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01 MOTIVATION

Why Explainable Mahjong Al?

Al success in imperfect-information games
Systems such as Suphx, NAGA, and MAKA achieve
top-level results on platforms such as Tenhou.

Yet their decisions remain opaque
Most agents expose only discard probabilities or value
estimates, not the strategic rationale behind them.

Explanations create educational value
Natural-language justifications can turn a strong Mahjong NAGA provides numerical analysis,



01 MOTIVATION

Two Challenges for LLM Agents

» Potential of LLM approaches: LLMs are well suited to
natural-language explanations, but Mahjong exposes two
critical limitations.

1. Logical hallucination

LLMs can fail at exact calculation and strict rule
application, such as miscalculating Shanten or Ukeire, or
misidentifying Genbutsu.

2. Catastrophic forgetting

Fine-tuning for explanations can degrade playing strength.
Decision making and reasoning may interfere when
optimized in a single adapter.

Which iz larger, 9.11 or 9.97

9.11 is larger.

Think of it like this:
« 911 =59110

+ 99=9900

Since 9.900 = 9.110, actually 9.9 is larger.

So the correct answer is: 9.9 is larger than 9.11.

|‘_-_|_I |:| il Iﬂ' I;E ans

A fluent answer can still violate an exact
numerical relation.



02 METHOD

Method Overview
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LoRA-A predicts the discard. Compute objective game metrics. LoRA-B explains the decision.
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02 METHOD

Task and Learning Objective

» Task definition

The Mahjong discard problem is modeled as a

partially observable Markov decision process
(POMDP).

Input s: observable state (hand, discards, scores,
melds, etc.); opponents’ hands remain hidden.

Output: action a (discard) and explanation e
(rationale).

Expert alignment objective

D= {(Sf: aj, e.') ::il méELX Z IDg Pﬂ (a: e | S)
(s,a,8)€D

Align with both expert discards and their underlying thought processes.
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Nanikiru: choose one discard from the visible
board state.
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Symbolic Calculator

A deterministic symbolic calculator grounds explanations in three dimensions: efficiency,
safety, and situation.

Shanten S(H) Visible Ukeire U, s(H)
Minimum distance from hand Hto a Tenpai hand: Remaining observable tiles that reduce Shanten:
S(H) = min dist(H, H). Uvis(H) = > max(0,4 — Nyis(1)).
li':_:’--"'-irnl.:v
Safety Situation
Genbutsu is provably safe; Suji and tile Threat estimates guide the balance between
exhaustion are heuristic risk indicators. offensive efficiency and defense.
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Neuro-Symbolic Distillation

» Game logs provide actions but no discard reasons; Gemini-2.0-Flash is used as

the teacher model.

» Symbolic metrics kK = K(s) are injected into the prompt to prevent calculation

errors and hallucinated safety claims.

Game state and expert ===
action 7]sJq )=

08060 BN

EAST 2, 0 Honba, 4 tiles left (1]2)3)=

Hand: 4m 4m 5m 6m 7m 8m 9m 2p 8p 8p 9p o] . [=]+
Candidate 9m: 4-Shanten, 29 Ukeire; dead tile; S Teacher
Genbutsu for PO/P2/P3. K(s)

Ground-truth discard: 9m

e ~ PTeacher(e ‘ S kEB 3)

Grounded

explanation

In the late game, 9m is already
exhausted and is safe against all
opponents. Although other discards
preserve more Ukeire, safety should be
prioritized; therefore, discard 9m.
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Two-Stage Dual-LoRA

-
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Inference: LORA-A selects the discard; after k = K(s) is
computed, LORA-B generates the explanation.

Reusing one adapter across both
stages causes interference and
degrades discard accuracy.

1 Decision adapter (LoRA-A)

Predict expert discard a from state s,
without free-form reasoning.

2 Reasoning adapter (LoRA-B)

Explain a using state s and symbolic
knowledge k.



03 EXPERIMENTS

Data Source and Chronological Split

» Source: 2024 logs from the Houou (Phoenix)
room on the online Mahjong platform Tenhou.

» High-level four-player South games with red
Dora.
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03 EXPERIMENTS

Selecting Expert Decisions

Select high-quality matches

Keep Houou / four-player South with red Dora games in which every player
Is 7-Dan or higher.

Choose a reliable viewpoint player

» Consider only the top-2 finishers.
» Sample in proportion to final score.

» |f one candidate deals in by Ron, use the other candidate to avoid an
obvious misplay.
Keep only active decisions
Remove post-Riichi discards: they are automatic and therefore provide no
meaningful decision signal.
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Balancing Six Game Contexts

» Extreme data imbalance: raw logs are dominated by early-offense states and contain little
late-defense data.

Solution 1: 2-axis, 6-class bucketing Solution 2: random under-sampling

Strategic context Align every bucket to the smallest class.
» Offense: no opponent Riichi » Early-offense: 247,614 samples
» Defense: at least one opponent Riichi » Early-defense: 7,339 samples

Progression by own discards d » Imbalance: approximately 33 x

» Early: 0 <d<5 Final Stage 1 training set
et e 7,339 x 6 = 44,034
» Late: d> 12

2 X 3 = 6 iIndependent buckets.
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Dataset Summary

Stage 1: Decision

34,034 5544 4,896

4.416 training samples samples
J
validation samples

Stage 1 uses an equal number of samples from each of the six context-progression buckets:

7.339 x 6 = 44,034
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Two-Stage Training Settings

Hyper-parameter

Stage 1: Decision  Stage 2: Reasoning

Base Model Precision 4-bit (NF4) bfloat16
LoRA Method QLoRA Standard LoRA
LoRA Rank (r) 16 32
LoRA Alpha (a) 32 64
LoRA Dropout 0.05 0.05
Target Modules All linear layersf

Batch Size 32 16
Micro Batch Size 2 2
Gradient Accumulation 16 8
Learning Rate 3x 1074 1 x 104
LR Scheduler Cosine Cosine
Num Epochs 3 3
Max Sequence Length 1024 1024
Optimizer AdamW AdamW

tq_proj, k_proj, v_proj, o_proj, gate_proj, up_proj, down_proj.
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Baselines and Research Questions

Baselines Research questions

Group A: Vanilla open-source LLMs RQ1: Decision efficacy
(sub-10B) How accurate are the model’s discard choices
» DeepSeek-LLM-7B-Chat in Nanikiru problems?
» Llama-3.1-8B-Instruct RQ2: Reasoning quality
» Qwen2.5-7B-Instruct Are explanations coherent, factual, and
> Yi-1.5-6B-Chat tactically grounded?

RQ3: Mechanisms and ablation
How much do dual-stage training and
» DeepSeek-V3, Qwen-Plus neuro-symbolic injection contribute?

» Gemini-2.0-Flash, GLM-4.6
» Kimi K2

Group B: Commercial APl-based LLMs
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RQ1: Overall Decision Accuracy

Model Top-1 Acc Top-3 Acc . .

S TTuE 3 Best commercial baseline
eepSeek- - 3% —

Llama-3.1-8B 3.0% _ 32.1% Top-1

Qwen2.5-7B 8.8% —

Yi-1 5'BB-ChElt 3.6% - NeSy_Mahjong

Qwen-Plus 22.5% — o)

DeepSeek-V3 32.1% - 67.0% Top-1

GLM-4.6 25.4% - o i

Kimi K2 24.1% - 88.7% Top-3

Gemini-2.0-Flash 19.9% —

NeSy-DeepSeek 65.4% 88.7% All four backpones converge to a

NeSy-Llama 66.5% 88.4% narrow, consistently strong accuracy

NeSy-Qwen 67.0% 87.0% range.

NeSy-Yi 66.2% 86.5%
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RQ1: Accuracy by Game Context

1.05

0.9-

Accuracy
=)
~J

0.6
0.51 —4— Offense Topl 4~ Defense Topl
- #~-  Offense Top3 = ®~- Defense Top3
0.4+— - :
Early Mid Late

Accuracy remains stable across offense and defense; later decisions become more
constrained and therefore more predictable.
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RQ2: Evaluation Protocol

Stratified sample

240

test instances

40 X 6

samples across progression x context
buckets

GPT-40 as an independent judge
The judge receives three sources of evidence:

» the complete board state,
» the model-generated explanation,
» exact symbolic metrics as reference facts.

Three 1-10 scores

Logic coherence of the argument
Precision factual correctness

Strategy  tactical soundness
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RQ2: Explanation Results

Model Logic Precision  Strategy
Llama-3.1-8B 2.26 1.38 1.40
DeepSeek-LLM-7B 2.09 1.46 1.44
Yi-1.5-6B-Chat 2.37 1.61 1.60
Qwen2.5-7B 2.93 2.14 2.21
Qwen-Plus 7.61 7.38 7.07
DeepSeek-V3 7.78 7.44 7.35
GLM-4.6 7.05 6.72 6.47
Kimi K2 7.32 7.19 6.82
Gemini-2.0-Flash 7.18 6.93 6.51
NeSy-DeepSeek 8.09 8.39 7.75
NeSy-Llama 8.12 8.48 7.82
NeSy-Qwen 8.08 8.43 7.81
NeSy-Yi 8.01 8.33 7.78

Takeaway: every neuro-symbolic model exceeds the commercial baselines on all three
criteria.
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RQ3: Component Ablations

Model Variant Top-1 Logic Precision Strategy 100

NeSy-DeepSeek w/o NS - 638 627 5.75 o

NeSy-Llama w/o NS - 872 667 6.08 P .

NeSy-Qwen w/o NS - 6.59 6.57 6.05 5

NeSy-Yi w/o NS - 6.30 6.16 5.62 S 60| .

NeSy-DeepSeek Single-LoRA 11.8% 6.79 6.64 6.10 E .’

NeSy-Llama Single-LoRA 43.4% 5.24 5.41 5.05 N 40 - -

NeSy-Qwen Single-LoRA 17.7% 6.71 6.80 6.20 E L

NeSy-Yi Single-LoRA 57.5% 7.93 8.20 7.53 = 20 |- _

=z
. . . 0 | | | |

Ablation findings Top-1  Logic Precision Strategy
Removing symbolic grounding reduces reasoning quality. Reusing a ‘
single LoRA causes a much larger loss in decision accuracy, revealing =@ OUrS = b= W/ONS = 48 .. Single-LoRA

decision-reasoning interference.
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Decision Context

What matters here?

EAST 2, 0 Honba, 1 Riichi stick, 19 tiles left » The game is already in a late
Dealer: Player 1; Dora indicator: 8p phase.
eyl » Player 0 has declared Riichi.

4m 5m 5p 6p 9p 2s4s 65 7s S S N N; draw 7m
Player 0 (Riichi) discards: » The dealer must balance hand

W E G Wh RN 9s 8p 6m 5s 6m 1s* 1m efficiency against immediate
Your discards: deal-in risk.

1s 1m 8p 3p W 5m 9s 4m 3p 8m 1s 9s
Which tile should be
discarded?
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Three Models, Three Behaviors

Vanilla Qwen2.5-7B:

DeepSeek-V3: discard 9p | NeSy-Llama: discard 2s

discard 5p Treats 9p as isolated and Detects the late-game Riichi
Claims that 5Sm—-5p—5s forms  prioritizes dealer offense. threat; 2s is Suji to the Riichi
a sequence and that 5p is Dangerous judgment: a player and widely visible.
safe. non-Suji, likely live 9p is risky ~ Tactically grounded: uses
Severe hallucination: this late in the game against symbolic threat and safety
sequence is invalid and Riichi. metrics to choose full
reveals a basic rule defense, consistent with
misunderstanding. expert defensive principles.

Fluent language is not enough: the explanation must remain consistent with exact Mahjong
rules and visible safety evidence.



06 TAKEAWAYS

Conclusion

NeSy-Mahjong connects decisions with explanations.

It combines intuitive neural decision making with explicit symbolic
reasoning.

Two mechanisms address two failure modes.

The symbolic calculator reduces hallucination; Dual-LoRA preserves
decision capability.

Domain-specialized sub-10B models outperform strong
commercial baselines.

Explicit symbolic knowledge enables accurate decisions and grounded
explanations.

Thank you.
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