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1. Overview 

Phantom Tic-Tac-Toe is a variant of traditional Tic-Tac-Toe, in which both players cannot see each other’s 
moves. It has been a classical benchmark for testing the performance of learning algorithms. The primary 
objective of this project is to approximate the Nash equilibrium of the game using any suitable methods. 

Despite its apparent simplicity, Phantom Tic-Tac-Toe involves approximately 27 billion distinct game states. 
Although the symmetric properties of the game is not taking into account, this complexity makes the precise 
solution of the game a bit challenging (but still possible with a good tabular implementation). 

2. Game Rules 

The game is played on a 3 × 3 grid. Players take turns, starting with Player 0, choosing 0 1 2a square to place their marker without knowing the current state of that square. If the 
square is unoccupied, the marker is placed successfully; if it is occupied, the placement 3 4 5 
fails, and the player is notified of this failure. The turn then passes to other player. Players 
are not allowed to attempt placement in a square where they have previously tried. The 6 7 8 
game progresses until one player successfully aligns three of their markers vertically, 
horizontally, or diagonally, thus winning the game. The squares are indexed from top left 
to bottom right as shown on the right. 

3. Infoset Encoding 

In Phantom Tic-Tac-Toe, a player is only aware of whether his previous moves were successful. We encode 
the information set in the format | <A1> <C1> <A2> <C2> ... , where: 
• A1, ..., An  are the index of the squares that are attempted by the player, in order. 
• C1, ..., Cn  indicate the outcomes of the attempts: 

‣ *  (asterisk) signifies a successful placement. 
‣ .  (period) signifies a failed placement. 
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4. Sample Gameplay 

Here, we present a sample gameplay. We will call information sets “infosets” for bevity: 

1. Player 0 starts at the initial infoset |  and selects square 0 , successfully placing a marker. 
2. Player 1 also starts at the initial infoset |  and selects square 4 , successfully placing a marker. 
3. Player 0, now aware of the observation history |0* , attempts to place a marker in square 4 , which is 

occupied, resulting in a failed placement. Note that placing a marker in square 0 is not a valid action 
since they have already attempted it. 

4. Player 1, with infoset |4* , selects square 1 , successfully placing a marker. 
5. Player 0 updates the infoset to |0*4.  and successfully places a marker in square 3 . 
6. Player 1, with infoset |4*1* , selects square 7 , successfully placing a marker and wins by aligning 

4 , and 7  vertically. 
1 , 

By the end of the game, the board looks like follows: 

5. Automatic Evaluation of Strategies 

We set up an automatic evaluation plat-
form, which looks like the the screen-
shot on the right (→). 

The server will first validate the strategies 
submitted by the teams, and then evaluate 
them by: 
• evaluating the exploitability of the strat-

egy, and 
• computing the expected head-to-head 

value when playing against other teams. 

The evaluation of each entry of the table 
takes roughly one minute, but otherwise 
one goal we have for this autograder is to 
provide feedback to the teams as quickly as 
possible. 

■ Submission instructions.  Each team 
will be handed a token they can use to up-
load strategies. The token will be unique to 
each team and should be kept confidential. 
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6.  Input and Output 

We ask you to submit to strategy profiles computed by your algorithm. In the provided materials, you will find 

of these files lists all possible information sets line by line for both players. Your submissions should be a 
orzipped NumPy ( .npy ) tensor with name pttt_pl0.zip pttt_pl1.zip , respectively. Each row of the 

tensor corresponds to an information set, in the order of the player{i}-infosets.txt files. The tensor has 
9 columns, representing the probability of selecting squares 0 to 8 given each information set. Each value 
should be a floating-point number between 0 and 1, summing to 1 per row. Invalid actions must have 0 
probability. 

We will provide random uniform policies on the submission website.These select each valid move with equal 
probability at every information set. 

7.  Example: Construction of uniform strategies 

As an example of how to construct a uniform strategy (in this case, for Player 0), consider the following 
Python code: 

two files that are respectively called player0-infosets.txt and player1-infosets.txt . The content 

import numpy as np 

lines = open('player0-infoset.txt').readlines() 

# Initially, set the tensor with all ones. We will mask out the illegal actions below, 

# and then we will normalize row-wise just before saving the tensor below. 

tensor = np.ones((len(lines), 9), dtype=np.float32) 

for idx, line in enumerate(lines): 

line = line.strip() # Remove the \n 

assert line.startswith('|') 

n = len(line) - 1 

assert n % 2 == 0 

n = n // 2 

for j in range(n): 

pos = line[1 + 2 * j] 

outcome = line[2 + 2 * j] 

assert outcome in '*.' 

assert pos in '012345678' 

pos = int(pos) 

# Set zero probability to illegal actions. (Remember that we cannot probe a cell 

# more than once!) 

tensor[idx,pos] = 0 

if idx % 1000000 == 0: 

print(idx, 'done out of', len(lines)) 

# Renormalize row wise 

tensor /= np.sum(tensor, axis=1)[:,None] 

np.save('pttt_pl0.npy', tensor) 

8.  Notes 

We note that achieving low exploitability may be challenging when using deep learning methods. A high 
level of exploitability is acceptable; however, your report should explain your methodologies and findings, 
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including the running time of your training process. The training code should also be included in the final 
submission. In addition, you may find the following algorithms useful for solving the task: 
• Monte Carlo CFR (MCCFR, [1]). 
• Neural Fictitious Self-Play (NFSP, [2]). 
• Policy-Space Response Oracle (PSRO, [3]). 
• Regularized Nash Dynamics (R-NaD, [4]). 
• Magnetic Mirror Descent (MMD, [5]).
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