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Abstract

This paper presents findings on machine learning agent behavior prediction in a board game application developed by a group
of students. The goal of this research is to create a model facilitating collaboration between a user and an Al to play together in
the board game using a Human-in-the-Loop architecture. By injecting explainability, the aim is to enhance communication and
understanding between the user and the Al agent. Featuring a competitive Artificial Intelligence (AI) based on the Proximal Policy
Optimization model, this research explores methods to make Al decisions transparent for enhanced player understanding. Two
predictive models, a Decision Tree (DT) and a Deep Learning (DL) classifier, were developed and compared. The results show that
the DT model is effective for short-term predictions but limited in broader applications, while the DL classifier shows potential for
long-term prediction without requiring direct access to the game’s AL This study contributes to understanding human-Al interaction
in gaming and offers insights into Al decision-making processes.
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1. Introduction

SplendIA! is a student project created by a small group of students to develop a web application for playing the
board game Splendor. This application features an Al opponent implemented using the Proximal Policy Optimization
(PPO) model, allowing players to compete against the AlL. The initial goal of this project was to develop solutions that
render the AI’s decisions explainable. This would enable users to access explanations of the AI’s decisions, assisting
them in better understanding the game’s strategy. Additionally, a further objective was to develop a “Human-in-the-
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Loop” model to explore the possibilities of human-Al collaboration. This model refers to humans whose role in the
environment is active [6]. This paper discusses the research and experimentation with various methods to predict the
Al’s future actions, aiming to gain insights into its decision-making process.

Splendor is a strategy board game known for its simple yet deep gameplay. The objective of the game is to ac-
cumulate prestige points, primarily by purchasing development cards. The game includes the following components:
(i) Gem tokens representing different resources. (ii) Development cards, categorized into three levels. (iii) Noble tiles,
which provide bonus prestige points. Players take turns, during which they can perform one of three actions: (i) Col-
lect gems, which are used to purchase development cards. (ii) Reserve a card for later purchase and take a gold token.
(iii) Purchase a development card using the collected gems. Development cards provide both prestige points and gem
bonuses, which can be used as discounts on future card purchases.

A game of Splendor can easily be characterized as a series of cycles, ranging from one to a few turns. In each cycle,
the player begins by accumulating resources for their next purchase. The cycle culminates in the final turn, marked by
a significant purchase, which we will refer to as a “remarkable move”. A key element of success in Splendor is efficient
resource management. Players must balance between collecting gems, reserving cards, and purchasing developments.
Early in the game, focusing on acquiring cards that provide gem bonuses can significantly reduce the cost of later
purchases. Additionally, players should be aware of the noble tiles, as these provide a significant number of prestige
points and can be a deciding factor in the game’s outcome.

This paper is structured as follows: Section 2 discusses the related works. Section 3 explains the general objectives
of the project, while Section 4 presents the different experiments and their results. Finally, Section 5 concludes the
paper and outlines future work.

2. Related work

Understanding the decision-making processes of artificial intelligence (AI) systems is crucial for various rea-
sons. First and foremost, it enhances transparency and accountability, enabling users to comprehend why Al systems
make specific decisions or predictions. This aspect of Al research falls within the domain of Explainable Al (XAI)
[17, 1, 3, 15], which aims to develop methods and techniques for making Al systems more interpretable and un-
derstandable to humans [9]. XAI has gained significant traction in recent years due to the growing adoption of Al
technologies across various domains, including healthcare [18], finance, and autonomous vehicles [8, 2]. Moreover,
the interaction between humans and Al models is an essential field of research. It is increasingly recognized that
fostering effective communication and understanding between humans and Al systems is vital for their successful
integration into various applications [19, 20, 13]. Explainability plays a pivotal role in facilitating this interaction,
allowing for clearer communication and collaboration between human users and Al agents [9]. Researches recog-
nize the importance of XAl in building trust and confidence in Al systems, particularly in high-stakes applications
where the consequences of Al errors can be significant [10]. Several approaches have been proposed in the literature
to achieve explainability in Al systems. One common approach involves post-hoc interpretation methods [5], where
explanations are generated after the AI model has made predictions.

Understanding how AI models make decisions can be facilitated by techniques such as analyzing the importance
of features [14], creating saliency maps [11], and using local surrogate models [12]. These methods provide insights
into the mechanisms underlying Al decision-making. In recent studies, there has been a specific focus on improving
the transparency of decision-making processes in reinforcement learning (RL) agents [4]. Researchers are developing
visualization methods tailored to RL, such as Shapley value-based techniques [16]. These methods help to identify
how different combinations of actions and states contribute to an RL agent’s decision-making strategy, thereby putting
light on the factors influencing its decisions within the realm of machine learning.

In summary, the field of Al research continues to evolve, with a growing emphasis on transparency, interpretability,
and predictability in Al systems. Understanding the decision-making processes of Al agents and developing explain-
able Al techniques are critical steps towards building trustworthy and reliable Al systems for real-world applications,
fostering better communication and collaboration between humans and Al models [7].

! https://github.com/kalharko/splendia
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3. General objectives

The overarching objectives of this paper are to transform SplendIA into an innovative tool that aids players in
understanding the game better and refining their strategies across various skill levels. To achieve this programmatic
goal, an adaptation of the project’s architecture was conceptualized, aiming to facilitate collaboration between human
players and Al entities rather than pitting them against each other. Through collaboration, both users and Al agents
stand to benefit from shared insights into the game and thought processes. This human-AlI collaboration model was
designed to adhere to the "Human-in-the-loop” paradigm.

(a) Human in the loop architecture (b) Human in the loop architecture with
explainer
Game Game ——> Al Explainer ‘<— SHAP
1—1— Remarkable action
’ 2. Favorite actions \ predictor
1. Game state 4.Action to play 1. Game state 5. Action to play 3. Explained actions
a Y : P

2. Favorite actions—> |
pROcce EHmaniEaver PPO Model Human Player
3. Flnal decision.

)(—4. Flnal decision.
N~ / \ A

Fig. 1: Human in the loop architecture

The graph in part (a) of Figure 1 depicts the initial architecture envisioned to realize such a model. In this setup,
the state of the game is relayed to the Al at each turn, which then computes its favored actions. Subsequently, a
selection of the top actions is presented to the human player for final decision-making. This architecture fosters rapid
collaboration between human and Al participants, leveraging their collective input to arrive at decisions efficiently. By
minimizing exchanges and communication overhead, it streamlines decision-making processes and mitigates the risk
of decision paralysis. Feedback in this architecture is provided to both actors via rewards based on the evolving state
of the game board. These rewards inform Al training and are also communicated to the human player. Moreover, the
human player’s decisions can influence the reward function, thus contributing to the RL model’s training process. The
decision of the RL model can be represented as a list A of actions a; a paired with their estimated values of interest v;
like such:

A = {(ai,v1),(az,v2), ..., (@n, vy)}

3.0.1. Incorporating Explained Decisions

To facilitate collaboration between human and Al participants, it is crucial to ensure that the AI’s proposed actions
and their implications are comprehensible to the human player. Furthermore, enhancing the human player’s under-
standing of why the RL model suggests certain actions improves the collective decision-making process, ultimately
enhancing the model’s performance. With this objective in mind, it is beneficial to augment the previously described
architecture with tools that provide explanations of proposed actions to the human player. The updated protocol is
illustrated in part (b) of Figure 1. Thus, for each action q;, there are associated explanations denoted as e;. The context
of these explanations is about the action itself. Mathematically, this can be represented as:

A ={(a1,vi,e1), (a2, v2,€2), ..., (an, Vn, €n)}

Here, e; represents the explanation associated with action g;. Furthermore, there are global explanations E associated
with the entire list A. These global explanations offer overarching insights into the collection of actions and their
values. Mathematically, this can be represented as:

E={e},e),....€,}
Where e represents a global explanation associated with the entire list A. These explanations play a crucial role in
enhancing the human player’s understanding of the AI’s proposed actions and contribute to informed decision-making
in the collaborative game play setting. For instance, one such algorithm is SHapley Additive exPlanations (SHAP),
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which computes the importance of each input in the model’s decision-making process. This algorithm offers insights
independent of the actions presented in the list. The result of the SHAP value will be contained in e;.

As discussed in Section 1, another pivotal aspect of the game Splendor is the concept of “remarkable moves”.
These moves form the cornerstone of players’ strategies. Identifying the remarkable actions that the Al intends to
execute is crucial for understanding its strategy. Consequently, an algorithm can be developed to predict the future
remarkable moves that the Al plans to make for each proposed action. These explanations would then be associated
with each action as e;. The paper primarily focuses on experimental endeavors aimed at developing this last algorithm.

4. Experiments
4.1. Dataset Overview

In this research, the primary objective was to predict Al behavior. The dataset needed to represent the data the Al
typically processes, ensuring the predictions closely match the actual decisions of the RL model. To achieve effective
prediction, the AI’s training was halted, converting it from a stochastic to a deterministic model, where the agent
consistently selects the most favorable decisions without exploring other options. Although this transformation is
not essential, it enhances prediction accuracy. Continuous training would require regular updates to the Classifier
predictor, whereas the Decision Tree (DT) model would not.

The PPO algorithm uses the state of the board as a normalized vector, containing most information a player could
glean from the game. This method was used to generate input for various predictive models. The next step was data
labeling, aiming to predict specific actions of the agent. By owning the specific model, ample data was generated.
The deterministic agent played against a random algorithm, and board states were recorded at each turn, marking any
“remarkable” actions. The dataset was constructed by iterating backwards, assigning the next remarkable action to
each board state.

Labeling involved two approaches: (i) Predicting the position of the next card the agent would purchase (positions
0 to 14, including 12 cards in the shop and 3 reserved cards). (ii) Predicting the ID of the card instead. With 90
distinct cards in Splendor, this approach broadened the classification range to 90 classes, potentially fostering more
precise models by bypassing positional characteristics. For instance, an Al might reserve a card to buy later, altering
its position.

Thus, the dataset was constructed with state vectors paired with the corresponding action — the next card the Agent
purchased.

4.2. Al Behavior Prediction Approaches

To achieve the goal of predicting the AI’s future actions, and considering the options available from the initial
project, we came up with two distinct solutions, each employing a different method. The first solution relies on the
creation of DTs, where the focus is on identifying and estimating the most valuable states and actions. This involves
setting up a system that can evaluate different game scenarios and pinpoint the strategic choices the Al is likely to
make. The second solution we envisioned involves developing and training a Deep Learning (DL) classifier. This
classifier is tasked with learning the thought patterns of the Agent. It’s about making sense of the data to figure out
how the Al decides on its moves.

The DT approach offers a more structured way of looking at the problem, breaking down the AI’s decisions into a
series of logical steps. This approach aligns well with the agent’s strategy of taking one action at a time, effectively
imitating its decision-making behavior. In contrast, the DL classifier seeks to capture the more complex and subtle
patterns in the AI’s decision-making process.

4.2.1. First solution : Decision Tree

The initial step in the DT solution involves constructing a tree of potential actions and sequences that the Al could
undertake. The root node represents the current game state received by the Agent before making its decision. This tree
is then expanded from the root node to encompass all possible series of actions. Alternating between the PPO agent
and a random player, the model retrieves the list of permissible actions for the current player. For each node, the game
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Fig. 2: Decision Tree architecture

is updated to reflect the new board state for the next player. Figure 2 shows that each node contains the board state
obtained after an action is played. While actions can be seen as branches connecting nodes, they are also stored within
the child node itself.

This method primarily focuses on calculating the preferred nodes and paths of the Agent to predict its future
decisions. For nodes of odd generations (1, 3, 5, etc.), the algorithm computes a value directly provided by the PPO
model. Supplying the current board state to the PPO enables retrieval of action probabilities. These probabilities are
used to assess the desirability of each child node in accordance with the Agent’s preferences. The algorithm then
calculates the probabilities of each action, as shown in Figure 3. The root node starts with an initial probability of 1.
For each new generation, the probabilities of the children nodes are determined as follows: This algorithm follows
the logic of the deterministic agent, which consistently opts for its most preferred decision, making it as probable
as the preceding game state. It also mirrors the behavior of the agent’s opponent, who makes decisions through a
uniform random process. Finally, to estimate the probability of each significant action, the algorithm aggregates the
probabilities of the tree’s leaf nodes, summing the probabilities of identical actions. The algorithm’s output is a list of
actions and their corresponding probabilities, which can be cross-referenced with the dataset. Optionally, the algorithm
can also retrieve the card in the significant position when a remarkable action occurs, returning its ID along with the
action made.

Algorithm 1 Calculate Child Node Probabilities

1: for each node n in the current generation of the tree do
2:  if generation of # is even then

3 for each child ¢ in n.children do
4: c.prob « Wé;ﬁ%

5: end for

6: else

7 b « best child of n

8 for each child c in n.children do
0. c.prob n.prob ifc = b

0 otherwise

10: end for
11:  end if
12: end for

4.2.2. Second solution : Deep Learning Classifier
The DL classifier is designed to process the same data as the PPO agent to predict the next card purchase. Initially,
the classifier was developed with an architecture identical to that of the agent. The idea was that if they shared the
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Fig. 3: Action probability estimation

same neural layers and inputs, both networks would exhibit similar behaviors. However, since the classifier’s objective
is not to mimic the agent but to predict a specific card ID, it required a distinct architecture for effective operation. The
final architecture chosen is as follows: (i) The input layer has a dimension of 88, corresponding to the size of the input
data. (ii) A fully connected layer of 32x32 neurons. (iii) The output layer with a dimension of 90, each representing a
different card ID. ReLU (Rectified Linear Unit) functions are used for activation between the layers.

The training of the Classifier begins with generating a dataset consisting of 500 games for training and 100 for
validation. The training is conducted using batches of 500 games each. This batch size was found to be effective in
preventing the model from over-fitting. To further mitigate over-fitting, the dataset of 500 games is regenerated every
30 epochs. However, the validation dataset remains unchanged, as 100 games, averaging 60 actions per game, provide
sufficient diversity for effective validation. Experimentally, the optimal learning rate for this process is determined as
0.0002.

4.3. Results

4.3.1. Decision Tree results

To estimate the accuracy of this first model, we compared the actual actions taken by the agent with the estimations
made by the DT, varying certain parameters. In Figure 5, we assess the efficiency of the algorithm based on the
maximum depth of the tree and the K highest probabilities. Given the nature of Splendor, where players often focus
on multiple cards at once to increase their chances of acquiring one, it’s insightful to observe whether the action taken
by the PPO agent is not just the top result of the DT prediction, but also if it appears within a relatively close range.
Thus, we evaluated the accuracy based on the algorithm’s K the highest predictions. It is important to note that this
success rate is calculated as the ratio of correct predictions to total predictions. However, when the player is unable to
purchase cards, the total number of predictions does not increase.

The initial experiments aimed to compare the actions executed by the agent with those estimated by the algorithm.
This comparison primarily focused on the positions of the cards purchased. As depicted in Figure 5, the accuracy
is exceptionally close to 100 percent at a tree depth of 1. This result is expected, as the model with a depth of 1
essentially mirrors the deterministic agent itself. However, the outcomes are also particularly satisfying at depths of
3 and 5. These predictions can be considered valid for forecasting the next card the agent will purchase within the
subsequent 1-2 turns. The subsequent phase involved comparing the values of the card IDs, a prediction task that
is inherently more uncertain due to the wider range of possible cards. For a tree depth of 1, the results are nearly
identical to the previous method, since the card positions remain fixed. However, the performance of the Prediction
Tree drops significantly in this scenario, highlighting its limitations. This model does not achieve sufficient precision
in predicting the next card ID to be considered reliable for practical use.
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Fig. 5: Decision Tree predictions accuracy

4.3.2. Classifier results

As outlined in its introduction, the Classifier’s primary function is to estimate the ID of the next card that the Agent
will purchase. This task was proved to be significantly more challenging with the previous solution due to the large
number of classes it entails, compared to the positions on the board. This complexity, coupled with the vast array
of possible game states and the numerous parameters influencing each action, makes training the Classifier network
particularly arduous. Through experimentation, it was observed that the best progress in training occurred when the
classifier was fed a substantial volume of data simultaneously. Generating and processing such a large dataset is
demanding and consequently prolongs the training duration.

The training regimen for the model was segmented into three phases, each comprising 500 epochs. Referring to
Figure 6, we observe the model’s loss and validation rate. Unfortunately, the model has not yet converged to its
maximum accuracy and currently stands at a mere 16 percent, which complicates analysis. However, the validation
rate has already reached the accuracy of the DT and exhibits a consistent upward trend, offering hope for continued
improvement and to overpass the previous solution.

Epoch 0 to 500 Epoch 500 to 1000 Epoch 1000 to 1500

Training Loss Training Loss Training Loss

—— Training Loss —— Training Loss 32001 —— Training Loss
24 —— Validation Loss " —— Validation Loss | Validation Loss

3175
330 3.150

3125
Py

Los:

3.100
320 3.075
3.050

3.025

0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500

Epoch Fnoch
Validation Accuracy Validation Accuracy Validation Accuracy

11{ — Validation Accuracy — Validation Accuracy — Validation Accuracy

Epoch Epoch Epoch

Fig. 6: Classifier Loss and accuracy evolution over 1500 epoch
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4.3.3. Discussion

The comparison of the models highlights the advantages and drawbacks of each. The DT effectively predicts the
PPO agent’s short-term behavior but lacks consistency in varying scenarios and becomes computationally heavy for
medium-term predictions. It also requires access to both the agent and the game model. Conversely, the classifier
offers more consistent accuracy over the long term, does not require access to the agent or game model, but needs
substantial data for training.

5. Conclusion

This study explored machine learning agent behavior prediction in the board game application SplendIA. The main
objective was to develop methods enhancing player understanding of Al decisions and human-AlI collaboration. By
comparing two predictive models, a DT and a Deep Learning classifier, this paper provides insights into Al decision-
making and predictability.

The DT model effectively predicts short-term behavior, closely mirroring the PPO agent. However, it struggles with
broader and long-term predictions and has high computational costs for medium-term predictions, requiring access to
both the agent and game model.

The Deep Learning classifier shows promise for long-term predictions without needing direct access to the game’s
Al or model. Although it struggles in short-term predictions compared to the DT, it offers more consistent long-term
accuracy and can predict information not directly linked to the original model but requires substantial training data.

Overall, this study contributes to understanding Al decision-making. Future research could refine these models,
explore additional features, and investigate real-time adaptation during gameplay to enhance collaboration with Al
agents. These models can also be applied beyond gaming to improve Al decision-making and human-Al interaction
in various contexts.
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