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Abstract. Proper parameter configuration of algorithms is essential,
but often time-consuming and complex, as many parameters need to
be tuned simultaneously and evaluation can be expensive. In this pa-
per, we focus on sequential decision-making (SDM) algorithms, which
are applied to problems that require a series of decisions to be taken
sequentially, aiming for an optimal cumulative outcome for the agent.
To do this, every time the agent needs to make a decision, SDM algo-
rithms take the current state of the environment as input and provide a
decision as output. We propose a taxonomy of algorithm configuration
approaches for SDM and introduce the concept of Per-State Algorithm
Configuration (PSAC). To perform PSAC automatically, we present a
framework based on Reinforcement Learning (RL). We demonstrate how
PSAC by RL works in practice by applying it to two SDM algorithms on
two SDM problems: Monte Carlo Tree Search, to solve a collaborative
order picking problem in warehouses, and AlphaZero, to play a classic
board game called Connect Four. Our experiments show that, in both
use cases, PSAC achieves significant performance improvements com-
pared to fixed parameter configurations. In general, our work expands the
field of automated algorithm configuration and opens new possibilities
for further research on SDM algorithms and their applications. Code is
available at: https://github.com /ai-for-decision-making-tue/Per-State
Algorithm Configuration.

Keywords: algorithm configuration - sequential decision-making - rein-
forcement learning.

1 Introduction

Proper parameter configuration is essential to ensure algorithms operate effi-
ciently and effectively to solve specific problems. This is usually a time-consuming
and difficult task, especially when many parameters need to be tuned or when
the evaluation of parameter settings is expensive to compute. This algorithm
configuration (AC) problem has been widely studied by the AI community [15].
Its approaches can be categorized as static or dynamic, depending on whether the
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parameters are set at the beginning of algorithm execution or changed at every
iteration of the running algorithm [7[2]. Static approaches can be further divided
into Per-Distribution AC, where the goal is to find a single set of parameters that
works well across an entire distribution of problem instances, and Per-Instance
AC (PIAC), which tries to find a function that maps each individual problem
instance to a specific parameter configuration. The algorithm configuration lit-
erature mainly focuses on approaches for solving optimization problems, such
as local search or genetic algorithms, which aim to find an optimal solution by
cleverly exploring the space of solutions, typically by iteratively improving can-
didate solutions. In this paper, we focus on a different class of problems, namely
sequential decision-making (SDM) problems. These model real-world problems
where the environment changes over time and requires making a series of deci-
sions that lead to a cumulative outcome. In contrast to the class of algorithms
usually considered in algorithm configuration, SDM algorithms can work online
by outputting one decision at a time instead of a complete solution (sequence of
decisions). They must, therefore, be applied multiple times with different initial
environment conditions to obtain a complete solution. This approach introduces
a new dimension which should be taken into account by algorithm configuration
methods. While SDM algorithms are often applied in practice with a fixed set of
parameters for decision-making in a given problem instance, it could be benefi-
cial to change them according to the current state of the instance at hand. The
initial board position in a game of chess for example, when all the pieces are still
available, is usually very different in terms of complexity from the board state in
a position close to the end of the game, when most of the pieces have likely been
captured. This can have a substantial impact on the behavior and performance
of SDM algorithms, leading to the natural idea of setting algorithm parameters
accordingly.

We formalize this as Per-State Algorithm Configuration (PSAC) and propose
a framework based on Reinforcement Learning (RL) to learn how to do it in an
automated way. We then present results that demonstrate the effectiveness of
our method of applying PSAC on two popular SDM algorithms: Monte Carlo
Tree Search (MCTS) [II] and AlphaZero (AZ) [18], a state-of-the-art combina-
tion of MCTS and deep learning. We test the first on a warehouse assignment
problem and the second on the game of Connect Four. These results highlight the
potential of our algorithm configuration approach to improve the performance
of sequential decision-making algorithms.

Our contributions are as follows. (1) We extend the state-of-the-art taxonomy
of AC approaches provided by [2] to be applicable to sequential decision-making
problems, by introducing Per-State Algorithm Configuration (PSAC). (2) We
propose a framework based on reinforcement learning to perform PSAC in an
automated way. (3) We test automated as well as manual PSAC on use cases
belonging to two different domains: games and real-world logistics.
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2 Related Works

Algorithm Configuration Most approaches to AC focus on determining the
best set of parameters to apply to a certain algorithm, before it starts running.
This can be done manually, by a human, or automatically, by a machine [2]. A
common approach is to configure the algorithm based on the problem instance
that it is trying to solve. This is known as Per-Instance Algorithm Configuration
(PIAC). Recently, the idea of automatically adapting these parameters during
the algorithm’s execution has gained more interest. This approach is referred to
as Dynamic Algorithm Configuration (DAC) and has two main lines of research:
DAC by optimization and DAC by reinforcement learning. In particular, the
second one was formalized in [7], and has then been applied to several classes of
algorithms, including Genetic Algorithms (GA), Adaptive Large Neighborhood
Search (ALNS), anytime planning algorithms, classical Al planning and deep
learning algorithms such as Stochastic Gradient Descent (SGD) [2/T4206].

AC for sequential decision-making is a less frequently explored concept in
the algorithm configuration literature. Since SDM algorithms are widely used in
the field of game Al, the tuning of their parameters has been tackled with a vari-
ety of approaches over the decades. The most common approach for algorithms
expected to play only a single game (instance) has been constant per-instance
configuration [3]. When algorithms are expected to face various unseen games,
such as in General Game Playing or General Video Game Playing, a constant
configuration across all games is common, tuned offline on a selection of games
[8].

Related to dynamic AC, [19] proposed a method to tune the parameters of
MCTS from scratch whenever facing a new game. The term DAC could also
be used to describe a variety of search algorithm enhancements that work by
acquiring certain information during each individual search, such as RAVE for
MCTS agents [9] or the "killer heuristic" for Alpha-Beta agents [10], as well
as some techniques specifically developed for time management of game-playing
algorithms [1222].

Per-state AC methods are much more rare; exceptions include time manage-
ment techniques [4], which have not been generalized outside their game domains.
In the field of classical motion planners, [21] also studied how to use RL in au-
tonomous navigation systems to adapt planner parameters to the current state
of the world. Since motion planners interact with an environment that can be
defined by a Markov Decision Process (MDP), the authors design a meta-MDP
on which RL operates. We are currently not aware of other instances of per-state
algorithm configuration in the literature. We aim to generalize this idea to other
SDM algorithms and application domains.

3 Algorithm Configuration in Sequential Decision-Making

We extend the existing taxonomy of algorithm configuration approaches by in-
troducing the new concept of per-state configuration, and propose a framework
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Table 1. Taxonomy of approaches for SDM Algorithm Configuration

Approach Objective
Per-Distribution (AC) Constant parameter configuration
Per-Instance (PIAC) |Function that maps an instance to a configuration
Per-State (PSAC) FuncticTn that maps a problem‘state and
instance to a configuration
Function that maps an algorithm state and a
problem state and instance to a configuration

Dynamic (DAC)

of algorithm configuration for SDM (Table . One aspect to note is that while
these approaches are reported as incremental, they are effectively independent of
each other. For example, while in a warehouse optimization problem it might be
interesting to configure an SDM algorithm depending on both the current state
of the warehouse and the problem instance, so that it can be applied to multiple
warehouses, when playing strategic games, it is often sufficient to specialize on
a single problem instance, solely adapting to the encountered game states. Since
the focus of the current study is on the novel concept of per-state configuration,
in the remainder of this paper, we will consider the problem instance as fixed.

3.1 Formulation

To formalize PSAC, we first provide a formal definition of sequential decision-
making algorithm.

Definition 1. Sequential decision-making algorithm

Given an instance i € I of a sequential decision-making (SDM) problem,
which can be described as a Markov Decision Process (MDP) (S, A, P, R), a SDM
algorithm A is applied, with parameters 6 € O, every time a decision needs to be
made, taking the current state s, € S as input and outputting the probability of
taking the decision a; € A, A: Sx Ax O — Ry. The goal of a SDM algorithm
is to maximize the expected cumulative return R(T) over a time horizon T.

Popular SDM algorithms include simple myopic heuristics such as greedy al-
gorithms, advanced search algorithms such as MCTS, and more sophisticated
learning-based algorithms such as reinforcement learning.

As previously discussed, SDM algorithms are usually configured manually
for given problem instances, and the selected parameter configuration 6 is then
kept fixed for every application of the algorithm to the same problem instance,
disregarding its current state. To adapt the parameters to the current state of
the environment, we need a function that maps s; to the best set of parameters
that should be applied to A to compute the next action a;, with the objective
of optimizing the cumulative outcome of applying these actions sequentially.

Definition 2. Per-State Algorithm Configuration (PSAC)
Given (P, A,0,F):

— A target instance i of a SDM problem P, represented by the MDP (S, A, P, R).
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— A SDM algorithm A that, if applied to state s € S with configuration
parameters 0 € O, outputs the probability of taking decision a € A, A :
SxAxO =R,

— A space of per-state configuration policies f € F with f: 5 x 6O — R,
that map problem states to parameter configuration probabilities for A.

The SDM algorithm A interacts with the MDP to collect episodes T = {s¢, as, 74 }1p.
defining a distribution over episodes

T
P(T) = P()(So)HA(at|St,9)P(St+1‘St,at) (1)
t=0
where Py(so) : S — Ry is a distribution over initial states.
If we let the configuration policy f select, at each timestep t, which 6 should be
applied to A, we have

T
P(r) = Po(so) [ [ £(6cls0)Alarls, 0) P(siia]si, ar) (2)
t=0
The goal is to find the configuration policy f that maximizes the expected
cumulative return over P(T):

T
G(f) = IE7'~F'(7') [Z 7tTt] . (3)
t=0

3.2 Reinforcement Learning

Given the previous definition, maximizing the objective of equation [3| can easily
be framed as a reinforcement learning problem, where the agent does not interact
with the original MDP, but with a meta-MDP, which is an MDP defined by the
tuple (S, 0, Pg, R), where the states and rewards are the same as those of the
original problem P, the actions are the parameter configurations of algorithm
A, and the transition probability is now a function of the new action set Pg :
SxSx6 — Ry, which can be defined based on the original transition probability
as Po(sty1|st,0:) = ZateA Alag|se, 0:) P(st41]8t, at). Interacting with this new
meta-MDP, we collect episodes 7o = {s¢, 0,7 }1_,, from which equation [2| can
be updated as:

T
P(te) = PO(SO)Hf(9t|5t)P@(5t+1|5ta9t) 4)
t=0

The resulting framework is visualized in Figure [I}

4 Benchmark Problems

To illustrate the generality of Per-State Algorithm Configuration (PSAC), we
decided to focus on two different sequential decision-making problems, which
are well-known and relevant for different audiences and pose different challenges:
game playing and stochastic combinatorial optimization.
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Fig. 1. Illustration of the PSAC framework. At each timestep ¢, the RL agent f inter-
acts with the meta-MDP, observing the state of the current state and deciding which
parameter configuration 0 should be applied to the algorithm A (meta-level actions).
Within the meta-MDP, the algorithm takes s; and 6; to compute the decision a; that
should be applied to the MDP (low-level actions).

4.1 Connect Four

We selected Connect Four (C4) as the game use case to strike the right balance
between the computational resources required (e.g., each of the AZ policies [18]
were trained on a minimum of 5 TPU years) and not being trivial to play well.
C4 is a two-player game played on a vertically suspended grid with 6 rows and
7 columns. The players alternate between picking one of the 7 columns to place
their disc in. The disc will then drop to the bottom unfilled row of the column.
A player cannot play a disc in a column where all 6 rows are filled. Both players
have different colored discs to differentiate theirs from their opponent’s discs.
The first player to connect four of their discs by placing them in a single line
uninterrupted by any opponent discs wins the game. If all 7 columns are filled
and neither player has managed to connect four discs, the game ends in a draw.

To create a single-player environment, we focus only on the learning of our
agent and fix the opponent. In each episode, our agent will be randomly assigned
to be the first or second player to move. We define the MDP as follows.

State. At each timestep t, the state s; is the discs which are filling the slots in
the 6 x 7 grid. Each slot can either be filled by a disc of the first player or second
player, or be empty.

Actions. At each decision step, the player selects which column to drop one of
its discs in. A column can only be selected if not all its rows are filled yet. After
our action, if the episode is not finished, the opponent selects an action. If again
the episode is not finished, the agent receives a new state.
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Reward. The reward function is simply based on whether the game is won, lost
or else, ongoing or a draw:

1 if the agent played a winning move
r(t) = ¢ —1 if after the agent’s move the opponent played a winning move

0 otherwise

Objective. Since there are no intermediate rewards in this case, the objective
can be both written as a summation or simply the reward of the last state:

R(T) =Yy r(t) = r(T).

4.2 Collaborative Order Picking

The collaborative human-robot order picking problem is a stochastic combinato-
rial optimization problem set in a modern warehouse, where human pickers and
autonomous mobile robots (AMR) work side by side. AMRs handle the move-
ment of goods, so that the pickers can focus on picking. The AMRs are usually
associated with fixed sequences of pick-locations to visit, called pickruns, there-
fore, the task is to sequentially assign to each picker the next item to retrieve in
order to further optimize the pick-rate. Since warehouses are highly stochastic,
classical one-shot algorithms, which derive the solutions for the complete list
of items, are not effective as they are not robust to random events occurring
during plan execution. Therefore, the problem is a suitable benchmark for SDM
algorithms such as MCTS.

We developed a discrete event simulation of the collaborative picking prob-
lem. The warehouse is represented as a rectangular graph, where nodes are dis-
cretized pick locations and edges are paths available between them. The sim-
ulated warehouse has a simple layout, with parallel shelves and picking aisles,
without any cross-aisles. While humans can move freely, AMRs can only fol-
low S-shaped routes and are not allowed to overtake other AMRs in the same
lane. At the beginning of the simulation, every picker is in idling state. The sys-
tem will then start assigning pickruns to AMRs, which are then dispatched and
will immediately start traveling towards the first pick location in their list. The
pickers are then also assigned to one of these pick locations depending on some
configurable strategy and will start traveling to reach it. Both pickers and AMRs
follow precomputed shortest paths to reach their destinations, taking into ac-
count the above-mentioned constraints, such as the S-routes. As soon as a picker
and an AMR meet, the actual picking starts with a duration sampled from a
parametrized distribution. Once the pick operation is over, the picker will receive
a new picking task while the AMR will move to the next location. If the current
pick location is the last in the pickrun, the AMR starts the drop-off operation,
for which it has to reach one of the unloading stations located next to the bottom
lane with need time sampled from a parametrized distribution. The AMR will
then be assigned with a new pickrun and dispatched again. The speed of both
AMRs and pickers is controlled by a random distribution every time a movement
is processed. Finally, the system allows one to specify a set of distributions for
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pick durations. This could represent, for example, that items of different sizes
are being picked. These different distributions can be applied at different times
during the simulation, making the overall environment non-stationary.

We now define the MDP formulation.
State. The state s; is the set of all the nodes in the graph. Each node contains
features related to the controlled picker, its distance from the controlled picker,
based on both AMRs and pickers moving capabilities, the presence of AMRs, free
and busy pickers, and whether a picking operation is currently happening in the
location. In addition, we have two global features, related to the current pick-time
distribution, including a one-hot encoding of the current pick-time distribution
T € T and the simulation time left before the next pick-time distribution change,
since the shift points are fixed and known in advance.
Actions. At each decision step only one picker can be idle, therefore the set of
actions contains all the locations which are the next pick-locations in at least
one AMR’s pickrun, plus the current location of the picker, which will trigger
a waiting event to essentially postpone the decision if it is not a pick-locations
included in a pickrun.
Reward. The reward function is simply based on whether an item was collected
or not since the previous timestep:

) 1 if an item was collected between timestep ¢-1 and timestep ¢
T =
0 otherwise

Objective. Since the reward function effectively counts the number of items
collected during an episode, the objective is to maximize that number given a
fixed duration T of the episodes: R(T) = Z?:o r(t).

5 Experimental setup

5.1 Algorithms

We applied PSAC to two popular SDM algorithms: MCTS and AZ. Below, we
provide a brief description of how they work.

Monte Carlo Tree Search is one of the most commonly used SDM algo-
rithms. For each encountered state, it builds a search tree incrementally and
uses random sampling and simulations to estimate the values of actions and find
the best one to apply. The UCT (i.e., Upper Confidence bounds applied to Trees)
algorithm is a key component of MCTS, balancing exploration and exploitation
by selecting actions that maximize the UCT value. The UCT is computed by

UCT = ;‘i— +C4/ %, where w; is the total reward of node i, n; is the number
of times node ¢ has been visited, IV is the search budget and C is a constant that
balances exploration and exploitation. Every application of MCTS involves four
main phases, which are repeated N times:

Selection: Starting from the root node, the algorithm traverses the tree by se-

lecting promising nodes based on the UCT value.
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Ezpansion: If the selected node is not a terminal state, new child nodes are added
to the tree.

Stmulation: A random simulation is run from the new node until either a termi-
nal state is reached or a set amount of time, called rollout length I, has passed
in the simulation, to estimate the outcome.

Backpropagation: The results of the simulation are used to update the values of
the nodes along the path from the new node to the root.

At the end of the process, the algorithm returns the most visited action (from
the root node) to be applied in the real environment.

AlphaZero is an algorithm that adapts the MCTS algorithm to be guided by
neural networks (NN). In the selection phase, an adapted version of the UCT
algorithm is used, which, in addition to the average reward and the number of
node visits, also considers the prior probability of selecting actions. Furthermore,
a prediction is used to estimate the outcome, rather than a simulation. Both the
prior probability and the outcome estimate are predicted by NNs. The NNs are
trained by playing against a copy of itself in a reinforcement learning setting,
where actions are selected by MCTS (which is, in turn, dependent on the NNs)
to align the networks with use in MCTS. AZ has shown impressive results across
a range of board games [17].

In order to test our framework in a controlled way, we decided to apply AZ
to C4 and MCTS to the collaborative picking use case.

5.2 Configuration parameters

In each of our experiments, we chose to configure only a single parameter with
limited range. Note that our theoretical framework does not limit the number of
parameters that can be configured, but we made this choice in order to keep the
analysis straightforward, while clearly showing the effectiveness of the approach.

In the case of C4, we believed that optimizing the exploration constant C'
would have the greatest impact. To ensure we can pick a wide variety of values
for C without exploding the search space, we decided to pick our values for C
on an exponential scale with base 2. The smallest value allowed is 27 and the
largest 22 for a total of 10 values.

Since the collaborative order picking problem is highly stochastic and non-
stationary, it is reasonable to assume that there should be a relation between the
length of the rollouts, the amount of reward observed on average per timestep
and the accuracy of the state-value estimation. Since the picking time can change,
at different points in a single trajectory, the same value of rollout length I could
potentially lead to collect very different amounts of reward. For example, if
the average picking time is longer than the rollout length, no rewards will be
observed, and the state cannot be evaluated properly. On the other hand, if
the picking time is short and the rollout length is long, the stochasticity of
the environment would make the observed rewards more and more uncertain,
leading to an unreliable evaluation of the leaf state. For this reason, we chose
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the rollout length parameter I as the target of our experiment. In particular, in
every rollout, the simulation will run for a number of simulation seconds between
5 and 100, with discrete steps of 5, for a total of 20 possible values.

All other parameters we kept fixed to values that seemed reasonable for the use
case, as summarized in Table 2]

Table 2. Parameter Settings for the proposed use cases

Collaborative
Parameter Order Picking Connect four
Search budget N 250 100
Discount factor ~y 0.99 0.99
Exploration constant C 0.25 variable
Rollout strategy Random Value Function
Maximum number of chance nodes n. 10 -

5.3 Simulation setup

Connect Four In C4 we used the standard dimensions of the grid, 6 rows and
7 columns. To make comparisons easier, we used the same AZ algorithm for our
opponent and the PSAC implementation. We used the OpenSpiel library [13] to
train the AZ algorithm. The AZ algorithm utilizes a residual NN with 64 nodes
and a depth of 3 layers. We used the default values for all the training parameters
except for the number of steps, which is set by default to run indefinitely. The
parameters are as follows.

learning rate: 0.001, steps: 1000, N:100, replay buffer size:2'¢, replay buffer reuse:
3, batch size: 21, C: 2, alpha: 1, and epsilon: 0.25.

One risk of having a fixed opponent is that the agent might learn to play
well against this specific opponent but is not able to play well against different
opponents, i.e. does not generalize well. To mediate this, at the start of each
episode, we select an opponent from a set of potential opponents for the episode.
Again, to ease the interpretation of results, we decided to align this with the
action space of our Meta-MDP, meaning that our set of potential opponents will
be AZ agents with C-values ranging from 277 to 22.

Another way to improve the trained agent’s generalisation capabilities is to
increase the diversity of the starting position. Learning how to play from a
single starting position might result in the agent only learning how to play a
fixed sequence of actions to win the game rather than more general patterns.
We set the number of random moves at the start of each episode to 2, resulting
in 72 = 49 unique starting positions. We chose this number of random moves as
a compromise between the variety of the starting positions and the balance of
the starting position. For example, if we start with 4 random moves, positions
exist in which the first player can force a win in 3 moves.
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Collaborative Order Picking For the collaborative order picking case we
chose to keep the parameters of the simulation environment low in terms of
the number of agents involved and the size of the warehouse to allow for more
controllable experiments. In all experiments, the following parameters are the
same: 8 aisles, 7 pick-locations per aisle, 4 pickers, 40 AMRs, and, on average,
10 picks per AMR pickrun. The travel times of pickers and AMRs are generated
from a non-negative distribution [I] with, respectively, means 1.8s and 0.8s and
standard deviations 0.4s and O.2$E| The duration of the drop-off operation, from
the moment the AMR reaches the drop-off location, is generated from a geomet-
ric distribution with mean of 50.0s. Finally, the duration of the pick operation,
from the moment both the picker and the AMR are in the right pick-location, is
generated from non-negative distributions [1] {71, 72, 73, T2}, with means {8.75,
17.5, 35.0, 70.0}s and standard deviations {1.25, 2.5, 5.0, 10.0}s. This is the
only simulation parameter that will change in the experiments. Each simulation
episode lasts 30 minutes of simulation time.

5.4 Deep Reinforcement Learning Algorithm

To implement PSAC we used the Proximal Policy Optimization (PPO) [16]
algorithm. PPO has already been applied to many real-world SDM optimization
use cases, including the collaborative human-robot order picking problem [5].
For the two domains, we used different NN backbones, depending on the input
features, which are used both for the policy and the critic network. The policy
network appends a softmax layer, representing the probability distribution over
actions, i.e. the values of 6 which can be applied to MCTS in the current timestep.
The critic network appends a final layer to obtain a single value which represents
the expected future reward in a state. In C4, we used a Tanh activation function
since the values are bounded between -1 and 1, while in the Collaborative Order
Picking use case the values can be real values, so no activation function is applied.

For C4, we used a residual NN backbone, due to the rectangular shape of
the board. The input features are 4 binary 6x7 planes. The first three indicate
whether a disc is on a slot on the board. The first plane considers the agent’s own
discs, the second the opponent’s and the third whether the slots are unfilled. The
fourth plane indicates whether the agent was the player to start. The residual
backbone used two 3x3 residual blocks with 64 filters, batch normalization and
a ReLu activation. After the two residual blocks, the output is flattened, and a
single ReLu layer with 64 units is used.

For Order Picking, the architecture consists of a multilayer perceptron (MLP)
with one hidden layer of size 64, that independently processes the features of each
node with the same set of weights to create node embeddings, which are then
aggregated with a mean pooling layer. The two global features are also processed
by two dedicated MLPs with hidden layers of size 64. The resulting embeddings
are then concatenated and passed through the output layer.

! These times are applied every time the entities move from one location to another.
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The Tianshou library was used in this work for the implementation of PPO,
and all the parameters of the algorithm are default, while PyTorch was used
for implementing the NN architectures. All experiments were run with 16GB of
RAM and without the use of GPU. The training and testing experiments for C4
were performed using 16 cores of an AMD EPYC(TM) Rome 7H12 CPU Q@ 2.6
GHZ and for the collaborative order picking problem on an Intel(R) Core(TM)
i7-7700HQ CPU @ 2.80GHz. The final configuration policy for C4 was trained
for 800,000 timesteps (~18 hours) and 500,000 timesteps(~8 hours) for the col-
laborative order-picking problem.

5.5 Baselines

Figure [2] shows the results of the per-instance baseline experiments which were
run to obtain the baselines for the two use cases.

0.0

e~ 71:8755% 1256
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3 200
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Rollout length (simulation seconds)

(b)

Fig. 2. Results of per-instance agents on Connect Four (a) and on the sta-
tionary environments of collaborative picking (b). (a) Mean win rate (draws
counting as half wins) of a per-instance AlphaZero configuration vs. a range of Alp-
haZero opponents configured with C' € {277,...,2%}. Each opponent was played 200
times, half as first to act, half as second to act, resulting in each bar representing 2000
episodes. The whiskers represent 95% confidence intervals. (b) Average rewards over
10 episodes of MCTS applied with fixed values of I to four stationary environments.

In C4, per-instance agents were evaluated by running match-ups for each
value of C of the action space. Figure shows that the performance has an
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unimodal shape with the performance peaking at a value of 272 for C. Therefore,
we used this value for the per-instance baseline agent.

For the collaborative picking use case, we manually created a configuration
function, as follows: we first ran a grid search on stationary versions of the
environment, where the picking time distribution 7 € T is fixed, to find the
best value of I for each of those distributions. These values are highlighted in
Figurd2(b)} The configuration function, which we will call manual PSAC from
now on, as opposed to PSAC, which refers to the learned policy, picks, at each
step, the value corresponding to the current distribution type 7. In addition,
we also compared the results of the learned PSAC agent with a myopic greedy
heuristic that assigns the pickers to the closest pick-location which is the next
step in the pickrun of an AMR and is not currently assigned to another picker.

mm per-instance

B All 277 -6 2-5 274 23 2-2 21 20 21 22
c

Fig. 3. Performance PSAC agent vs per-instance baseline. Mean win rate
(draws counting as half wins) vs. AlphaZero opponents configured with different C.
Each opponent was played 500 times, half as first to act, half as second to act. The
whiskers represent 95% confidence intervals.
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6 Results

Connect Four To evaluate our approach, we have the PSAC agent and the
optimized per-instance agent play against the same pool of opponents. The re-
sults are reported in Figure [3] Our PSAC agent significantly outperforms the
per-instance agent over all the matchups. Furthermore, the performance against
the majority of specific AZ agents is significantly better as well, and, in all cases,
better than that against the per-instance agent.

We also show in Figure [ the values for C' that our PSAC agent selects.
Surprisingly, Figure [4(a)|shows that the shape of the probability mass function
is not uni-modal (as for the per-instance performances in Figure 2(a)) but multi-
modal. Although it generally selects the same value for C as the agent per
instance, at times it also prefers to select very small values (2~7 or 27°) or very
large values (22). In Figurewe can see the relation of the mean C' versus the
move number. At the very start of the episode, the mean values are low; around
move 13, they peak and towards the end, they decrease again. We hypothesize
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that this is due to the first positions have been seen very frequently so AZ is
quite confident that the best move is one of its most preferred moves, later on,
the positions are seen less frequently and many alternatives seem promising so it
will search more broadly, then near the end, there are fewer relevant alternatives
again (some moves will be clearly losing so need not be considered) and the
precise nature of the end game requires looking farther into fewer variations.

4 004 . 0.43
0 X 031
0 . .33
0 X 4042
0 X 0.06 0.42 v
2 005 0.09 | 0.45 . . g
£

0.1 X 0.08 ' 0.52
0.11 . 0.11 [ 0.53
0.11 7 0. 0.1 ' 0.52
0.12 . 0.08 [ 0.54
0.14 .02 0.05  0.49

277 2% 275 2t 273 272 7l 20 2! 22 All 14 58 912 13-1617-2021-2425-2829-3233-36 37-40
c Move number

(a) (b)

Fig. 4. Analysis of selected C values. Both plots are based on all the episodes
of Figure |3| (a) Probability mass function of the configured C vs. move number. (b)
Mean C' vs. move number.

Collaborative Order Picking The rewards obtained running a grid search
for the configuration of I in MCTS on the non-stationary environment, as well
as running PSAC are reported in Table [3] together with the baselines discussed
in the previous section. In addition, the results shown in Figure are also
added, both to compare them with the greedy baseline and to highlight the best
I parameters found for each pick-time distribution.

First, we can see that in every stationary environment, the best configuration
of MCTS consistently outperforms the myopic heuristic. This is not true for the
non-stationary environment, where every fixed configuration of MCTS performs
worse than myopic. Secondly, manual PSAC clearly outperforms the myopic one,
proving that per-state configuration of MCTS is necessary to achieve good results
in this environment. Lastly, we consider the performance of PSAC. Learning how
to configure the I parameter of MCTS during episodes, our method is able to
considerably outperform every instance of MCTS with fixed parameters, as well
as the myopic heuristic. While manual PSAC still provides the best result, Figure
shows that PSAC learns a very similar behavior. Since manual PSAC requires
manual labor and domain knowledge, it becomes impractical and less feasible to
configure multiple parameters at the same time.

7 Conclusion

In this paper, we propose to adapt the state-of-the-art taxonomy of AC to SDM
algorithms, introducing the concept of Per-State Algorithm Configuration. We
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Table 3. Performances of per-instance MCTS, baseline heuristics and PSAC, in terms
of means and standard deviations of rewards over 10 episodes.

Method Environment
Tqi: 8.75 £ 1,25|75: 17.5 £ 2.5|73: 35.0 £ 5.0|74: 70.0 £+ 10.0|Non-stationary

MCTS, I: 5s 41.4 + 34.65 30.2 £ 20.8 22.8 + 17.17 26.9 £+ 15.51 33.0 £ 24.52
MCTS, I: 10s 127.8 + 65.5 31.0 + 18.36 | 21.0 £ 23.94 28.9 £+ 18.11 45.9 £+ 22.51
MCTS, I: 15s 360.2 £+ 13.14 67.3 £ 36.8 16.2 + 11.91 34.1 £+ 12.36 66.0 + 18.41
MCTS, I: 20s 410.6 4+ 15.87 | 180.3 4+ 47.52 | 18.6 4+ 14.93 22.3 + 18.04 81.6 + 18.56
MCTS, 1:25s | 424.5 + 13.57 | 2724 + 8.49 | 46.9 + 13.64 22.6 £ 15.25 89.9 + 10.21
MCTS, I: 30s 381.5 £ 7.41 |287.4 + 5.87| 96.8 £ 8.74 33.0 £ 18.57 109.1 + 12.75
MCTS, I: 35s 335.6 + 9.22 282.3 £ 5.68 | 135.7 £+ 7.09 25.1 + 13.41 118.4 + 11.17
MCTS, I: 40s 315.1 + 8.14 257.5 £ 4.25 | 160.6 + 3.83 30.4 £ 17.54 122.0 + 10.7
MCTS, I: 45s 305.4 £+ 6.93 235.8 £4.42 | 171.1 £ 3.24 45.9 £+ 11.27 127.5 + 5.24
MCTS, I: 50s 303.2 £+ 8.27 223.0 £ 6.16 | 172.1 £+ 3.7 60.1 + 2.43 129.6 + 3.5
MCTS, I: 55s 296.0 + 8.15 215.9 + 4.5 169.2 + 1.99 67.2 £ 2.71 130.5 + 4.52
MCTS, l: 60s 292.6 £ 10.52 | 211.4 £+ 5.28 | 159.7 £+ 2.24 79.6 + 3.69 136.1 + 4.21
MCTS, I: 65s 296.6 + 6.39 210.2 + 3.68 148.6 + 3.1 85.8 £ 2.64 133.7 + 3.63
MCTS, I: 70s 300.6 + 15.27 | 213.2 4+ 5.42 | 141.7 £ 1.95 89.7 + 2.83 134.8 + 3.57
MCTS, l: 75s 295.9 £ 7.62 212.5 £ 8.87 | 137.0 £ 2.45 92.4 + 1.62 134.7 + 3.41
MCTS, I: 80s 293.8 + 8.28 216.3 £ 7.96 | 133.6 + 2.94 92.2 + 1.72 135.0 + 2.83
MCTS, I: 85s 296.7 + 12.53 | 217.2 + 7.39 | 131.6 £+ 1.56 93.2 + 1.54 134.4 + 4.45
MCTS, I: 90s 295.0 £ 5.31 220.2 £ 8.39 | 1304 + 3.38 92.6 + 2.06 136.8 + 4.69
MCTS, I: 95s 299.9 + 12.49 221.6 + 6.9 130.5 + 3.11 91.4 + 1.43 133.8 + 4.49
MCTS, I: 100s 291.5 + 8.24 218.8 + 6.6 135.7 + 2.93 88.6 + 1.36 134.0 + 3.1
Myopic heuristic| 331.3 + 10.87 | 245.0 £ 7.29 | 154.3 + 3.74 86.3 + 1.49 145.2 + 5.1
Manual PSAC - - - - 161.0 £+ 6.72
PSAC - - - - 154.45 + 3.92

-10
71: 8755 = 1.258 0 011 0

- 0.8

T2: 17.55 = 2.55 . 0 0.0075 0

0.6

73: 35.05 + 5.05 0.094 © .14 0.4

0.2

State distributions

T4: 70.05 + 10.05 0 011 0 0.68

0.0

45
Rollout length (simulation seconds)

50 55 60

Fig. 5. Analysis of selected [ values. Analysis of the [ value selected by the PSAC
agent for different 7 values in the non-stationary environment.

then present a framework for doing that in an automated way with RL and show
significant performance improvements for MCTS and AlphaZero on two differ-
ent domains: a deterministic two-player game and a stochastic combinatorial
optimization problem, inspired by a real-world use case. Future research direc-
tions include testing our method on a broader set of problems, including more
complex games and large-scale real-world use cases as well as simpler white-box
benchmarks, which would allow us to perform a deeper ablation analysis of the
framework. Additionally, we plan to apply PSAC to configure multiple parame-
ters simultaneously, to further improve the algorithm performances. Lastly, we
intend to analyze more deeply in what type of states certain parameters are
selected by PSAC. In general, our work extends the current field of automated
algorithm configuration, opening up new possibilities for further research on
sequential decision-making algorithms and their applications.
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