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Abstract

Deep reinforcement learning (DRL) has achieved state-of-the-art performance, especially in complex
decision-making systems such as autonomous driving solutions. Due to their black-box nature,
explaining the DRL agent’s decision is crucial, especially for sensitive domains. In this paper, we use the
Bag-of-Pattern (BoP) method to explore the learned behaviors of DRL, where we can find high-frequent
rewarded and non-rewarded behaviors along with low-frequent rewarded and non-rewarded
behaviors. This exploration helps us to identify the effectiveness of the model in completing the given
tasks. We use the Atari Learning Environment, the Pong game, as a test-bed. We extracted learned
strategies and common behavior policies using the most frequent BoP created for each state. Results
show that the agent trained with Deep Q-Network (DQN) has adopted a winning strategy by playing in
a defensive mode and focusing on maximizing reward rather than exploration. The agent trained with
Proximal Policy Optimization (PPO) algorithm has lowered performance by showing more variational
behavior to explore states and takes frequent up and down actions to prepare incoming shots from the
opponent.
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1. Introduction

DRL has often been used by complex systems including Atari games [1], autonomous vehicles [2],
and healthcare systems [3] because of its capability to resolve complex decision-making
problems. However, due to the difficulty of explaining their decision-making process, RL is still
considered a black-box and needs explanations on how the agent works to gain the trust of users
and to develop more robust agents [4, 5]. To make RL policies more interpretable, the field of
explainable RL (XRL) has emerged. The XRL mainly focuses on adopting explainable artificial
intelligence (XAI) methods to provide post hoc and intrinsic explanations for RL decision-making
process. XRL extends RL explanations by including human interactions [6, 7] that directly
manipulate the agent’s ability and providing interactive visualizations [8, 9] to make RL policies
transparent [10]. The majority of the XRL research focuses on explaining the agent’s decisions
based on individual states locally [5, 9]. However, local explanations do not explain how the agent
makes decisions and overall behavior of the RL agents. Due to the sequential nature of the RL and
limitations of local explanations, XRL research [11-14] has begun to consider global explanations
to understand the agent’s policy. In this study, we contribute to the field of XRL by extracting the
learned behaviors of two DRL agents, trained by Deep Q-Network [1] and Proximal Policy
Optimization [15], from a time-dependent sequential patterns using Multivariate Bag-of-Pattern
[16]. The proposed method eliminates the limitations of local explanations by summarizing
winning strategies adopted by an RL agent. Unlike the other traditional XAl methods, the
proposed approach captures the temporal dynamics of RL by highlighting the recurring high- and
low-frequent rewarded and not-rewarded patterns over time. The rest of the paper is organized
as follows: Section 2 provides a related work in the field of XRL. Section 3 covers the methodology
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of the use of multivariate BoP for RL. Section 4 presents the current results and section 5
concludes the paper with future directions of the work.

2. Related Work

The initial efforts for interpretation of the DRL include the use of t-Distributed Stochastic
Neighbor Embedding (t-SNE) for neural activations to identify the similarities of states [17]. The
research of Mnih et al. [17] visualize the representations in the last hidden layer for DQN model
using t-SNE by coloring state values. Their results indicated that t-SNE groups states based on
their cumulative reward similarities [17]. With the advancement of the field of XAl, current XRL
research, as seen in [5, 9, 18, 19], focuses on explaining a single decision of an RL agents using
saliency maps to highlight the relevant features that contribute to the decision. For example,
Greydanus et al. [9] applied perturbation-based saliency maps by adding noise to the observation
to identify relevant features that cause the agent to take action [9]. Weitkamp et al. [18] uses
Grad-CAM to highlight the activation map on observations for Atari games. Iyer et al. [19]
modified saliency maps and introduced object saliency maps that highlight objects that have
influence on the agent’s decisions rather than pixels. Huber et al. [5] evaluates and compares
perturbation-based saliency maps using sanity checks, input degradation and run-time metrics.
The study of Huber et al. [5] measures the usability and effectiveness of saliency maps that
identify the decision-making of an RL agent.

However, the recent studies [20, 21] emphasize that explaining a single decision does not give
insights into the overall behavior and temporal dynamics of an RL agent. Moreover, saliency maps
provide subjective explanations [4] and require additional tools [21] to evaluate the agent’s
behaviors. Another limitation of using saliency maps or more general instance-level explanations
is that requirement of analyzing the decisions of RL agents for each observation [4, 22]. To tackle
these limitations, XRL researchers develop global XAl methods to explain the learned behaviors
[11], extract strategy summaries [12] and list a series of logical rules [13, 14] of DRL agents. The
most popular approach is to use decision trees to extract a set of rules for policies using
Verifiability via Iterative Policy Extraction (VIPER) [13]. Osbert et al. [13] introduced VIPER that
transforms pre-trained policies into decision tree policies to perform imitation learning and make
RL policies interpretable. Another popular approach, introduced by Liu et al. [14], is Linear Model
U-trees (LMUTS) to perform imitation learning for neural network policy predictions. LMUTs [14]
represent Q functions, used for learning optimal policies, as decision trees. While these methods
provide logical rules for RL policies, using interpretable models such as decision tree to perform
imitation learning do not explain the actual RL policy and are not robust for unseen scenarios [4].
Amir and Amir [11] introduced a heuristic approach called HIGHLIGHTS to summarize learned
strategies by DRL agents using trajectories based on state importance [11]. This method focuses
on selecting sub-trajectories that represent a summary of a learned behavior. However, selecting
important states based on significant decrease in the future rewards because of selected action
highlight only the extreme policy behavior rather than generalization [22]. Septon et al. [12]
combines HIGHLIGHTS method [11] with reward decomposition for DRL explanations, however
their results indicate that HIGHLIGHTS method does not contribute to the explanations due to
efficiency of reward decomposition. Recent research emphasizes that current XRL research is
insufficient to explain RL decision-making process due to its black-box nature [4, 10, 22] and
complexity and requires additional tools [21] and combination of methods. Local explanations
lack of temporal dynamics of DRL agents in explaining the learned behavior of agents. global
explanations through imitation learning [13, 14] lack of generalization and is not robust for
unseen scenarios since they focus on explanations on approximated models. Moreover, heuristic
approaches [11] provides subjective solutions and lacks empirical evaluation. Therefore, we
focus on sequential-based explanations by extracting recurring patterns and capturing temporal
dynamics of RL agents to overcome the limitations of local and global XAl methods. The proposed
approach explores time-wise sequences of BoPs for high- and low- frequent rewarded and non-



rewarded behaviors of DRL agents. The method explains the overall strategy adopted by RL
agents to win the game and shows the effectiveness of behavior of good and bad performing
agents.

3. Method
3.1.RL Model and data collection

Reinforcement learning (RL) trains an agent to take actions in an environment with the goal
of achieving maximum rewards [23]. RL is modeled as a Markov decision process (MDP),
represented as a tuple M = {§, 4, p, r, v}, where S denotes the state space, 4 is the set of actions, p
:Sx A xS- [0, 1] is the state transition function, r : S x A — R denotes the reward function and y
denotes the discount factor [4, 10]. The main objective of an RL agent is to learn a policy (nn*) that
maximizes the expected return. We trained two DRL agents using two different RL algorithms:
DQN [1] and PPO [15] from Stable Baselines [24] in OpenAl Gym [25] to deal with environments.
For the DQN agent, we use the same hyperparameters settings as in Mnih et al. [1]. For the PPO
agent, we used the default hyperparameter setting from Stable Baselines except learning rate (set
as 0.00025) and entropy coefficient (set as 0.01). We also modified natureCNN [17] feature
extractor architecture for our PPO model. The new feature extractor architecture has 3
convolutional layers (Conv2D (32, 8), Conv2D (64, 4), Conv2D (128,2), Flatten (512)). We trained
both models for 25 million time steps for the Pong game in the Atari Learning Environment [26].
There are two players in the pong game, one represents an agent and controls the right paddle,
the other player represents the computer (the environment) and controls the left paddle. If one
of the players fails to catch the ball, the other player gets one point, and the game ends when one
of the players reaches 21 points. The agent receives rewards of 1 for scoring a point, -1 for failing
to catch the ball, and 0 for otherwise. The agents observe the last 4 frames (84x84x4 input
images) and make predictions to choose an action. After training phase, we played the pong game
for each model one episode that includes all time steps from starting game to ending game (any
player reaches 21 points) and collected:

e time steps (starting 0 to until the episode ends),
actions (0 (noop), 1 (fire), 2 (up), 3 (down), 4 (up fire), 5 (down fire) )
reward (-1, 0, 1),
x and y coordinates of the ball,
x and y coordinates of the paddles controlled by an agent and an opponent,
events (score, miss, hit) for each episode.

3.2.Interpretation using Multivariate Bag-of-Patterns

Bag-of-Pattern approach [27] is developed to extract and capture high-level information from
univariate time series data [28]. The BoP approach uses sliding window technique [29] to extract
subsequences from univariate time series and convert them into its Symbolic Aggregate
ApproXimation (SAX) [27] representations (i.e., a word/letter). The parameters of BoP include
window length (the number of time steps) I, word length (the length of symbolic representation)
w, window step s, and alphabet size (e.g., a, b, ¢, ...) @ Multivariate BoP [16] extends BoP method
to capture the relationships between multiple time series for multivariate variables.

3.2.1. Extracting BoPs and Initial Exploration

The policy of the RL includes the state of the ball and paddle position, the action of the agent
and the reward to encourage actions that contribute to winning. We converted image-based
observations of RL into time-series sequences. Then we applied multivariate BoP to convert these
changes into an alphabetic letter-based index. For multivariate BoP, we set window length (I),
word length (w), and window size (s) as 1 to create a wording index for each time step. The



alphabet size is set as 4 (a, b, ¢, d) for the coordinates of the ball and the agent, and the reward
feature as seen in Figure 1. Since the number of actions is six, we set alphabet size as 6 (a, b, ¢, d,
e, f) to represent actions noop, fire, up, down, up fire and down fire individually. BoP assigned
letters:
e Dball coordinates (x-axis): “a” from 0 to 29, “b” from 30 to 60, “c” from 61 to 90, “d” from
91 to 160.
e ball coordinates (y-axis): “a” from 0 to 51, “b” from 52 to 94, “c” from 95 to 136, “d”
from 137 to 190.
e agent’s paddle coordinates (y-axis): “a” from 29 to 76, “b” from 77 to 110, “c” from 111
to 144, “d” from 145 to 190.
e actions: “a” for noop, “b” for fire, “c” for up, “d” for down, “e” for up fire, “f’ for down
fire.
e reward: “a” for -1 reward, “b” for 0 reward, “d” for +1 reward.

Pong Game BoP Frequency - DQN vs PPO
RL Agents
DQN
PPO

Count
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Figure 1: (a) A visual illustration of example for pattern “ccceb” at time step = 4, for DQN agent.
The frame on the left side represents the intervals for the coordinates of the ball. The frame on
the right side represents the intervals for the position of the agent paddle on the y-axis (right
side). (b) The most frequent 50 BoPs for both agents in an overlay bar chart.

After creating a word for each feature, we concatenate those generated words to create a 5-
lettered pattern (such as “ccceb” as seen in Figure 1.a) that represents game features as one for
each time step. The first two letters correspond to the ball coordinates (“cc”), the third letter
indicates the paddle position of the agent on the y-axis (“c”), the fourth letter indicates agent’s
action (“e”) and the last letter indicates the current reward (“b”). The x-axis of the paddle for the
agent is fixed at 140 by the game itself. The top-left corner of the paddle is considered to
determine the exact coordinate of the agent on the y-axis. After playing one episode for each RL
agent, we obtained the results and collected the data. The DQN agent won the game with an 8-21
final score, and the PPO agent lost the game with a 21-10 final score. To compare behavioral
differences and make in depth exploration for both agents, we visualized the most frequent 50
patterns extracted from multivariate BoPs in an overlay bar chart (Figure 1.b). In the overlay bar
chart, overlapping bars that represent the occurrence of BoPs for DQN and PPO indicate common
patterns. For example, the BoP “aaabb”, highlighted and labeled as 1 in Fig. 1.b, recurred 30 times
for DQN and 14 times for PPO agent during an episode.

3.2.2. Extracting Pathways and Learned Behaviors

To capture the temporal dynamics of the RL agents’ behaviors, we traced back six time steps
starting from high frequent common patterns such as the most frequent BoP “ddcbb” from Fig 1.b
labeled as 2. As a result, we explored five common recurring ball movements thatare represented
as first two letters indicating the x- and y- coordinates of the ball, such as “dd” in the BoPs for
both DQN and PPO agents. We define these repeated ball movements as pathways (PW). To focus



on agents’ behaviors and strategy for incoming shots, the starting point of PWs are set as the
midpoint of the game board. Figure 2 shows visual representations of pathways that are created
by overlapping time-wise consecutive frames. The first frame is pinned to display the movement
paddles controlled by the agent and the environment. The pathways are read from left to right;
the ball movement is taken from halfway towards the RL agents. The representation of the letter
indicates the direction for incoming shots. For example, since we read the PWs from left to right,
we do not expect to see letter “a” or “b” in the first pattern since it indicates x-coordinate of the
ball and “a” and “b” represent values up to 60 on the x-axis. The first letter of the patterns may
start from “c” and goes to “d” that indicates the ball goes left to the right on the x-axis. The average
length of the pathway sequence is 6 time steps, depending on the speed of the ball to reach the
agent’s paddle. Pathways are named according to their first appearance during an episode.
Pathway 2, explored from the most frequent BoP “ddcbb” in Fig. 1.b by tracing back 6 time steps,
is the most recurring pathway for both agents (Figure 2.b). To generalize agent’s behavior for
each pathway, we created a 1-dimensional nested lists to store sequences of BoPs. The general
structure of nested lists of patterns (P):

P = [Pathway index, play index, [Ball coordinate], [Agent’s position], [Agent’s action],
Reward]

° 50 100 150 0 50 100 150 0 50 100 150 0 50 100 150 0 50 100 150

a. Pathway 1 b. Pathway 2 c. Pathway 3 d. Pathway 4 e. Pathway 5

Figure 2: A visual representation of common pathways that show the temporal dynamics of the
Pong game. Pathways 1, 3 and 5 are visual representation taken from the PPO agent, pathways 2
and 4 are visual representation taken from the DQN agent.

Play index refers to the occurrence of each pathway during an episode. The nested list shows
an example of a winning case (reward is 1) for the DQN agent for pathway 2, play index 3 with
BoPs:

P=[PW 2, 3, [cc,dd, dd, dd, dd, dd], [c, ¢, ¢, ¢, ¢, c], [a, b, 3,3, b, b], 1]

We applied numerosity reduction for repeated consecutive patterns and we stored reward as
it is, e.g,, -1, 0, 1 to reduce pattern complexity. Applying numerosity reduction for repeated
consecutive frames will reduce the use of storage for representing a pattern list of an episode for
a game play. This will remove the memory usage limitations when dealing with high-dimensional
large data. The numerosity reduction simplifies BoP analysis by identifying recurring sequences
of the repeated patterns such as the ball follows a route “dd” in a state and the agent stays at the
region “c” during the next five time steps in P* The compressed list representations present the
temporal dynamics of the RL agent’s behavior and ease higher-level comparison rather than
analyzing each observation and action individually. Numerosity reduction and compressed
nested lists of sequences of observations and actions contribute generalization for the behavior
of an agent for unseen scenarios. The pattern after numerosity reduction is applied is:

P* = [PW 2, 3, [cc, dds], [cs], [a, b, az, b2], 1]



4. Results

The most frequent and dominant pattern is “ddcbb”, labeled as 2 in Figure 1.b, repeated 68
times per episode for DQN model. “dd” indicates that the ball is in the bottom right side of the
frame, “c” indicates the agent’s position, “bb" indicates agent takes action “b” (fire) with a reward
of “b” indicating 0. Another finding from the BoPs is that the DQN model has high frequent less
variational patterns indicating the agent learned a behavior (a winning strategy) and repeats this
strategy to win the game. However, the PPO agent has low frequent more variational patterns
indicating that the agent does not adopt any single strategy and execute stochastic actions to
explore more states. Due to intense exploration and not adopting a strategy, the PPO agent failed
to win the game. To verify the usability of multivariate BoPs, we played additional episodes for
both agents and applied a computational approach that automatically identifies recurring
patterns and provides a sequence of nested lists for each pathway and play index. The
computational approach applies numerosity reduction to reduce pattern complexity. Table 1
shows detailed explanation of pathways in terms of the number of occurrences during each
episode for both DRL agents, scoring and missing points per pathway, and a brief pathway
definition. Pathways that appeared only once for each model are removed from the list. Pathways
are created to capture the temporal dynamics of both RL agents and highlight the effectiveness of
both models.

Table 1
A detailed explanation of pathways extracted from most frequent Bag-of-Patterns.
DQN Agent PPO Agent
Pathway Definition
Freq. Score/Miss Freq. Score/Miss
PW 1 Episode 1* 1 1 miss 10 2 score/3 miss  Ball bounces back from upper-
Episode 2* 2 1 miss 9 1score/4 miss  right side
Episode 1 20 18 score/1 miss 16 3 score/5 miss  Ball bounces back from down-
W2 Episode 2 26 20 score/4 miss 20 8score/3 miss  right side
PW 3 Episode 1 1 Rebound™~ 8 1score/8 miss  Ball bounces back from upper-
Episode 2 1 Rebound 4 3 miss left side
PW A Episode 1 8 3 score/4 miss 10 1score/3 miss  After restart, ball goes
Episode 2 11 1 score/4 miss 8 1score/1 miss  diagonally up
PW S Episode 1 1 Rebound 12 3 score/4 miss  After restart, ball goes
Episode 2 1 Rebound 11 2 score/5 miss  diagonally down

*Episode 1: DQN Agent (8 — 21), PPO Agent (21 — 10). Episode 2: DQN Agent (10 — 21), PPO Agent (21 — 12). Green color
indicates the agent’s score, orange color indicates the opponent's score. ~ Rebound indicates that the agent catches the ball
but does not receive any score or miss.

Table 1 shows that PW 2 is the most recurring movement pattern for both agents. While the
DQN agent scores 18 and 20 points out of total scores of 21 in PW2, the PPO agent scores 3 and 8
points for episodes 1 and 2, respectively. According to BoPs occurred in PW 2, the ball follows a
route corresponding to “cd” and “dd” regions in a state (see Figure 1 to recall regions), the agent
stays at position “c” as results of actions are “a” (noop) and “b” (fire) to win the game. Since the
actions noop and fire do not change the actual position of the agent on frame, we can group
actions noop and fire as “ab”, i.e,, ‘stay still’. Pathway 2 (Fig. 2.b) indicates that the DQN agent
anticipates the ball movement and keeps its position still to prepare for incoming shots. We call
this learned winning strategy “defensive mode”. This strategy focuses on winning the game by
maximizing rewards rather than exploring the states. From all play indexes for pathway 2, we
generated a compact representation of BoP for “winning strategy” for the DQN agent. The general
pattern for winning strategy derived from pathway 2 for the DQN model is:

PW 2 - winning strategy: [index, [cc, dd], [c], [ab], 1]



The general pattern shows the high-frequent rewarded behavior of the DQN agent. The DQN
agent has high-frequent rewarded behaviors from PW 2 and 4, and low-frequent non-rewarded
behaviors from PW 1, 3, and 5 that indicates the effectiveness of the DQN agent in PWs 2 and 4.
Since the PPO agent does not adopt a winning strategy and focuses on the exploration, it only gets
3 scores from PW 2 with low-frequent rewarded behavior compared to the DQN. Figure 2.c and
2.e justifies the exploration of the PPO agent that takes frequent up and down actions to adjust its
paddle position for incoming shots. However, the DQN agent chooses to exploit staying at a
certain position and wait rather than exploration. Therefore, BoP analysis indicates that the DQN
agent has a “repeated” behavior that leads to winning and the PPO agent has a “hesitated”
behavior that causes failure. The second most recurring movement appeared on PW 4 for the
DQN agent and PW 5 for the PPO agent. PW 4 and PW 5 appear when the game restarts after one
of the players gets a point in an episode. While the DQN agent has high-frequent rewarded
behaviors only in PWs 2 and 4, the PPO agent has a more scattered behavior in PWs. The PPO
agent gets scores from PW 1, 2, and 5. Due to stochasticity of PPO algorithms, the agent focuses
on exploration of the states and does not repeat a certain behavior often. We set the number of
total time steps as 25 million in the training phase to make comparison between both models.
While the total time steps allow a DQN agent to adopt a winning strategy, the PPO agent may
require having more time steps to learn a strategy. The PPO agents lost most of the points in PW
3, occurring when the ball bounces back from the upper-left side. The agent failed to anticipate
the movement of the ball and could not prepare for an incoming shot. We modified the default
feature extractor, natureCNN [17], in our PPO algorithm, while keeping it for the DQN algorithm.
One of the failure reasons of the PPO agent in PW 3 is that the agent could not extract the relevant
features from the observations to adjust its position to hit the ball.

5. Conclusion

The study uses Bag-of-Pattern as an XAl method to explain the behavioral differences between
the agents of DQN and PPO algorithms by capturing temporal dynamics of the agent and the
environment. The proposed method provides sequence-based explanations to highlight the
learned behaviors adopted by RL agents to achieve the goal. The multivariate BoP identified high-
and low-frequent rewarded and non-rewarded patterns and revealed the effectiveness of good
and bad performing agents. The results indicate that the DQN agent has adopted a winning
strategy and scored 18 points out of 21 in pathway 2 by following the learned high-frequent
rewarded behavior called “defensive mode”. The proposed method discovered that “defensive
mode” forces the ball to follow the same route (pathway 2), so the DQN agent stays at the same
position. We also presented a general representation of PW 2 for the DQN agent. The PPO agent
has more variation in terms of encountered pathways and actions taken. The PPO algorithm itself
has stochasticity and the agent of it focuses on exploration more rather than learning a strategy.
The agent takes frequent up and down actions indicating that hesitating to find a location for the
paddle to catch the ball. Future work includes testing the proposed approach in other RL domains
such as robotic tasks. We aim to quantify the current results and create a generalized approach
to apply BoP for explaining RL. models.
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