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Abstract. In this paper we are discussing which factors affect the scala-
bility of the parallel Monte Carlo Tree Search algorithm. We have run the
algorithm on CPUs and GPUs in Reversi game and SameGame puzzle
on the TSUBAME supercomputer. We are showing that the most likely
cause of the scaling bottleneck is the problem size. Therefore we are
showing that the MCTS is a weak-scaling algorithm. We are not focus-
ing on the relative scaling when compared to a single-threaded MCTS,
but rather on the absolute scaling of the parallel MCTS algorithm.
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1 Introduction

Monte Carlo Tree Search (MCTS)[1][2][3] is a method for making optimal deci-
sions in artificial intelligence (AI) problems, typically move planning in combina-
torial games. It combines the generality of random simulation with the precision
of tree search. In this paper we are focusing on the parallel MCTS usage and its
scaling limitations. First we will very briefly explain how the MCTS algorithm
works.

1.1 MCTS Algorithm Overview

A simulation is defined as a series of random moves which are performed until the
end of a game is reached (until neither of the players can move). The result of this
simulation can be successful, when there was a win in the end or unsuccessful
otherwise. So, let every node i in the tree store the number of simulations ti
(visits) and the number of successful simulations Si. First the algorithm starts
only with the root node. The general MCTS algorithm comprises 4 steps (Figure
1) which are repeated until a particular condition is met (i.e. no possible move
or time limit is reached).

1.2 MCTS Iteration Steps

Selection - a node from the game tree is chosen based on the specified criteria.
The value of each node is calculated and the best one is selected. In this paper,
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Selection Expension Simulation Backpropagation

The selection function is applied
recursively

One (or more) leaf
nodes are created

The result of this game is
backpropagated in the tree
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the end of the tree
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           Repeated X times

Fig. 1. A single MCTS algorithm iteration’s steps (from [1])

the formula used to calculate the node value is the Upper Confidence bound
applied to Trees (UCT)[2].

UCBi =
Si

ti
+ C ∗

√
logTi

ti

Where:
Ti - total number of simulations for the parent of node i
C - a parameter to be adjusted (low - exploitation, high - exploration).

Supposed that some simulations have been performed for a node, first the av-
erage node value is taken and then the second term which includes the total
number of simulations for that node and its parent. The first one provides the
best possible node in the analyzed tree (exploitation), while the second one is
responsible for the tree exploration. That means that a node which has been
rarely visited is more likely to be chosen, because the value of the second terms
is greater. The C parameter adjusts the exploitation/exploration ratio.

Expansion - one or more successors of the selected node are added to the tree
depending on the strategy.

High exploitation (greedy) High exploration

Quickly gets to a local optimum Greater chance of the global optimum

Fig. 2. Explotation and Exploration illustrated)
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Simulation - for the added node(s) perform simulation(s) and update the
node(s) values (successes, total).

Backpropagation - update the parents’ values up to the root nodes.

2 Parallelization of Monte-Carlo Tree Search

2.1 Some of the Existing Parallel Approaches

In 2007 Cazenave and Jouandeau[4] propose 2 methods of parallelization of
MCTS and later in 2008 Chaslot et al.[3] propose another one an analyze 3
approaches(Figure 3):

Fig. 3. Parallel MCTS as in [3])

1. Leaf Parallelization. It is one of the easiest ways to parallelize MCTS.
Only one thread traverses the tree and adds one of more nodes to the tree
when a leaf node is reached (Selection and Expansion phases). Next, starting
from the leaf node, independent simulated games are played for each available
thread (Simulation phase). When all games are finished, the result of all
these simulated games is propagated backwards through the tree by one
single thread (Backpropagation phase).

2. Root Parallelization. Cazenave[4] proposed a second parallelization called
single-run parallelization. It is also referred to as root parallelization[3]. It con-
sists of building multiple MCTS trees in parallel, with one thread per tree. The
threads do not share information with each other. When the available time is
spent, all the root children of the separate MCTS trees are merged with their
corresponding clones. For each group of clones, the scores of all games played
are added. The best move is selected based on this grand total. This paralleliza-
tion method only requires a minimal amount of communication between the
threads.It is more efficient than simple leaf parallelization[3], because building
more trees diminishes the effect ofbeing stuck ina local extremumand increases
the chances of finding the true global maximum.
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The goal of this paper is to determine which parameters affect the scalability of
the algorithm when running on multiple CPUs/GPUs using root parallelization.

3 Methodology

3.1 MPI Usage

In order to run the simulations on more machines the application has been
modified in the way that communication through MPI is possible. This allows
to take advantage of systems such as the TSUBAME supercomputer or smaller
heterogenous clusters. The implemented scheme (Figures 4) defines one master
process (with id 0) which controls the game and I/O operations, whereas other
processes are active only during the MCTS phases. The master process broadcast
the input data (current state/node) to the other processes. Then each process
performs an independent Monte Carlo search and stores the result. After this
phase the master process collects the data (through the reduce MPI operation
which sums the results.

Root process
id = 0 n-1 processes

N processes init

simulate

broadcast data

collect data (reduce)
Output
data

Input
data

simulate simulate

Other machine
i.e. core i7, Fedora

Other machine
i.e. Phenom, Ubuntu

Network

Send the current state 
 of the game to all processes

Think

Choose the best move and send it to the opponent

Receive the opponent’s move

Accumulate results

All simulations are independent

Process number 0 controls the game

Fig. 4. MPI Processing scheme

3.2 Reversi

In general there are some basic features of graphs presenting the results which
need to be explained, it is important to understand how to read them as they
may seem to be complicated.

1. Number of simulation per second in regard to the number of CPU
threads, GPU threads or other factors - (i.e. Figure 5). By this I mean the
average number of random playouts performed (MCTS algorithm - step 3)
during the game.

2. Score (or average score) in regard to the number of CPU threads or GPU
threads. Score means the point difference between player A and player B
who play against each other. The higher score, the better. If score is greater
than 0, it means a winning situation, 0 means a draw, otherwise a loss.



456 K. Rocki and R. Suda

3. A game step is a particular game stage starting from the initial Reversi
position until the moment when no move is possible. There can be up to
60 game steps in Reversi. As the game progresses, the average complexity
of the search tree changes, the way the algorithm behaves changes as well.
Instead of showing the score or the speed of the algorithm in regard to the
number of cores, I also show the performance considering the game stage.

4. Win ratio - Another type of measuring the strength of an algorithm. It
means the proportion of the games won to the total number of games played.
The higher, the better.

3.3 Samegame

A modified version of the MCTS algorithm is used[7] to be able to solve
SameGame puzzle in order to get as many points as possible. The first reason to
do this was to test if MCTS algorithm can be easily applied to other domains.
And the second one to check the scalability limitations, since it is easier to adjust
fewer parameters in SameGame rather than having a 2-player game and to see
if there are any similarities in 2 problems. Before applying MCTS to SameGame
it was not sure if the problem itself may cause limitations in scalability.

4 Results and Analysis

4.1 CPU MPI Implementation

Figure 5 shows the average number of simulations per second in total depending
on the number of cpu cores. The very little overhead is observed during the
MPI communication. The number of simulations per second increases almost
linearly and for 1024 threads the speedup is around 1020-fold (around 8 million
simulations/sec).

Figure 4.1B shows the average score and win ratio of MCTS parallel algorithm
playing against sequential MCTS agent depending on the number of cpu cores.
From this graph it can be seen that obviously when 1 root-parallel MCTS thread
plays against the sequential MCTS, they are equal (the winning percentage of
around 48% for each of them - the missing 4% are the draws). In this graph I
present the absolute score (not the score difference between players, so it is not
so tightly associated with the winning ratio, but still the more, the stronger the
algorithm). When the number of cores doubles, the parallel algorithm wins in
more than 60% of the cases, and when the number of threads equals 16, it reaches
90%, to get to the level of around 98% for 64 threads. Here, a high increase in the
algorithm’s strength is observed when the thread number is increased up to 16,
later the strength increase is not as significant, which can lead to a conclusion
that the root parallel MCTS algorithm can have some limitations regarding the
strength scalability given the constant increase in the speed shown in Figure 5A.
Actually this has been studied ([4][3][6]) and some conclusions have been formed
that such a limit exists and that the root-parallel algorithm performs well only
up to several cores.
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Fig. 5. (A) Average number of simulations per second in total depending on the number
of cpu cores (multi-node), (B) - Average score and win ratio of MCTS parallel algorithm
playing against sequential MCTS agent depending on the number of cpu cores

The first and main conclusion of the results obtained is that the root par-
allelization method is very scalable in terms of multi-CPU communication and
number of simulations performed in given time increases significantly. Another
one is that there is a point when raising the number of trees in the root parallel
MCTS does not give a significant strength improvement.

4.2 Multi GPU Implementation

Multi-GPU implementation follows the same pattern as the multi-CPU scheme.
Each TSUBAME node has 3 GPUs and using more than 3 GPUs requires MPI
utilization. In Figure 6 it can be seen that just like with the multiple CPUs,
there is no inter-node communication bottleneck and the raw simulation speed
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Fig. 6. Number of simulations per second depending on the GPU number, 56x112
threads per GPU
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Fig. 7. 16 CPU cores vs different GPU configurations at particular game stages

increases linearly reaching approximately 2 ∗ 108 simulations/second when 256
GPUs (128 nodes, 2 GPUs per node) are used. Another graph (Figure 7 shows
that just like in the case of multiple CPUs, even when the simulation speed
increases linearly for multiple devices, the strength of the algorithm does not.

4.3 Scalability Analysis

The next illustrations (Figure 9) shows results of changing the MCTS environ-
ment to analyze the scalability affecting parameters. First in figures 9ABC we see
how changing the sigma(C - exploitation/exploration ratio) affects it and Figure
9 presents how changing the problem size impacts the strength increase of the
parallel approach. There are 2 things to be observed which are important. First,
the sigma parameter affects the scalability in the way, that when the exploita-
tion of a single tree is promoted, the overall strength of the algorithm improves
better with the thread increase. In my opinion, this is due to the deeper tree
search for each of the separate trees. When the exploration ratio is higher, then

Trees

Trees

1 2 3 4 5 SUM

1 2 3 4 5 SUM

High exploitation

High exploration

Fig. 8. Explanation of performance change caused by sigma constant adjustment
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the trees basically form similar trees and reducing it propagates more diversified
tree structures among the threads. Then in the next figure we see that as the
problem size decreases, the improvement while parallelizing the algorithm also
diminishes. It means that parallel MCTS algorithm presents weak parallelism,
so it would also mean as long as we increase the problem size, the number of
threads can grow and the results improve.
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Fig. 9. Scalability of the algorithm when the problem size changes, (A) - absolute score,
(B) - relative change in regard to 1 thread score, (C) - relative change when number
of threads is doubled, sigma = 3, Root parallelism, (D) - Differences in scores during
increasing number of threads and changing sigma constant, Root parallelismMax nodes
= 10k

4.4 Random Sampling with Replacement

What is interesting in this case, when large number of threads is simulating
at random is to obtain the probability of having exactly x distinct simulations
after n simulations. Then, assuming that m is the total number of possible
combinations (without order), D(m, n) can be calculated, which is the expected
number of distinct samples.

P (m, n, x) =

(
m
n

)(
n−1
n−x

)
(
m+n−1

n

)

P (m, n, x) is the probability of having exactly x distinct simulations after n
simulations, where m is the total number of possible combinations (according
the theorems of combinatorics, sampling with replacement). Then:

D(m, n) =
n∑

x=1

x ∗ P (m, n, x)

It is hard to calculate D(m,n) for big numbers because of the factorials, but
according to [5] an approximation can be used. Let r = n

m . Then:
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D(m, n) ∼ m(1 − e−r) +
r

2
e−r − O(r(1 + r)e−r

n

The first term is the most important. Having this I was able to analyze the
impact of having large number of samples in regard to the state space size and
check how many of those samples would repeat (theoretically). For an instance if:

m = 108, n1 = 104, n2 = 107

In the first case (n1):
D(m,n1)

n1
∼ 99.5% - almost no repeating samples.

Then if I consider (n2):
D(m,n2)

n2
∼ 95.1% - around 4.9% samples are repeated.

This means that the scalability clearly depends on the space state size/number
of samples relation. As the number of samples approaches the number of possible
paths in a tree, the algorithm will lose its parallel properties and even finding the
exact solution is not guaranteed, since we would have to consider infinite number
of samples. It can be concluded that as the tree gets smaller (the solution is
closer) the number of repeated samples increases (the higher the line the more
repeated samples there are). When the tree is shallow enough (depth is lower
than 10) it is very significant. If the state-space is small, the impact of the
parallelism will be diminished (Figure 10). Low problem complexity may be
caused by the problem is simple itself.
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Fig. 10. Explanation of performance change caused by the problem size change

5 Conclusions

Results from Reversi and SameGame show the same problem. Both in case of
CPU and GPU usage an improvement limit exists. The communication is not
the problem as the simulation speed increases linearly. The most likely causes
of this issue is the problem size and therefore repeating samples. We were able
to gain performance improvement in both problems by increasing the thread
number. Therefore at a certain point a scaling problem arose. We showed that
the scaling is affected by:
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1. The problem complexity - MCTS shows weak scaling
2. Random number generation, bounds for the number of unique random se-

quences, repeating samples
3. Exploitation/exploration ratio - the higher exploitation, the better scaling,

more unique trees in root parallelism
4. The implementation itself - i.e. leaf parallelism/root parallelism.
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