 4780

D.2 Board Texture Analysis 1012

Subgame 1 (7♠ 9♡ 9♣T♣): Paired board with 1013

club flush draw and open-ended straight draws. The 1014

pair creates full house potential; the connected tex- 1015

ture enables many draws. 1016

Subgame 2 (T♠ 6♡A♡ 7♣): Ace-high board 1017

with heart flush draw. The disconnected low cards 1018

create a wide range of possible hand strengths. 1019

D.3 CFR Solver Configuration 1020

• Algorithm: Vanilla CFR with alternating up- 1021

dates 1022

• Iterations: 2,000 1023

• Exploitability: Exact best-response computa- 1024

tion over the unabstracted game tree 1025

• Lifted exploitability: Strategy from abstract 1026

game mapped back to original game, then 1027

best-response computed 1028

D.4 LLM API Configuration 1029

• Model: GPT-5.5 (primary), GPT-5.4 and GPT- 1030

5.4-mini (comparison) 1031

• Temperature: 0.0 (deterministic) 1032

• Batch size: 20–30 hands per API call 1033

• Retry logic: 3 attempts with exponential back- 1034

off 1035

• Caching: All LLM responses cached by 1036

(model, prompt hash) for reproducibility 1037
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E Discovered Features by Game1038

E.1 HUNL Turn Features1039

The following features are consistently discovered1040

across turn subgames:1041

1. CURRENT_MADE_STRENGTH (retained1042

in both subgames)1043

Measures the current 5-card hand ranking rel-1044

ative to all possible holdings.1045

Anchors: 0.0 = no pair/weak high card; 0.5 =1046

top pair/overpair; 1.0 = set or better.1047

2. IMPROVEMENT_POTENTIAL (retained1048

in both subgames)1049

Probability of improving to a significantly1050

stronger hand with the river card.1051

Anchors: 0.0 = no draws; 0.5 = gutshot or1052

weak draw; 1.0 = open-ended straight + flush1053

draw.1054

3. VULNERABILITY_TO_OUTDRAWS (re-1055

tained in both subgames)1056

Risk that currently strong hands will be over-1057

taken by opponent draws.1058

Anchors: 0.0 = invulnerable (nuts); 0.5 = mod-1059

erate risk; 1.0 = highly vulnerable to multiple1060

draws.1061

4. NUT_CEILING (retained in both subgames)1062

How close the hand is to the best possible1063

hand on this board.1064

Anchors: 0.0 = far from nuts; 0.5 = sec-1065

ond/third nuts; 1.0 = current nuts.1066

5. BLOCKER_VALUE (retained in both sub-1067

games)1068

Whether the hand blocks opponent’s strong1069

holdings or draws.1070

Anchors: 0.0 = no blocking; 0.5 = blocks one1071

draw; 1.0 = blocks multiple strong hands.1072

6. RIVER_STABILITY (retained in 1/2 sub-1073

games)1074

How stable the hand’s relative strength is1075

across possible river cards.1076

Anchors: 0.0 = highly volatile; 0.5 = moderate1077

stability; 1.0 = rank unchanged by any river.1078

7. RIVER_EQUITY (sometimes filtered)1079

Expected equity after the river card is re-1080

vealed.1081

Often filtered due to high correlation with1082

CURRENT_MADE_STRENGTH.1083

E.2 PLO4 Preflop Features 1084

1. RANK_AND_PAIR_STRENGTH (re- 1085

tained) 1086

High-card value and pair potential of the 1087

4-card holding. 1088

Anchors: 0.0 = low disconnected; 0.5 = mid 1089

pair; 1.0 = AA/KK coordinated. 1090

2. SUITEDNESS_FLUSH_POTENTIAL (re- 1091

tained) 1092

Suit structure and nut flush draw potential. 1093

Anchors: 0.0 = rainbow; 0.5 = single suited; 1094

1.0 = double-suited. 1095

3. STRAIGHT_CONNECTIVITY (retained) 1096

How many different straights the hand can 1097

make. 1098

Anchors: 0.0 = no straight potential; 0.5 = 1099

one-gap; 1.0 = 4-card rundown. 1100

4. ALL_CARD_COORDINATION (retained) 1101

Degree to which all 4 cards work together. 1102

Anchors: 0.0 = 1+ danglers; 0.5 = 3 coordi- 1103

nated; 1.0 = all 4 coordinated. 1104

5. DOMINATION_RISK_RESISTANCE (re- 1105

tained) 1106

Resistance to being dominated by higher ver- 1107

sions of the same draw. 1108

Anchors: 0.0 = non-nut; 0.5 = nut in one di- 1109

mension; 1.0 = multi-nut. 1110

F HUNL Preflop Cluster Details 1111

Table 7 shows the complete clustering of 1112

169 canonical HUNL preflop hands into 1113

K = 10 clusters. The agent discov- 1114

ers 7 features, all retained after filtering: 1115

HIGH_CARD_POWER, PAIR_AND_SET_VALUE, 1116

SUITED_FLUSH_POTENTIAL, 1117

STRAIGHT_CONNECTIVITY, DOM- 1118

INATION_RESILIENCE, EQ- 1119

UITY_REALIZATION_STABILITY, and 1120

RUNOUT_VOLATILITY. Parse rate is 100%. 1121

The clustering demonstrates strategic coherence: 1122

Cluster 8 isolates the strongest starting hands (pre- 1123

mium pairs and AKo), Cluster 5 groups premium 1124

suited broadways with flush and straight potential, 1125

and Cluster 0 groups all small-to-medium pairs 1126

together (sharing similar set-mining value). The 1127

agent correctly separates suited from offsuit hands 1128

(Clusters 1/4/6 vs 7/9/2), reflecting the importance 1129

of flush potential in preflop hand evaluation. 1130
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Table 7: Complete HUNL preflop clusters (K = 10, 169 canonical hands, sorted by ID). The agent separates
premium pairs, suited connectors, offsuit broadways, and junk hands without any poker-specific code.

ID Representative Hands Size Characteristics

0 22, 33, 44, 55, 66, 77, 88, 99 8 Small/medium pairs (set-mining value)
1 A2s–A5s, 54s–76s 19 Suited aces + suited connectors
2 32o–T2o 19 Offsuit junk (weakest hands)
3 QTo, KTo, ATo, QJo, KJo, AJo 12 Offsuit broadways
4 K2s–K4s, Q2s–Q4s, T4s–J4s 25 Suited high + low kicker
5 ATs, QJs, KJs, AJs, KQs 10 Premium suited broadways
6 32s–92s, T2s 23 Suited junk (low cards)
7 A3o–A5o, 54o–76o 18 Offsuit aces + connectors
8 TT, JJ, QQ, KK, AKo, AA 6 Premium pairs + AKo
9 J2o–K3o, A2o 29 Offsuit high + low kicker

G Feature–EHS Correlation1131

Table 8: Pearson correlation between LLM features and
EHS across turn subgames. Low-correlation features
capture strategic dimensions beyond hand strength.

Feature SG1 SG2

Current_Made_Str. 0.87 0.93
Improvement_Pot. 0.27 −0.30
Vuln._To_Outdraws 0.68 0.31
Nut_Ceiling 0.68 0.14
River_Stability −0.36 0.52
Blocker_Value 0.65 0.46

H PLO4 Preflop Cluster Examples1132

Cluster 27 contains exclusively rainbow hands with1133

high pair strength (AAKK or AA+K) but zero1134

flush potential, while Cluster 10 groups low suited1135

connectors with maximum straight connectivity,1136

demonstrating that the LLM-discovered features1137

capture the multi-dimensional nature of PLO hand1138

evaluation. Cluster 4 (top rundowns like AKQJ)1139

and Cluster 21 (trips/quads) are cleanly separated1140

despite both having high rank strength, because the1141

connectivity and coordination features distinguish1142

them.1143

I HUNL Flop Cluster Examples1144

J Feature Ablation Results1145

K Riichi Mahjong Cluster Details1146

Table 13 shows the features discovered by the agent1147

for Riichi Mahjong mid-game clustering. Table 141148

shows representative clusters.1149
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Table 9: Complete PLO4 preflop clusters (K = 30, 16,432 canonical hands, sorted by ID). The agent separates
hands by rank strength, suitedness, connectivity, and coordination without poker-specific code.

ID Size Representative Hands Characteristics

0 226 A♠ Q♢ 9♣ 2♠, A♠ Q♢ 7♢ 2♢ Medium cards, single-suited
1 60 A♠ A♢ K♠ Q♠, A♠ A♢ K♠ Q♢ Premium AA+broadways, suited, connected
2 184 A♠ K♠ 6♠ 5♠, A♠ K♠ 6♢ 5♢ AK double-suited + low connectors
3 141 A♠ A♢ 9♣ 8♠, A♠ A♢ 9♣ 8♣ AA + connected side cards
4 74 A♠ K♠ Q♠ J♠, A♠ K♠ Q♠ J♢ Top rundowns, max connectivity
5 192 A♠ K♠ J♢ 5♠, A♠ K♠ J♢ 5♣ AK suited + gapped dangler
6 326 A♠ K♠ 6♠ 4♢, A♠ K♠ 6♢ 4♠ AK suited + low disconnected
7 85 A♠ K♢ Q♣ 7♡, A♠ K♢ Q♣ 6♡ AKQ rainbow, low dangler
8 34 A♠ A♢ K♣ Q♡, A♠ A♢ K♣ J♡ AA + broadway rundown, rainbow
9 168 A♠ K♢ 9♣ 3♡, A♠ K♢ 9♣ 2♡ AK rainbow, gapped dangler
10 87 A♠ 8♠ 7♠ 6♠, A♠ 8♠ 7♠ 6♢ Low suited connectors, max rundown
11 258 A♠ A♢ A♣ 2♠, A♠ K♠ 9♠ 3♢ Mixed: trips/AK suited, gapped
12 89 A♠ A♢ K♠ K♢, A♠ A♢ K♠ K♣ Double-paired (AAKK), double-suited
13 165 A♠ A♢ K♠ 9♠, A♠ A♢ K♠ 9♣ AA + K suited, medium kicker
14 138 A♠ K♠ J♢ 6♢, A♠ K♠ J♢ 5♢ AK double-suited + broadway
15 238 A♠ K♠ 9♠ 3♠, A♠ K♠ 9♠ 2♠ AK mono-suited, medium cards

Table 10: PLO4 preflop clusters (continued).

ID Size Representative Hands Characteristics

16 133 A♠ J♢ 3♢ 2♢, A♠ J♢ 3♢ 2♣ Low cards + A-high flush draw
17 43 A♠ J♢ 9♣ 8♡, A♠ J♢ 9♣ 7♡ Medium connected, rainbow
18 222 A♠ K♢ 9♣ 2♣, A♠ K♢ 8♢ 7♢ AK + medium suited side cards
19 128 A♠ K♠ Q♠ 7♠, A♠ K♠ Q♢ 8♢ AKQ double-suited, connected
20 274 A♠ K♢ 8♢ 4♢, A♠ K♢ 8♢ 4♣ AK + medium suited, dangler
21 69 A♠ A♢ A♣ A♡, A♠ A♢ A♣ K♡ Trips/quads (AAA+), rainbow
22 190 A♠ A♢ 6♠ 5♠, A♠ A♢ 6♠ 5♣ AA + low suited connectors
23 167 A♠ J♢ 3♢ 2♠, A♠ T♠ 9♠ 5♠ Medium suited, connected
24 108 A♠ K♠ Q♠ Q♢, A♠ K♠ Q♠ 9♠ AKQ suited, max coordination
25 166 A♠ K♠ T♢ 3♣, A♠ K♠ 8♢ 6♣ AK suited + offsuit gapped
26 231 A♠ J♠ 9♠ 3♠, A♠ J♠ 9♠ 3♢ A-high suited, medium cards
27 32 A♠ A♢ K♣ K♡, A♠ A♢ K♣ 9♡ AA + K rainbow, no flush
28 106 A♠ K♢ T♠ 7♠, A♠ K♢ T♠ 7♣ AK suited + connected middle
29 106 A♠ A♢ A♣ K♠, A♠ A♢ A♣ Q♠ Trips (AAA) + suited kicker

Table 11: Complete HUNL flop clusters (board: A♠ K♡ Q♢, K = 20, 1,176 hands, sorted by ID). The agent
separates hands by made strength, draw potential, and blocker value.

ID Representative Hands Size Characteristics

0 Ad 9s, Ad 9d, Ad 8c 80 Top pair A, strong kicker
1 Js Ts, Js Td, Jd Tc 16 Nut straight (Broadway)
2 9s 4d, 9s 3c, 9s 2h 162 Air (9x low kicker, no draw)
3 Ah 5h, Ah 4h, Ks 9s 138 Medium made + backdoor draws
4 9d 9c, 8s 8h, 6s 6d 25 Underpairs (below board)
5 Ad Ac, Ks Kd, Qs Qc 8 Sets (AA/KK/QQ)
6 8c 7s, 8c 6d, 8c 5c 86 Junk (8x and below, no interaction)
7 Td 5d, Td 4s, Td 3c 29 T-kicker, weak draws
8 Ks 9d, Ks 8c, Ks 7d 153 Second pair K, weak kicker
9 Ks 4d, Ks 3s, Ks 2d 33 Second pair K, very weak kicker

10 Ad Ks, Ad Qh, Ac Kd 21 Top two pair (AK, AQ)
11 Ac 9s, Ac 9d, Ac 8c 35 Top pair A + backdoor nut flush
12 9s 9d, 9s 9c, 8s 8d 23 Medium pocket pairs (multi-suit)
13 8d 6s, 8d 5c, 8d 4s 39 Air + faint backdoor diamond
14 Jc 9s, Jc 8d, Jc 7c 43 J-kicker, straight potential
15 Ks Js, Ks Jd, Ks Ts 35 Second pair K + strong kicker J/T
16 9s 8s, 9s 7d, 9s 6c 161 Largest junk group (below T)
17 Ts 3c, Ts 2d, Td 9s 23 T-kicker mixed, bottom straight draw
18 Ad Js, Ad Td, Ad Tc 27 Top pair A + strong kicker J/T (diamond)
19 Jd 7d, Jd 6s, Jd 5c 39 J-kicker + weak backdoor
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Table 12: Feature importance via leave-one-out ablation.
Lower ARI = larger impact when removed. Averaged
across all subgame/K conditions where the feature is
selected.

Feature Removed Mean ARI

Vulnerability_To_Outdraws 0.7558
Blocker_Value 0.7607
Current_Made_Strength 0.7638
Nut_Ceiling 0.7716
Improvement_Potential 0.7866
River_Stability 0.7959
River_Equity 0.8122
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Table 13: Features discovered for Riichi Mahjong mid-game (turn 8, East round). 6 discovered, 5 selected after
correlation filtering.

Feature Description Selected

CURRENT_SPEED Shanten number combined with effective tile count ✓
ACCEPTANCE_BREADTH Number of different tile types that improve the hand ✓
HAND_VALUE_POTENTIAL Expected scoring upside (yaku routes, dora, han count) ✓
WAIT_QUALITY Quality of the likely winning wait (remaining copies, readability) ✓
DEFENSIVE_RESILIENCE Ability to avoid dealing into opponent’s hand ✓
NEXT_DRAW_SWING How much one random draw changes strategic value ×

Table 14: Complete Riichi Mahjong clusters (K = 10, 200 hands, 100% parse rate). Sorted by cluster ID. Clusters
separate hands by strategic role: offensive speed vs. defensive resilience vs. value potential.

ID Size Representative Hands Dominant Trait

0 27 11578m 156p 13347s; 1167m 33p 12567s GR Wide acceptance, scattered (3–4 shanten)
1 20 112467899m 4p 16s W; 14567m 569p 6688s W High speed + high value connected
2 22 11149m 5579p 668s WH; 11369m 369p 17s SSR Very slow, high defense (4 shanten)
3 16 1129m 39p 4777s WGR; 1147m 37p 278s EESR High value, slow (honor pairs, yakuhai)
4 23 1136m 2578p 1455s S; 1233558m 49p 156s E Average hands (moderate all features)
5 33 1119m 1p 157889s WR; 1244m 1389p 34s SWG Highest defense, slow (many honors)
6 14 11378m 5688p 2s GRR; 145668m 138p 688s E Highest value potential (pairs/triplets)
7 23 1239m 1245p 2667s W; 127m 13346678p SR High acceptance, straight-type
8 15 12467m 489p 12339s; 1278m 388p 3479s RR Balanced moderate (all features ∼0.5)
9 7 12456m 356p 56s WWR; 2367m 2346p 12455s Fastest (1–2 shanten, wide waits)
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