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The sections below provide detailed implementation, training, and evaluation material support-
ing the Methods and Extended Data figures and tables.

S1 Simulator API

The following table describes the main historical queries supported by the simulator, complement-
ing the Methods subsection “Simulator and Rollout Buffer Design”.

Table S1: Historical simulator queries exposed by the API.

Method Input Output Description

CurrentStep (none) 64-bit integer  Returns the number of state
updates performed by the
simulator.

ActingPlayer time step  Oorl The player acting at the

current time step (0 for the red
player, 1 for the blue player).
ComputelLegalActionMask time step (none) Computes the legal action
mask for the acting player at
the given time step. The
answer is written in a
preallocated tensor kept by the
rollout buffer.
ComputeInfostateTensor time step (none) Computes the information
state for the acting player at
the given time step. The
answer is written in a
preallocated tensor kept by the
rollout buffer.
ComputeRewardP10 time step (none) Computes the reward for the
red player at the given time
step. The reward is set to O for
those boards that are not
terminated at the given time
step. The answer is written in
a preallocated tensor kept by
the rollout buffer.
ComputeIsUnknownPiece time step (none) Computes a boolean tensor
indicating which pieces are
unknown to the acting player.
The answer is written in a
preallocated tensor kept by the
rollout buffer.



ComputePieceTypeOnehot

ComputeTwoSquareRuleApplies

GetTerminatedSince

GetHasLegalMovement

GetFlagCaptured

GetPlayedActions

GetNumMoves

GetNumMovesSinceLastAttack

BoardStrs

time step

time step

time step

time step

time step

time step

time step

time step

time step

(none)

(none)

Tensor

Tensor

Tensor

Tensor

Tensor

Tensor

Vector of
strings

Computes a one-hot encoding
of the piece types on the board
from the perspective of the
acting player. The answer is
written in a preallocated tensor
kept by the rollout buffer.
Computes whether the
two-square repetition rule
applies at the given time step.
The answer is written in a
preallocated tensor kept by the
rollout buffer.

For each game, computes the
number of steps since it
terminated. For
non-terminated games, this
value is 0. Returns a
non-owning tensor.

Computes whether the acting
player has at least one legal
move. Returns a non-owning
tensor.

Computes whether a player
has captured the opponent’s
flag. Returns a non-owning
tensor.

Retrieves the action taken at
the specified time step for each
game. Returns a non-owning
tensor.

Gets the total number of
moves played in each game.
Returns a non-owning tensor.
Gets the number of moves
since the last attack for each
game. Returns a non-owning
tensor.

Returns a string representation
of the board state for each
game at the current time step.
Useful for debugging.



SampleRandomLegalAction GPU- (none) Fills out the provided

allocated GPU-allocated tensor with a

tensor legal action drawn uniformly
for each game at the current
step.

S2 Stratego Information State Representation

The representation of the information state for each player comprises two components:
* A representation of the current board state; and

* An encoding of the past & moves.

We describe each component in detail in the following subsections.

S2.1 Representation of the Board State

We encode information about the state of the board and the history of the game as a collection of
channels, each of which is a 10 x 10 matrix of floating point numbers. The channels can be divided
into different logical subgroups, as follows.

Basic piece properties The following channels expose basic information regarding the pieces
on the board, including their visibility and whether they have moved in the past.

Channel(s) Description

0-11 Indicator of whether the piece occupying each square belongs to the
player and has type 7', for each of the 12 types 7" € {Spy, Scout, Miner,
Sergeant, Lieutenant, Captain, Major, Colonel, General, Marshal, Flag,
Bomb}.

12-23 For each square, probability that it belongs to the opponent and has type T’
for each of the 12 types 7" € {Spy, . .., Bomb}, assuming the setup and
moves were selected uniformly at random.

24-35 Same as channels 12-23, but from the point of view of the opponent
player.

36 Indicator of what squares on the board are occupied by hidden pieces of
the player.

37 Indicator of what squares on the board are occupied by hidden pieces of
the opponent.

38 Indicator of what squares on the board are empty.

39 Indicator of what squares on the board are occupied by pieces of the
player that moved.

40 Indicator of what squares on the board are occupied by pieces of the

opponent that moved.



Channel(s) Description

41 Fraction of the maximum number of moves per game (see Section S3.1)
that have been exhausted.
42 Fraction of the maximum number of moves between attacks (see

Section S3.1) that have been exhausted.

Threats, evasions, attack opportunities The following channels encode information regarding
the historical behaviour of pieces, including whether pieces threatened or evaded other pieces, and
whether pieces opted not to attack other pieces when they had the opportunity.

For the purposes of the next channels, we recall that a threat is a movement of one’s piece
so as to make the piece adjacent to a piece of the opponent. The opponent’s piece is considered
threatened.

Channel(s) Description

43-52 Indicator of whether the piece occupying the square belongs to the player,
and has ever threatened a piece of the opponent which, at the time of the
threat, was a revealed piece of type 7' € {Spy, . .., Marshal}.

53 Indicator of whether the piece occupying the square belongs to the player,
and has ever threatened a piece of the opponent which, at the time of the
threat, was hidden.

An evasion is realized when a piece that was threatened in the immediately preceding move is
moved away from the threatening piece, to an empty square.

Channel(s) Description

54-63 Indicator of whether the piece occupying the square belongs to the player,
and has ever evaded a threat from an opponent’s piece which, at the time
of the threat, was a revealed piece of type T' € {Spy, . .., Marshal}.

64 Indicator of whether the piece occupying the square belongs to the player,
and has ever evaded a threat from an opponent’s piece which, at the time
of the threat, was hidden.

Finally, we define a piece to be actively adjacent to an opponent’s piece when the player con-
trolling the former has had the chance to attack the latter, but opted not to.



Channel(s)

Description

65-74

75

Indicator of whether the piece occupying the square belongs to the player,
and has ever been actively adjacent to an opponent’s piece which, at the
time of the adjacency, was a revealed piece of type

T € {Spy,...,Marshal}.

Indicator of whether the piece occupying the square belongs to the player,
and has ever been actively adjacent to an opponent’s piece which, at the
time of the adjacency, was hidden.

The same information regarding threats, evasions, and active adjacencies is then reported from
the point of view of the opponent.

Channel(s) Description

76-85 Same as channels 43-52, but from the point of view of the opponent
player.

86 Same as channel 53, but from the point of view of the opponent player.

87-96 Same as channels 54-63, but from the point of view of the opponent
player.

97 Same as channel 64, but from the point of view of the opponent player.

98-107 Same as channels 65-74, but from the point of view of the opponent
player.

108 Same as channel 75, but from the point of view of the opponent player.

Captured pieces
have been captured.

The next group of channels encodes the starting positions of the pieces that

Channel(s) Description

109-119 Indicator of whether the given square was occupied, at the start of the
game, by a piece of the player of type " € {Spy, ..., Marshal, Bomb}
that has now been captured.

120-130 Indicator of whether the given square was occupied, at the start of the

game, by a piece of the opponent of type T € {Spy, . .., Marshal, Bomb}
that has now been captured.

Causes of death The following channels encode the locations in which pieces died, as well as
what interaction caused their death. The following causes of death are distinguished:
1. The piece attacked an opponent piece of strictly stronger rank, which was revealed at the time

of the attack.

2. The piece attacked an opponent piece of equal rank, which was revealed at the time of the

attack.
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. The piece attacked an unrevealed opponent piece, and lost the battle.

4. The piece was revealed, and was attacked by an opponent piece (revealed or not). It lost the
attack because it was strictly weaker.

5. The piece was revealed, and was attacked by an opponent piece (revealed or not). The battle
was a tie.

6. The piece was unrevealed, and was attacked by an opponent piece (revealed or not).

Channel(s) Description

131-140 Whether a piece of the player of type T' € {Spy, . .., Marshal} died in this
square, due to cause of death 1.

141-150 Whether a piece of the player of type T' € {Spy, . .., Marshal} died in this
square, due to cause of death 2.

151-180 Whether a piece of the player of type T € {Spy, . .., Marshal, Bomb}

died in this square, due to causes of death 3—5 (channels 151-160,
161-170, and 171-180, respectively).

181-190 Whether a piece of the player of type T' € {Spy, . . ., Marshal, Bomb}
died in this square, due to cause of death 6.
191-250 Same as channels 131-190, but for the opponent.

Protection moves The final group of channels refers to protection moves. When a player’s piece
A threatens a piece B of the opponent, the opponent might respond by moving one of their pieces,
say C', to become adjacent to B. This way, if the player follows through with the aggression, the
opponent can attack A with C'. Moving C' to become adjacent to B as a response to a threat from
A is a protection move. More precisely, we say that piece C' protected piece B against piece A;
equivalently, piece B was protected by piece C' against piece A. We extend the same terminology
to the case in which B is an empty square.

Channel(s) Description

251-261 Whether the piece in the square belongs to the player, and has ever
protected a piece of the player which, at the time of the protection, had
revealed type 7" € {Spy, . .., Marshal, Bomb}.

262 Whether the piece in the square belongs to the player, and has ever
protected an empty square.
263 Whether the piece in the square belongs to the player, and has ever

protected a piece of the player which, at the time of the protection, was
not revealed.




Channel(s)

Description

264-274 Whether the piece in the square belongs to the player, and has ever
protected against a piece of the opponent which, at the time of the
protection, had revealed type T' € {Spy, . . ., Marshal, Bomb}.

275 Padding channel (all zeros).

276 Whether the piece in the square belongs to the player, and has ever
protected against a piece of the opponent which, at the time of the
protection, was not revealed.

Channel(s) Description

277-287 Whether the piece in the square belongs to the player, and has ever been
protected by a piece of the player which, at the time of the protection, had
revealed type 7' € {Spy, ..., Marshal, Bomb}.

288 Padding channel (all zeros).

289 Whether the piece in the square belongs to the player, and has ever been
protected by a piece of the player which, at the time of the protection, was
not revealed.

Channel(s) Description

290-300 Whether the piece in the square belongs to the player, and has ever been
protected against a piece of the opponent which, at the time of the
protection, had revealed type T' € {Spy, . . ., Marshal, Bomb}.

301 Padding channel (all zeros).

302 Whether the piece in the square belongs to the player, and has ever been
protected against a piece of the opponent which, at the time of the
protection, was not revealed.

Channel(s) Description

303-354 Same as channels 251-302, but for the opponent.

Additional information In addition, the network has access to the following information.



Channel(s) Description

355-454 Starting location of each piece on the board, one-hot encoded.
Specifically, channel 355 + k encodes in position (i, j) € {1,...,10}?
whether the piece currently occupying square (i, j) started from square k,
according to a row-major ordering of the squares.

S2.2 Representation of Recent Moves

In addition to the board state channels described above, we also include channels that encode the
most recent 32 moves. Each move is encoded in a channel, for a total of 32 additional channels.
For each move, a 10 x 10 matrix of floating point numbers encodes the source and destination
square of the movement, with the convention that a +1.0 is written in the destination square and a
—1.0 in the source square. All other squares are filled with zeros.

S3 Stratego Implementation Details

S3.1 Game Rules

There are two main parameterized game settings, detailed below. One is the value of £ for the k-
move rule, which states that a draw is declared after k£ consecutive battleless moves. For training,
we used a 100-move rule. We found that this outperformed training under a 200-move rule—
even though evaluation took place under a 200-move rule. (The representation of the proximity of
the rule to triggering is fractional—see channel 42 in Section S2.1; so n moves without a battle
was represented as /100 during training, but n/200 during testing.) This may be because it was
effective at discouraging dawdling, thereby increasing the quality of the generated data. The other
game setting is the maximum game length before a draw is declared, which was set to 4,000. This
was imposed for edge-case safety and is not an actual rule of Stratego. In practice, we found that
it virtually never triggered when paired with a 100-move rule.

Table S2: Game rules training hyperparameters.

Hyperparameter Value

Number of consecutive 100
battleless moves after which a

draw is declared

Number of moves after which 4,000
a draw is declared




S3.2 Data Collection

For data collection, each GPU simulated 1,536 independent environments in parallel, playing out
202 moves (101 for each player) for each of these environments between training iterations. (Over
16 GPUs, this yielded about 5 million transitions per training iteration.) The initial boards of new
games were sampled using a pool of pre-generated setups (sampled from the setup network), which
contained 1,000 setups per player per GPU and was regenerated after each training iteration. These
hyperparameters are listed below.

Table S3: Data collection hyperparameters.

Hyperparameter Value

Number of parallel 1,536 per GPU
environments

Generated setups per player 1,000 per GPU
Number of moves between 202

training iterations

S3.3 Setup Learning

Given a setup prefix (meaning a setup partially filled in under row-major order), the setup network

produces three outputs:

1. A categorical estimate of the probabilities of the possible outcomes of the game (win, loss,
draw), given the setup prefix.

2. A real-valued estimate of the conditional entropy of the setup, given the setup prefix.

3. A distribution over the next piece placement, given the setup prefix.

We trained these outputs on all setups for games that finished during the previous data collection

period. Since most games span multiple reinforcement learning iterations, the training data was

slightly off-policy.

Table S4: Setup learning notation.

Symbol Meaning

o Setup for which a game was completed.

o A prefix of 7.

0, Parameters that generated .

0 Current parameters.

7,(0 | 0) Probability of & given o under 6,.

he, (o) Predicted conditional entropy of setup prefix ¢ under 6,.

he (o) Predicted conditional entropy of setup prefix o under 6.

) Outcome in {win=1, loss=-1, draw=0} of the game started
from o.



Symbol Meaning

vg(o | o) Predicted probability of outcome o given o under 6.

E[ve, (0)] Predicted expected outcome (with win=1, loss=-1,
draw=0) given o under 6,.

« Regularization temperature (coefficient for entropy
maximization).

ot Immediate successor to o on the path to .

7o, (0T | 0) Probability of ot given o under 6;.

mo(o™ | o) Probability of o given o under 6.

e, (0) Distribution over next piece type given o under 6;.

mo(0) Distribution over next piece type given ¢ under 6.

With the notation above, we used the conditional entropy prediction loss

- (—log?(t)(d o) _ h9(0)>2;

the value prediction loss
L, = —loguvy(o | 0);
the estimated advantage
d = (0o — Eluvg, (0)]) + a(—logme, (G | o) — 10hg,(0));
and the policy loss
L, = —min (76, clip(r,0.8,1.2)d) + 0.1KL(my(0), 1y, (0)),

where
mo(0" | o)
r=—
T, (0T | o)

We weighted these losses as shown below:

1
Esetup = »C7r + 5»61; + Eh.

ey

2

3)

“4)

We clipped the gradient norm for this loss at 0.5. We performed 5 epochs over the setups as-
sociated with games that finished during the previous data collection period in batches of 1,024,
using Adam with a learning rate of 5 x 107°. We updated an exponential moving average of
the parameters—which was used for evaluation—after completion of the training iteration with a

smoothing parameter of 0.999.
These hyperparameter choices are summarized below.
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Table S5: Setup learning hyperparameters.

Hyperparameter Value

Adam learning rate 5x 1075
Batch size 1,024 per GPU
Number of epochs per training 5

iteration

Importance ratio clipping 0.2

parameter

Conditional entropy prediction 1
loss coefficient

Reverse KL to data collection 0.1
policy loss coefficient

Value loss coefficient 0.5
Regularization temperature —— 0',1
(Training iteration number)?-3
Maximum gradient norm 0.5
Normalizing constant for 1/10
conditional entropy prediction
Exponential moving average 0.999

smoothing factor

S3.4 Move Learning

Given a position, the move network produces two outputs:

1. A categorical estimate of the probabilities of the possible outcomes of the game (win, loss,
draw), given the position.

2. A distribution over moves that are legal given the position.

We trained these outputs on some but not all of the moves made over the last 202 simulator steps.

Specifically, we included a move in the training data if both of the following were true:

1. The magnitude of the estimated advantage was at or above the 0.75 quantile across the data for
which advantages were estimated.

2. The magnitude of the estimated advantage was 0.01 or above.

Table S6: Move learning notation.

Symbol Meaning

x A position of the acting player, represented as described in
Section S2.

{z'} The sequence of positions subsequent to x for the same
player.

0, The parameters that played the move at position .
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Symbol Meaning

0 The current parameters.

vy, () Predicted win, loss, draw probabilities at = under 6;.

vg(x) Predicted win, loss, draw probabilities at = under 6.

E[ve, ()] Predicted expected outcome (with win=1, loss=-1,
draw=0) at x under 6;.

0 The outcome of the game in which x occurred (if game
has finished).

) A-return-estimated advantage for move played at x.

13 A-return-estimated probability of winning, losing, and
drawing from z.

m The move that the acting player played at x.

7o, (m | x) The probability of m at z under 0;.

mo(m | x) The probability of m at x under 6.

p Magnet policy that selects piece to move uniformly and
moves it uniformly.

! Reverse KL to magnet policy p loss coefficient.

7o () Probability of each move at 2 under 6.

7o, () Probability of each move at x under 6.

p(x) Probability of each move at  under p.

Using the notation above, we estimated the advantage ¢ using the A-return with A = 0.5 over
the values {E[vy, (2')]} (and o if the game finished) and baseline E|[vy, (z)]. We estimated outcome
probabilities & using the A-return with A = 0.8 over the vector values {vy, (')} (and o, as a one-hot
vector, if the game finished).

Given these estimates, we updated the move network using the value loss

L, = cross-entropy (&, vg(x)), ®)
and policy loss
L, = —min (76, clip(r, 0.8,1.2)d) 4+ 0.1KL(my(z), 7y, (z)) + oKL(m(2), p(z)), (6)

where
_ m(m | x)

o, (m | z)

We weighted these losses evenly, as shown below:
Lmove = 'Crr + 'Cv-

We trained on this loss in 202 batches of positions grouped by simulator step. If not for fil-
tering by advantage magnitude, the size of these batches would have been 1,536 per GPU; with
advantage filtering, they were 1/4 or less of that size. We updated the network using Adam with
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the learning rate schedule specified below and a maximum gradient norm of 0.267. We performed
only one epoch over this training data. Thereafter, we updated an exponential moving average of
the parameters—which was used for evaluation—with a smoothing parameter of 0.999.

Table S7: Move learning hyperparameters.

Hyperparameter Value
Importance ratio clipping 0.2
parameter

Advantage filtering quantile 0.75
threshold

Advantage filtering magnitude  0.01
threshold

Exponential moving average 0.999
smoothing factor

Advantage estimation \ 0.5
Outcome estimation A 0.8

Reverse KL to data collection 0.1
policy loss coefficient

0.5
Adam learning rate clip — - ,5x 10751 x 107"
(Training iteration number)!-!

0.05

Reverse KL to magnet policy (Training iteration number)°-3

loss coefficient

Maximum gradient norm 0.267

Number of epochs per training 1

iteration

Value loss coefficient 1

Batch size before filtering 1,536 per GPU

S3.5 Belief Learning

Given a position, the belief network produces a distribution over configurations of opponent hidden
pieces. We trained the belief network on every position from a stream of self-play games of the
final setup and move networks, with no filtering or subsampling. At each position, the input was
the associated information state—represented as described in Section S2—and the target was the
ground-truth types of the opponent hidden pieces. Training used teacher forcing to minimize the
negative log likelihood of these true opponent hidden piece types.

The associated training hyperparameters are summarized below.

13



Table S8: Belief learning hyperparameters.

Hyperparameter Value

Adam learning rate 5x 1075
Maximum gradient norm 0.5

Batch size game length/2
Data type bfloat16
Exponential moving average 0.99
smoothing factor

Number of environments 1,024

S3.6 Networks

Details about the networks are given below. Pre-layernorm (i.e., layernorm [56] before the sublayer
rather than after the residual [57]) was used for all of the networks. The belief architecture is
detailed in Extended Data Fig. 4.

Table S9: Setup network information.

Hyperparameter Value
Depth 4
Embedding dimension 512
Number of heads 8

Learned positional embedding 0.1
initialization standard

deviation
Feedforward dimension 2,048
Total parameters 12.6 million
Table S10: Move network information.
Hyperparameter Value
Depth 8
Embedding dimension 384
Number of heads 8

Learned positional embedding 0.1
initialization standard

deviation
Feedforward dimension 1,536
Total parameters 14.7 million
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Table S11: Belief network information.

Hyperparameter Value

Encoder depth 6

Number of decoder blocks 4

Number of heads 8

Embedding dimension 512

Dropout 0.2

Learned positional embedding  Kaiming uniform [58]
initialization

Feedforward dimension 2,048

Total parameters 57.1 million

S3.7 Search

The search proceeds in the following steps.

1. The search samples roughly
1,000

number of legal actions

possible configurations of the types of the hidden pieces of the opponent from the belief net-
work, given the position .

2. The search performs 1,000 rollouts of depth 40. There is at least one rollout for each combina-
tion of legal move and sampled opponent configuration. After the initial move, which is forced,
the subsequent 39 moves are played according to the move network.

3. The search computes average values ¢ for each legal move according to the value output of the
move network at the positions reached by the rollouts starting from that move.

4. The search plays

M ~ Tlsearch
where
Tsearch = arg max (G, ) — aKL(m, p) — SKL(7, my) @)
_1
o [eqpaﬁeﬂ} at+p (8)

and where p = p(z) is the magnet policy distribution over moves at position x, Ty = my(x) is
the move network distribution over moves at position x, « is the reverse KL coefficient to the
magnet policy, and [ is the reverse KL coefficient to the move network policy.

The hyperparameters for this procedure are summarized below.
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Table S12: Search hyperparameters.

Hyperparameter Value

Reverse KL to magnet policy 0.002
loss coefficient

Reverse KL to policy network  0.02
loss coefficient

Number of rollouts 1,000
Rollout depth 40

S4 Stratego Training Logs

We show loss values and other quantities for the setup network over the training run in Figure S1
and Figure S2. We show loss values and other quantities for the move network over the training
run in Figure S3 and Figure S4. For both networks, dynamic damping guides the policy from
taking large steps in a heavily regularized regime at the start of training to taking small steps in a
weakly regularized regime by the end of training. For the setup network, this can be observed by
the simultaneous reduction of 1) the entropy of the network and 2) both the KL divergence relative
to the network that generated the setup and the importance ratio clip rate. For the move network,
this can be observed by the simultaneous 1) increase in KL divergence relative to the magnet policy
and decrease in entropy and 2) decrease in both the KL divergence relative to the policy that made
the move and the importance ratio clip rate.

Figure S5 shows other information about the training process and games, including training
times, game outcomes, game lengths, and move priority significance.

To assess training progress more directly, we performed pairwise evaluations of checkpoints
from the training run whose iteration indices were divisible by 2,000, playing 2,000 games per raw
checkpoint pair. The 32,000-iteration checkpoint occurred in two overlapping checkpoint exports,
so we averaged its two evaluation blocks into one displayed row and column; entries involving
that checkpoint therefore aggregate 4,000 games, whereas the other off-diagonal entries use 2,000
games. Each entry of the resulting 22-checkpoint score matrix gives the average score of the row
checkpoint against the column checkpoint, with wins scored as +1, draws as 0, and losses as
—1. As shown in Figure S6, later checkpoints generally outperform earlier ones, consistent with
approximately monotonic improvement over the course of training.
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Figure S4: Other move-related values over the training run. a Entropy of moves over self-play
distribution. b Proportion of data whose importance ratio is clipped. ¢ Norm of the gradient of the
loss. d Value function change. e Adam learning rate. f Coefficient to magnet policy a.
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Figure S5: Other information about the training process and games. a Time expenditure of different
components of the reinforcement learning loop. Iteration speed is bottlenecked by training and
data collection for the move network. b Proportion over training of each of the four possible game
endings: Flag capture, forced win (i.e., by virtue of the other player having no legal moves), forced
draw (i.e., by virtue of neither player having legal moves), and a 100-move rule draw (i.e., by virtue
of there having been 100 consecutive battleless moves). Ataraxos playing against itself draws a
much higher proportion of games than humans playing against one another. ¢ The average length
of self-play games over training. Ataraxos playing against itself results in much longer games than
humans playing against one another. d The average return (win=1, loss=-1, draw=0) for the red
player (the first moving player) over training. The roughly equal returns of the red and blue players
in the self-play of Ataraxos games support the human belief that move priority is not strategically
significant in Stratego.
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1.00
ok
2k [ X4l -0.835 | -0.893|-0.904|-0.897 |-0.887 | -0.910|-0.917 | -0.906 |-0.919 |-0.909 | -0.912| -0.904(-0.903 |-0.920 |-0.912 | -0.918 | -0.918 -0.903 | -0.917| -0.919
4k
0.75
6k [DEFEN 0308 0.000
8k 0.000
10k 5 0225 0100 0000 -0.059 -0.110 -0.158 0.50
12k 8 . .= 0159 0.059 0.000 -0.053 -0.105 -0.127 -0.139 -0.190 -0.182 -0.193 -0.207 -0.212 -0.214 -0.236
14k [k . = 0197 0110 0053 0000 -0.062 -0.079 -0.109 -0113 -0132 -0.163 -0172 -0.196 -0.185 -0.206 -0.192 -0.235 -0.224 -0.208
=
16k 576 . 0240 0158 0105 0.062 0000 -0.022 -0.061 -0.063 -0.092 -0.151 -0.133 -0.157 -0.155 -0.193 -0.178 -0.201 -0.215 -0.170 025 IS
=
18k JOX 0.906 . 0259 0148 0127 0079 0022 0000 -0.034 -0.029 -0.074 -0.103 -0.091 -0.114 -0.130 -0.139 -0.146 -0.193 -0.161 -0.175 8
c w
O 20k [ 0.919 | 0.620 . 0294 0202 0139 0109 0061 0034 0000 -0.021 -0.010 -0.063 -0.076 -0.094 -0.104 -0.113 -0.091 -0.145 -0.164 -0.137 ;
=
© 000 O
Q 22 0228 0190 0113 0063 0029 0021 0000 -0.027 -0.038 -0.070 -0.049 -0.082 -0.121 -0113 -0.111 -0.082 -0.100 -
2 :
24k 0182 0132 0092 0074 0010 0027 0000 -0.049 -0.058 -0.072 -0.060 -0.060 -0.102 -0.147 -0.105 -0.131 Q
c
26k 0193 0163 0151 0103 0063 0038 0049 0000 -0.006 -0.041 -0.056 -0.073 -0.070 -0.072 -0.115 -0.097 8
-0.25 s
28k 0207 0172 0133 0091 0076 0070 0.058 0006 0000 -0.028 -0.035 -0.061 -0.075 -0.088 -0.082 -0.073
30k 0212 0196 0157 0114 0094 0049 0072 0041 0028 0000 -0.027 -0.040 -0.033 -0.063 -0.030 -0.015
32k 0214 0185 0155 0130 0104 0082 0.060 0056 0035 0027 0.000 -0.014 -0.057 -0.062 -0.028 -0.042 050
34k 0236 0206 0193 0139 0113 0121 0060 0.073 0061 0040 0014 0.000 -0.011 -0.004 -0.035 -0.013
36k 0238 0192 0178 0146 0091 0113 0102 0070 0075 0033 0057 0011 0000 0.000 -0.054 -0.023
38k 0235 0201 0193 0145 0111 0147 0072 0088 0063 0062 0004 0000 0000 -0.002 -0.011 075
40k 0224 0215 0161 0164 0082 0105 0115 0082 0030 0028 0035 0054 0002 0000 -0.002
42k 0297 0306 0208 0170 0175 0137 0100 0131 0097 0073 0015 0042 0013 0023 0011 0002 0.000
-1.00

ok 2k 4k 6k 8k 10k 12k 14k 1ek 18k 20k 22k 24k 26k 28k 30k 32k 34k 36k 38k 40k 42k
Opponent iteration

Figure S6: Pairwise evaluation of 22 checkpoints from the training run (those whose iteration
indices were divisible by 2,000). Raw checkpoint pairs were evaluated over 2,000 games. The
32,000-iteration row and column average two evaluation blocks and therefore aggregate 4,000
games per off-diagonal entry; all other off-diagonal entries use 2,000 games. Each entry shows the
average score of the row checkpoint against the column checkpoint, with wins scored as 41, draws
as 0, and losses as —1.
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SS Barrage Stratego Implementation Details

Our approach to Barrage Stratego followed the same design as our approach to classic Stratego,
with hyperparameters as specified below. Some notable differences from the classic-Stratego con-
figuration were a smaller move network, A values of zero for advantage and outcome estimation, a
constant rather than annealed learning rate for move learning, and a shallower search. The policy
network was trained on 4 H100s over 12 days. The belief network was trained on 1 H100 over 2
days.

S5.1 Game Rules

Table S13: Barrage Stratego game rules training hyperparameters.

Hyperparameter Value

Number of consecutive 100
battleless moves after which a

draw is declared

Number of moves after which 2,000
a draw is declared

S5.2 Data Collection

Table S14: Barrage Stratego data collection hyperparameters.

Hyperparameter Value

Number of parallel 1,024 per GPU
environments

Generated setups per player 1,000 per GPU
Number of moves between 202

training iterations

S5.3 Setup Learning

Table S15: Barrage Stratego setup learning hyperparameters.

Hyperparameter Value
Adam learning rate 5x 1075
Batch size 1,024 per GPU
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Hyperparameter Value
Number of epochs per training 2
iteration
Importance ratio clipping 0.2
parameter
Conditional entropy prediction 1
loss coefficient
Reverse KL to data collection 0.1
policy loss coefficient
Value loss coefficient 0.5
. . 0.2
Regularization temperature clip ( et o e 0.01, 1.0)
Maximum gradient norm 0.5
Normalizing constant for 1/10
conditional entropy prediction
Exponential moving average 0.999

smoothing factor

S5.4 Move Learning

Table S16: Barrage Stratego move learning hyperparameters.

Hyperparameter Value

Importance ratio clipping 0.2

parameter

Advantage filtering quantile 0.5

threshold

Advantage filtering magnitude 0.01

threshold

Exponential moving average 0.999

smoothing factor

Advantage estimation A 0.0

Outcome estimation A 0.0

Reverse KL to data collection  0.001

policy loss coefficient

Adam learning rate 2.15 x 107°

Reverse KL to magnet policy chp< — 0'(,)4 , 0.006, 0. 1)
loss coefficient (Training iteration number)®-3
Maximum gradient norm 0.4
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Hyperparameter Value
Number of epochs per training 2
iteration

Value loss coefficient 0.5

Batch size before filtering

1,024 per GPU

S5.5 Belief Learning

Table S17: Barrage Stratego belief learning hyperparameters.

Hyperparameter Value
Adam learning rate 2 x107°
Maximum gradient norm 0.5
Exponential moving average 0.99
smoothing factor

Number of environments 1,024

S5.6 Networks

Table S18: Barrage Stratego setup network information.

Hyperparameter Value
Depth 4
Embedding dimension 012
Number of heads 8
Learned positional embedding 0.1
initialization standard

deviation

Feedforward dimension 2,048

Total parameters

12.6 million

Table S19: Barrage Stratego move network information.

Hyperparameter Value
Depth 7
Embedding dimension 288
Number of heads 8
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Hyperparameter Value
Learned positional embedding 0.1
initialization standard

deviation

Feedforward dimension 864

Total parameters 6.1 million

Table S20: Barrage Stratego belief network information.

Hyperparameter Value
Encoder depth 6
Decoder depth 6
Number of heads 8
Embedding dimension 512
Feedforward dimension 2,048
Dropout 0.1

Total parameters

56.9 million

S5.7 Search

The search procedure is analogous to that of classic Stratego, with the update parameterized by a

step size and temperature rather than by two KL coefficients.

Table S21: Barrage Stratego search hyperparameters.

Hyperparameter Value
Number of rollouts 1,024
Rollout depth 10
Update step size 10
Magnet policy regularization 0.01
(step size x temperature)

Minimum samples per legal 10

action

S6 Hanabi Implementation Details

The policy networks were each trained on a single L40 over 2 days. The belief networks were each

trained on a single L40 over 1 day.
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S6.1 Actor Learning

We trained the base policy using dynamically damped self-play reinforcement learning, with the
annealing schedules and other hyperparameters listed below.

Table S22: Hanabi actor learning hyperparameters (shared across 2—5 players).

Hyperparameter Value
Importance ratio clipping 0.2
parameter

Exponential moving average 0.9999
smoothing factor

Advantage estimation A 0.83
Discount factor ~y 0.999

Adam learning rate

Entropy coefficient

Schedule horizon T’
Maximum gradient norm
Value loss coefficient
Batch size

Number of parallel
environments

(o)
e

107
0.5
0.5
256
2,048

S6.2 Belief Learning

For belief training, we followed the practice and implementation from prior work [59], with the

hyperparameters listed below.

Table S23: Hanabi belief learning hyperparameters.

Hyperparameter Value
Adam learning rate 1x10°*
Batch size 128
Number of training steps 106
Number of parallel 4,800

environments
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S6.3 Networks

We used the exact policy and belief network architectures from prior work [59], which are sum-
marized below.

Table S24: Hanabi actor network architecture.

Hyperparameter Value

Private net 3-layer MLP (hidden dim 512, ReLLU)
Public net 1-layer MLP (hidden dim 512, ReLLU)
Public LSTM 2-layer LSTM (hidden dim 512)
Policy head Linear (512 — |A|)

Value head Linear (512 — 1)

Total parameters 5.9 million

Table S25: Hanabi belief network architecture.

Hyperparameter Value

Observation encoder 2-layer MLP (hidden dim 512, ReLLU)
Sequence 2-layer LSTM (hidden dim 512)
Autoregressive card prediction  Linear (25 — 64, no bias)

— Embedding

Autoregressive card prediction  1-layer LSTM (input dim 576, hidden dim 512)
-LSTM

Autoregressive card prediction  Linear (512 — 25)

— Output

Total parameters 7.05-7.37 million

S6.4 Search

For the search, we ran 10,000 simulations at each search step, evenly distributed across all legal
actions. Let A denote the set of legal actions. We sampled 10"12?0 hands from the belief model and
used the same sampled hands for all legal actions during search. We rolled out until the end of the

episode to collect cumulative return.

Table S26: Hanabi search hyperparameters.

Hyperparameter Value
Number of rollouts 10,000
Update step size 30
Rollout temperature 0
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S7 Dou Dizhu Implementation Details

The policy network was trained for 2 days on 4 H100s. The belief network was trained for 8 hours
on 4 H100s.

S7.1 Actor Learning

Table S27: Dou Dizhu actor learning hyperparameters.

Hyperparameter Value
5000
Importance ratio clipping 0.02 - min { — - , 1}
Training iteration number
parameter
Exponential moving average 0.999
smoothing factor
Advantage estimation A 0.95
Outcome estimation A 0.95

Reverse KL to data collection 0
policy loss coefficient

Muon learning rate 4 x 107* - min { — 500(,) , 1}
Training iteration number

o . { 500 }0‘5

Regularization temperature 0.1 - min —— - 1

Training iteration number

Maximum gradient norm 1

Number of epochs per training 4

iteration

Value loss coefficient 0.5

Number of parallel 512

environments

Trajectories collected per 2,048

iteration

Batch size 512

S7.2 Belief Learning

In dou dizhu, the hidden state consists of the unseen cards held by the other two players. We
therefore trained a belief model that autoregressively predicts card ownership in descending rank
order. At each prediction step, the model takes the available observation history and the previously
predicted belief tokens as input, and predicts which player holds the next card. The belief model is
an autoregressive transformer: each historical game state is encoded by a small MLP and projected
to the transformer embedding dimension, while each belief token is represented as the sum of a
card embedding and a player embedding. We trained the model from snapshots collected at each
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time step, using an NLL loss on the belief-token targets. During online search, the model is queried
autoregressively to sample or score hidden-card assignments. We visualize the training dynamics
in Supplementary Figure S7; the hyperparameters are listed below.

Table S28: Dou dizhu belief learning hyperparameters.

Hyperparameter Value
Muon [60] learning rate 4 x 107
WSD scheduler stable ratio 0.9
Maximum gradient norm 1.0

Time steps collected per 2,048

iteration

S7.3 Networks

Table S29: Dou dizhu actor network information.

Hyperparameter Value
Transformer depth 4
Embedding dimension 128
Number of heads 4
Feedforward depth 3
Feedforward dimension 256

Total parameters 1.9 million

Table S30: Dou Dizhu belief network information.

Hyperparameter Value
Transformer depth 4
Embedding dimension 256
Number of heads 4
Feedforward depth 2
Feedforward dimension 256

Total parameters 3.3 million

S7.4 Search

Due to the large action space in dou dizhu, Ataraxos decomposes each action into a sequence of
smaller decisions [61]. Rather than selecting a full action in one step, the policy incrementally
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generates an action-description prefix: at each step, it chooses one valid option to append to the
current prefix. Ataraxos applies search at each of these intermediate decision points, evaluating
the valid continuations conditioned on the current prefix. Let A denote the set of valid options at
the current step. For each option, the search procedure samples [200/|A|] hidden hands from the
belief model. It then estimates the value of that option by forcing the option to be taken under each
sampled hand and rolling out the policy network until the end of the game to collect the terminal
rewards. The final choice is obtained by taking one damped policy-improvement step from the
policy network, with update step size 5.

Table S31: Dou dizhu search hyperparameters.

Hyperparameter Value
Number of rollouts 200
Update step size 5
Rollout temperature 0

S8 Hanabi Score Details

This section provides the detailed Hanabi evaluation numbers underlying the results reported in
the Methods.
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Table S32: Performance of Ataraxos on Hanabi variants with different numbers of players. We
evaluate Ataraxos with different numbers of search players in each variant. Entries report means
=+ standard errors over 10,000 games per condition.

No. of players

No. of search players

Score

Perfect

=

24.454 £ 0.008
24.614 £ 0.008
24.654 £ 0.007

69.58% =+ 0.33%
75.72% + 0.43%
77.53% + 0.42%

24.612 £ 0.008
24.780 + 0.006
24.837 £ 0.005
24.863 £+ 0.005

77.61% £ 0.29%
84.77% £ 0.36%
87.81% =+ 0.33%
89.90% =+ 0.30%

24.466 £ 0.008
24.683 £ 0.007
24.776 £ 0.006
24.821 £ 0.005
24.852 £ 0.005

68.52% + 0.33%
77.65% + 0.42%
83.50% £ 0.37%
86.13% =+ 0.35%
88.40% + 0.32%

N B QOO RO RLO[WND—~RO| -

23.485 £ 0.012
24.008 £ 0.011
24.213 £ 0.010
24.340 £ 0.009
24.393 £ 0.009
24.410 £ 0.009

26.81% + 0.31%
39.19% + 0.49%
47.43% + 0.50%
53.94% =+ 0.50%
56.84% =+ 0.50%
58.05% =+ 0.49%
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S9 Dou Dizhu Additional Results

This section provides the full role-averaged performance matrix (Table S33), the performance
breakdown by game role (Table S34), training diagnostics for the dou dizhu belief model (Fig-
ure S7), and the sweep over update sizes (Figure S8).

Table S33: Dou dizhu role-averaged performance. Entries report means + standard errors. Com-
parisons involving Ataraxos use 10,000 duplicated deals; other comparisons use 100,000 dupli-
cated deals.

Row vs Col Ataraxos Policy Network  PerfectDou DouZero
Ataraxos — 0.107 £ 0.012 0.199 £ 0.015 0.350 £ 0.016
Policy Network —0.107 £0.012 — 0.152 £ 0.004 0.286 £ 0.004
PerfectDou —0.199 £0.015  —-0.152+£0.004 — 0.142 4+ 0.004
DouZero —0.350 £0.016  —0.286 £0.004 —0.142+£0.004 —

The entries in Table S33 not involving Ataraxos (i.e., those among the policy network, Perfect-
Dou, and DouZero) are taken from prior evaluations using 100,000 duplicated deals.

We further report performance broken down by role in Table S34, where the row agent controls
the two independent peasants and the column agent plays as the landlord. Comparing Ataraxos
with the policy network shows that the search routine provides particularly large gains on the
peasant side. This suggests that the search is especially useful for improving coordination between
the two cooperating peasant agents.

Table S34: Performance broken down by game role. The row agent is the peasants; the column
agent is the landlord. Entries report means + standard errors. Comparisons involving Ataraxos
use 10,000 duplicated deals; other comparisons use 100,000 duplicated deals.

P\ L
Ataraxos
Policy Network
PerfectDou
DouZero

Ataraxos

0.696 £ 0.035
0.612 +0.035
0.456 + 0.036
0.301 +0.037

Policy Network
0.827 £ 0.035
0.707 £ 0.011
0.507 £ 0.011
0.304 +0.011

PerfectDou

0.855 4+ 0.034
0.811 £ 0.011
0.601 £ 0.011
0.373 £ 0.011

DouZero

1.003 £0.034
0.877 £ 0.011
0.656 = 0.011
0.453 £ 0.011
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Figure S7: Dou dizhu belief-model training dynamics. Card-ownership accuracy (left) is the frac-
tion of autoregressive hidden-card predictions for which the model identifies the ground-truth
holder of the card. Loss (right) is the corresponding mean negative log-likelihood assigned to
the ground-truth holder of the card. Both metrics are averaged over valid hidden-card predictions
within each belief sequence and then over sequences.
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Figure S8: Role-averaged score of Ataraxos against PerfectDou under varying search update step
sizes. Each setting was evaluated over 2,500 duplicated deals. The dashed line shows the perfor-
mance of the policy network (i.e., Ataraxos without search).
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