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Riichi Mahjong is a difficult imperfect-information game. To improve the way
Mahjong Al makes decisions, this paper proposes a hierarchical and risk-aware decision
framework. Instead of choosing an action directly from the current state, the model first
selects a high-level strategy and then evaluates specific actions under that strategy. A risk
control head is also added so that the model can better handle dangerous situations and make
a better trade-off between offense and defense. Experimental results show that this
framework improves overall decision quality and gives a better balance between attack and
safety. Among the tested models, the version that combines both strategy and risk performs
the best overall. The latent strategy analysis also shows that the model learns different
internal decision modes with different behavior patterns. This suggests that the proposed
method is effective for Riichi Mahjong Al and can make the decision process more
structured, stable, and easier to understand.
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In artificial intelligence, decision-making under uncertainty is an important problem. Games are
often used to study it because they have clear rules and clear results. In perfect-information games
like Go and Chess, all players can see the full state, so they are easier to model. Many Al systems
have already reached very high performance in these games[1-4]. Imperfect-information games are
harder because some information is hidden, and players must also respond to other players’
decisions.

In recent years, strong progress has been made in imperfect-information games such as Poker.
Some systems that combine deep reinforcement learning and regret minimization have performed
very well against professional human players [5-7]. Even so, these methods are not easy to apply
directly to more complex games. Many real game environments have more players, more actions,
and more complicated state changes, so the decision process becomes much harder.

Riichi Mahjong is a very typical example of this kind of difficult environment. It is a four-player
imperfect-information game with hidden tiles, randomness, and a very large state space [8]. During
the game, a player cannot only think about hand progress. The player also needs to watch opponents,
judge danger, and decide when to attack or when to defend.
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Most existing Mahjong Al systems are based on rules, probability methods, or deep
reinforcement learning. These methods can reach strong performance, but many of them still use a
flat decision style. In other words, they try to choose an action directly from the current state in one
step. This works to some extent, but it is not very close to how human players usually think [9]. It
also makes the model harder to explain, because the system gives an action but does not clearly
show the reason behind it.

Human players usually do not think in such a direct way. In many cases, they first decide on a
general direction, such as pushing forward, defending, or using a more balanced style. After that,
they choose a specific action that matches this direction [10]. So the decision process is often
hierarchical. There is first a high-level idea, and then a low-level move. This kind of structure may
be more suitable for Mahjong Al, because it is closer to actual human play and may also make
decisions clearer and more flexible.

Based on this idea, this paper proposes a hierarchical and risk-aware decision framework for
Riichi Mahjong Al. The method splits decision-making into two parts: high-level strategy selection
and low-level action execution. At the same time, it adds risk awareness, so the model can better
handle the choice between offense and defense. The main purpose is to make Mahjong Al more
consistent, easier to understand, and better able to deal with complex game situations.

2. Problem formulation
2.1. Riichi Mahjong as an AI benchmark

Mahjong is a typical imperfect-information game. Players cannot see all the information, luck
affects the game, and four players interact all the time. Among Mahjong variants, Riichi Mahjong is
the one most often used in Al research. One important reason is the availability of large online game
records, such as Tenhou[11, 12], which provide useful data from strong human players [13].

Because of these data, Riichi Mahjong has become a practical benchmark for Al research. It can
be used for both supervised learning and self-play reinforcement learning. Several strong Mahjong
Al systems, such as Suphx [14], Naga [15] and LuckylJ [16], also show that deep reinforcement
learning and neural networks can work well in this field.

2.2. Game structure of Riichi Mahjong

Riichi Mahjong uses 136 tiles, including three suits and honor tiles. Each player starts with 13 tiles.
The main goal is to complete a winning hand, usually four melds and one pair. A player can win by
self-draw (Tsumo) or by another player’s discard (Ron). Actions such as Chow, Pong, and Kong can
also be used during the game, and they directly affect later decisions.

The Riichi declaration is another important part of the game. When a player reaches a ready hand
state, the player may declare Riichi. This gives possible scoring benefits, but it also makes the hand
direction more fixed.

2.3. Player interaction and strategic decomposition in mahjong

Mahjong includes many small tactical choices [17]. For attack, players may use Chow or Pong to
speed up the hand or improve shape. For defense, they may choose safer tiles and judge danger from
visible information.
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These choices keep changing during the round. A good move early may not be good later. So
players must keep adjusting based on hand quality, round stage, and opponent behavior. In real
games, players often decide a general direction first, such as attack, defense, or a balanced style, and
then choose a specific move.

Because of this, Mahjong decisions naturally have two levels: strategy first, action second. These
strategic ideas are not directly written in the state itself. They come from reading the whole table and
judging the situation. This is also the reason for using a hierarchical and risk-aware framework in
this work, where high-level strategy is separated from low-level action selection.

3. Related work
3.1. Rule-based and heuristic approaches

Early Mahjong Al was mainly built with rules. The idea was to summarize human playing
experience and turn it into fixed decision rules. These rules usually focused on tile efficiency, hand
value, and basic defense.

This kind of method can work, but it also has clear limits. Mahjong situations change quickly,
and fixed rules are often too rigid. They also do not adapt well to different player styles, so their
performance is limited in stronger games.

3.2. Supervised learning from expert data

Later, researchers used supervised learning instead of relying only on hand-written rules. The model
was learned from real match records played by strong human players. However, supervised learning
also has weaknesses. Its performance depends heavily on the quality and diversity of the training
data. It mainly learns to imitate past decisions, so it does not always capture the best long-term
strategy. Because of this, performance may become unstable in unfamiliar situations.

3.3. Deep reinforcement learning in Mahjong Al

Deep reinforcement learning greatly improved Mahjong Al. A typical example is Suphx, which
reached a very high level through large-scale self-play. This method allows the model to learn from
repeated games and improve decisions based on long-term results, not only one-step outcomes.

Still, Mahjong remains difficult for DRL. Much important information is hidden; one action may
affect the game many turns later, and the game involves four interacting players. These factors make
training more complex. In addition, DRL often needs large amounts of data, long training time, and
strong computing resources, which makes it expensive in practice.

3.4. Advanced neural architectures for feature representation

Many studies also tried to improve Mahjong Al by improving state representation. The basic idea is
that if the model understands the game state better, it may also make better decisions. Some work
used convolution-based models such as Res2Net to learn spatial features in Mahjong states [18].

Other work focused on sequential information. LSTM was used to keep track of previous steps
and provide more context[19]. Later, Transformer-based models such as Tjong were introduced to
capture more complex long-range relations [20].

These models improve how the state is represented, but in many cases, they still keep a flat
decision pattern. The model reads the current state and directly outputs an action, so the overall
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decision logic is not fundamentally changed.
3.5. Game-theoretic and hybrid approaches

Besides pure learning methods, some studies also use ideas from game theory to make Mahjong Al
think better. For example, Counterfactual Regret Minimization (CFR) has been used in Mahjong-
like games, helping the Al balance attack and defense better. Systems like LuckyJ combine neural
networks with CFR-based search and get good results with a better strategic balance [16].

Some actor-critic methods, such as Actor-Critic Hedge (ACH), also try to improve reinforcement
learning by making training more stable. However, these methods still need a lot of computing
resources, and they may still have trouble using long game flow and context information well in
Mahjong.

3.6. Limitations of existing approaches and motivation for this work

Although Mahjong Al has improved a lot, several problems remain. Many methods still need large
amounts of data and computation. Also, even when state representation becomes better, the decision
process itself often stays flat.

More importantly, most systems still go directly from state to action. They do not first form a
strategy and then choose a move. This makes the decision process harder to explain and sometimes
less flexible in complex situations.

To address this, this work proposes a hierarchical and risk-aware framework for Riichi Mahjong
Al Tt first selects a strategy, then chooses an action, and also considers risk. The goal is to make the
model closer to human Mahjong thinking and more reliable in difficult situations.

4. Methodology

This study builds a hierarchical and risk-aware decision framework for Riichi Mahjong. The main
idea is simple. Good Mahjong play should not be treated as a direct jump from state to action. There
should be a middle step for strategy, and there should also be a way to control risk when the board
becomes dangerous. So the model is built with three main parts: a shared state representation
network, a discrete strategy module, and a risk control head. Fig. 1 shows the overall architecture of
the proposed hierarchical and risk-aware decision framework.

Figure 1. Overall architecture of the proposed hierarchical and risk-aware Riichi Mahjong decision
framework (picture credit: original)
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Given an encoded Mahjong state s, the model first extracts a shared feature ¢. From this feature,
the strategy branch predicts a discrete strategy mode z, and the risk branch outputs a scalar risk score
1. These signals are then used in action-value estimation. The whole process can be written as

¢ = F(S)az = G(d)))r = R(¢)7Q(a | S,Z) = H([¢’ z],a) (1

Here, F(-) is the shared encoder, G( ) is the strategy head, R(-) is the risk head, and H(-) is the
action-value network. In this design, strategy is not just an extra label for explanation. It directly
affects later action evaluation.

The shared representation network is made of one-dimensional convolution, residual blocks, and
channel attention. The convolution layer captures local patterns in the encoded Mahjong state. The
residual blocks help the model learn deeper features without making training too unstable. Channel
attention then reweights feature channels so that more useful information gets stronger emphasis.
The final output is the latent feature ¢, which is shared by the later modules.

To score legal actions, the model uses a dueling value structure. This means the network separates
two things: the overall value of the current state and the relative advantage of each action. This fits
Mahjong well, because many legal actions come from the same board situation but still differ in
quality.

Given the strategy-conditioned feature [¢;z], the model predicts a scalar state value V and an
action-advantage vector A. The final action value is computed as

Q(ss012) = v([6:2]) + A([6:]0) — o Sooew AC05710) o

Here, A is the legal action set. This helps the model keep a stable estimate of how good the whole
state is, while also comparing the available actions more carefully. Since z is concatenated with ¢,
the action-value network is guided by a high-level strategy mode instead of relying only on raw state
features.

The risk control head is an important part of the model. In Mahjong, bad decisions are often not
caused by missing good attacking chances. More often, the problem is failing to stop dangerous
actions when the threat is imminent. To deal with this, the model adds a separate risk branch that
predicts a danger signal from the shared feature.

The risk head takes ¢ as input and outputs a scalar risk score r &[0,1]. This score is used to lower
the scores of aggressive actions during final action selection. Let g(a) be an action-dependent
aggressiveness coefficient. The risk-aware adjusted score is

Q(s,a) :Q(s,a|z) —)\rrg(a) 3)
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where A_r controls how strong the risk penalty is. So the model does not lower every action in the
same way. [t mainly suppresses actions that are too aggressive for the current situation.

This makes risk a clear part of the model structure. Instead of hoping the action-value network
will learn all defensive behavior by itself, the model uses a separate branch to estimate danger and
adjust action scores directly.

The strategy module is the high-level layer of the model. Its job is to divide Mahjong states into a
small number of latent behavior modes before detailed action scoring starts. In the final model, the
strategy variable is a fixed discrete variable z€ {0,1,2}. These three modes are learned automatically
during training.

Given the shared feature ¢, the strategy head first outputs a three-dimensional logit vector.

l=Gy(4),l eR? 4)

where G vy (-) is the strategy prediction branch. During inference, the model selects the
dominant strategic mode through hard assignment,

k" = arg maz L,z = onehot (k*> Q)
ke{0,1,2}

This means each state is first mapped to one of three latent strategy categories, and that selected
category is then used in later action evaluation.

To keep the model trainable while still using discrete strategy output, the forward pass uses hard
assignment, while training uses a differentiable approximation. In implementation, this is done with
a straight-through discrete relaxation. So gradients can still pass through the strategy branch even
though the output behaves like a one-hot code. This lets the model learn different strategy modes
without using manually labeled strategy classes.

After the discrete strategy code is obtained, it is concatenated with the shared state feature and
sent into the action-value network:

h = [¢a z],Q(s,a | Z) - Hn(ha a) (6)

This is one of the key parts of the whole design. It shows that strategy is not just used for
explanation after the action is chosen. It is part of the value computation itself. So the same Mahjong
state may lead to different action preferences under different strategy modes.

This is also why the framework is hierarchical. The shared encoder first summarizes the board
state. Then the strategy module decides the high-level mode. After that, the action-value network
scores actions under that strategy context. This gives a more structured way to model different styles
of play.
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4.4. Training objective

All parts of the model are trained together end-to-end. The main goal is still action-value learning,
which makes the predicted value of the chosen action match the return target from the game
outcome. At the same time, extra terms are added for conservative regularization, auxiliary
supervision, latent strategy regularization, and risk prediction.

The final training objective is

L= gQ + Acvgcons + )\agaum + v%tr + )‘rz‘isk (7)

Here, £, is the action-value regression loss, £, is the conservative regularization term,

Zaux 1s the auxiliary prediction loss, Z, is the latent strategy regularization term, and Zigx is
the risk prediction loss. The latent strategy regularization is used to prevent the collapse of the
discrete strategy variable and to encourage non-degenerate usage of the available strategic modes.

With this joint objective, the model learns not only how to score actions, but also how to form
stable strategy patterns and how to control risk. In the end, the whole system works as a hierarchical
Mahjong decision model where representation learning, strategy inference, risk control, and action
evaluation are trained together.

5. Experiments and analysis
5.1. Experimental setup

All experiments were run on a machine with an NVIDIA GeForce RTX 4070 SUPER GPU. Each
model was tested over 2000 games. The test setting was kept the same for all models so the results
could be compared fairly.

In this paper, the baseline model refers to the original Mahjong decision model before the
proposed strategy and risk components are added. It follows a direct state-to-action value process,
where the encoded game state is mapped to action scores through shared feature extraction and
action-value estimation.

For the ablation study, each non-baseline model played against three identical baseline agents.
The baseline itself was measured by letting four baseline agents play against each other and then
averaging the results. This setup makes the comparison simple and stable. It also helps show
whether a change in the model really improves play, instead of only working under a special
opponent mix.

The table reports two kinds of information. One part is about overall performance. This includes
average rank and average point gain. These show whether a model does better across full games.
The other part is about playing style. Win rate, average winning point, and point efficiency describe
offense. Deal-in rate, average deal-in point, and deal-in loss describe defense. Riichi rate, fuuro rate,
and tsumo rate help show how the model tends to play. Together, these metrics give a clearer picture
than rank alone.

5.2. Ablation study

The overall comparison results of different model variants are shown in Table 1.
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Table 1. Ablation results of different model variants in 2000-game evaluation

avg avg agari avg agari  point_  houjuu_ avg houjuu_ houjuu_  riichi_  fuuro_ tsumo
rank  pt rate point efficiency  rate point loss rate rate rate
Baseline 2.50 0.00 21.44 7155.82 153433  13.77 5249.33 722.87 26.62 15.53 35.78
Add _Risk 242 3.60 21.59 7223.77 1559.44  11.23 5370.69 603.10 28.51 20.72 34.75
Addéitrate 247 630 21.23 6409.62 1360.49  10.26 5845.63 600.00 14.50 13.95 37.79
Add_Risk_ 239 6.08 20.24 7536.61 152531  11.19 5564.00 622.53 23.47 18.80 43.49
Strategy

Add Risk mostly helps on the defensive side. The biggest change is that the model deals less
often, and when it does, the total loss is smaller. That is exactly what the risk head was supposed to
do. At the same time, the offense does not fall apart. The model still wins at about the same level,
and in some places looks slightly better than the baseline. So this is not just a “more passive” model.
It is still willing to attack, but it seems to make fewer bad attacks.

Add Strategy looks different. Its results are better than the baseline overall, but the path is not the
same as Add Risk. The strategy model does not mainly win by pushing harder. Instead, it seems to
play in a more filtered way. Some risky actions disappear, some over-commitment goes down, and
the whole style becomes more selective. In Mahjong terms, this looks like a model that starts to
separate different board situations instead of treating every hand in the same way.

The best overall result in the table comes from Add Risk Strategy. This is the most important
part of the ablation study. It suggests that the two added parts are helping in different places. The
risk head helps the model stay safer. The strategy part changes how the model thinks about the
situation before choosing an action. When both are used together, the result is more balanced. The
model not only avoids mistakes better. It also seems better at choosing when to push and when not
to.

So the ablation result is fairly clear. Risk control helps safety. Strategy changes decision style.
Putting them together gives the strongest final behavior.

5.3. Latent strategy analysis

The behavioral statistics of the learned latent strategy states are shown in Table 2. The table looks at
the latent strategy variable z. This part matters because the strategy module is one of the main ideas
in the model. If the three values of z all behaved the same way, then the strategy layer would not
mean much. But that is not what the table shows.

Table 2. Behavioral statistics of the learned latent strategy states

z samples  win_rate avg_win_pt houjuu_rate avg_houjuu_pt pass_rate tsumo_given_win
0 26598 7.53 9820.93 15.76 5582.22 26.59 51.16
1 20372 10.43 8875.00 9.66 5719.05 15.96 35.29
2 17873 40.65 5411.75 6.71 6567.31 10.82 36.51

First, all three values of z are used many times. That already matters. It means the model is not
collapsing everything into one class. The strategy layer is actually active.
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Second, the three groups look clearly different. One group has fewer wins, but those wins are
worth more, and it also shows higher risk. That looks like a more dangerous, high-reward style.
Another group sits more in the middle. It is not the safest and not the wildest either. The last group
wins much more often, has lower risk, but those wins are not as large. That looks more like a stable
and efficient style.

This matters because the model was not given hard human labels like “attack” or “defense”
during training. Those patterns appeared from the learned z values themselves. So the table is not
just showing three random buckets. It is showing three different ways of playing.

The difference between the three z groups is not small. They do not just shift a little around the
same behavior. They show different trade-offs between risk, hand value, and winning frequency.
One mode looks more reward-seeking. One looks more balanced. One looks safer and more
efficient. That is exactly the kind of split expected from a strategy module.

This is also why the result is meaningful beyond the raw score table. The final model is not only
getting better numbers. It is also organizing its decisions in a more structured way. The strategy
variable is doing something real inside the model. It is not just an extra output added for show.

Taken together, the two tables support the same conclusion. The added modules not only improve
performance. They also change how the model plays. Risk control makes the model safer. The
strategy layer separates different kinds of game situations into different modes. The full model
benefits from both.

This paper proposed a hierarchical and risk-aware decision framework for Riichi Mahjong Al. The
main idea was to move away from a flat state-to-action style and add a clearer middle step for
strategy. At the same time, a risk control branch was added so the model could respond better when
the table became dangerous. In this way, the whole decision process became more structured and
closer to actual Mahjong thinking.

The experimental results showed that these two parts played different roles. The risk module
mainly helped reduce unsafe decisions and improve defensive stability. The strategy module helped
separate different game situations into different decision modes, instead of treating all states in the
same way. When the two parts were combined, the final model achieved the best overall behavior. It
not only improves performance, but also shows a clearer balance between offense and defense.

The latent strategy analysis also supported this idea. The learned strategy variable did not
collapse into one meaningless category. Different strategy states showed different patterns in win
rate, hand value, and risk. This suggests that the model really learned an internal strategy layer, not
just a better action scorer.

Overall, the result shows that adding strategy and risk into the decision process is useful for
Mahjong Al. It helps the model play in a way that is more stable, more flexible, and easier to
understand. In the future, this framework can be extended with richer strategy types, stronger risk
modeling, and larger-scale training and evaluation.
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