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Reinforcement Learning With Dual-Observation
for General Video Game Playing

Chengpeng Hu
Julian Togelius

, Ziqi Wang““, Tianye Shu

Abstract—Reinforcement learning (RL) algorithms have per-
formed well in playing challenging board and video games. More
and more studies focus on improving the generalization ability of
RL algorithms. The General Video Game AI (GVGAI) Learning
Competition aims to develop agents capable of learning to play
different game levels that were unseen during training. This article
summarizes the five years’ GVGAI Learning Competition editions.
At each edition, three new games were designed. The training and
test levels were designed separately in the first three editions. Since
2020, three test levels of each game were generated by perturbing
or combining two training levels. Then, we present a novel RL
technique with dual-observation for general video game playing,
assuming that it is more likely to observe similar local information
in different levels rather than global information. Instead of directly
inputting a single, raw pixel-based screenshot of the current game
screen, our proposed general technique takes the encoded, trans-
formed global, and local observations (LOs) of the game screen as
two simultaneous inputs, aiming at learning local information for
playing new levels. Our proposed technique is implemented with
three state-of-the-art RL algorithms and tested on the game set
of the 2020 GVGAI Learning Competition. Ablation studies show
the outstanding performance of using encoded, transformed global,
and LOs as input.
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I. INTRODUCTION

AMES have always been popular benchmarks for test-
G ing artificial intelligence methods. In recent years, video
games have been widely used due to multiple favorable charac-
teristics, such as continuous dynamics, large action/state space,
partial observability, and speed, which make them useful proxies
of real-world problems. Although reinforcement learning (RL)
has shown considerable success in learning to play the game of
Go [1], [2], and various video games [3]-[5], the trained models
were only used to play the games and levels on which they have
been trained. Therefore, researchers have more recently also
addressed the challenge of making RL generalize [6]-[8].

The word generalize in the context of general video game
playing (GVGP) has several meanings: An agent can perform
well on unseen levels after training on given levels of an identical
game; or an agent trained on some games can work well on
new games. Many studies on GVGP focus on the former aspect.
Braylan er al. [9] used transfer learning to reuse the neural mod-
ules of agents in new agents for playing new games. Similarly,
Tutum et al. [10] evolved a context module to recognize tem-
poral variations in games and autonomous driving simulations.
Techniques widely used in deep learning, such as regularization,
data augmentation, and batch normalization, have also been used
to enhance the performance of RL algorithms or to increase
their generalisation performance [11]-[13]. Justesen et al. [14]
enlarged the training set with procedural content generation
methods to improve the generality of RL agents. It was shown
that for some games, with a relatively large amount of generated
levels and training steps, the agent can work well on a variety
of levels within the same distribution [14]. Partly inspired by
this, the Procgen benchmark [15] includes 16 game-like en-
vironments with procedurally generated levels to evaluate the
generalization of RL agents.

The General Video Game Al (GVGAI) Learning Compe-
tition [16], [17], first organized in 2017, requires agents to
learn to play games without game simulators and achieve good
performance on levels that are unseen during training. These
unseen levels follow the original game rules but have a different
layout and even new elements. The submitted agents are ranked
according to their average win rate and the score they achieved
while playing the unseen levels.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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Despite the facilitation of using the GVGAI learning plat-
form, only a few papers describing research using the platform
have been published [6], [14], [18]-[21] and no significantly
well-performed agents were received in the 2017, 2018, or 2019
editions of the competition [17]. After observing the behaviors
of these entries, we assume that their poor performance can
probably be blamed on 1) the significant differences between
the training and test level maps (including the map size), even
when the game rules remain unchanged, and 2) the direct use of
game screenshots as inputs.

Motivated by verifying the above guess and developing a
better GVGALI learning agent, we investigate the following
questions in this article: 1) Can the specification of game states
be reduced for better generality? 2) Can generating more game
states as training data improve the performance of an RL agent
when playing unseen levels?

In this article, we seek to answer the above research questions
in the context of RL for GVGP. The main contributions of our
work are as follows. 1) We propose a novel RL technique that
simultaneously takes a transformed global observation (GO)
and a transformed local observation (LO) (referred to as dual-
observation from now on) as input. Moreover, we use a novel
tile-vector encoding method for rapidly encoding observations
and handling new tiles that may appear in unseen levels. 2) The
avatar is randomly placed at the beginning of each game during
training as a simple technique to increase variety in training data.

The aforementioned dual-observation, tile-vector encoding
and training with random initial positions are applied to three
state-of-the-art RL algorithms from stable-baselines3 [22]. Ab-
lation studies on the 2020 GVGAI Competition games with
dense, periodic, and sparse rewards show that dual-observation
and tile-vector encoding significantly improves the tested al-
gorithms’ performance in playing most of the unseen levels.!
Moreover, the results of five years” GVGAI Learning Competi-
tion editions, particularly the 2019-2021 editions, are reported
and summarized in this article. The methodology of designing
the 2020 and 2021 competition games are also described.

In the remainder of this article, Section II presents the GVGALI
Learning Competition and the competition results of all its
five editions. The details of our proposed RL technique with
dual-observation and tile-vector encoding, and corresponding
experimental studies are described in Section III. Section IV
compares the proposed RL technique with dual-observation
implemented with three state-of-the-art RL algorithms on GV-
GAI Learning Competition games and discusses them. Finally,
Section V concludes this article.

II. GVGAI LEARNING COMPETITION
A. GVGAI Learning Platform

The GVGAI competition [16], [17] has offered an easy-
to-use, open-sourced, common platform for researchers, and
practitioners to test and compare Al methods since 2014.
During the last few years, the framework has been expanded
into several tracks to meet the demand of different research

ICode available on GitHub: https:/github.com/SUSTechGame AI/DORL
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directions [16], [17]. The GVGAI learning platform [6] particu-
larly focuses on GVGP using RL methods. The GVGAI learning
platform not only contains more than 100 arcade-style single-
player games and dozens of two-player games, but also offers
the potential of adding an unlimited number of games and levels
thanks to the video game definition language (VGDL) [23], [24].
This functionality facilitates the enlargement of training and test
datasets by allowing for games or levels to be designed either
manually or with procedural content generation methods [25]—
[29].

B. Competition Tasks and Rules

Three different games, each with five levels, are provided
in the learning competition. For each game, two levels are
released as training levels, the other three remain unknown
to participants for testing. At every game tick, an agent re-
ceives a screenshot of the current game screen, a list of legal
actions, its game score as well as the game termination state
(PLAYER_WINS or PLAYER_LOSES ifthe gameis terminated,
otherwise NO_WINNER), and is expected to return an action to
play within a certain time. The agent is expected to be able to
play levels that were unseen during training. Readers are referred
to [16], [17] and the competition website? for more detailed
competition task and rules.

The rules of the GVGAI Learning Competition basically
follow the ones of the GVGAI Single-player Planning Com-
petition [30]. In the training phase, agent entries can make
the best use of the two given training levels of each game. In
the testing phase, all submitted entries are executed using an
identical Python script. Each entry is evaluated by its win rate and
average score over 10 independent runs on each test level of each
game, where each game has a maximum length of 2000 game
ticks unless a different maximum length is explicitly defined
in the game rules. For each level of each game, the entries are
ranked first by their average scores, and then their win rates in
the decreasing order. For entries that receive the same number of
wins and the same average score, the game length is considered
to break the tie. Finally, points are assigned to entries according
to their rankings per level per game (25 for 1st, 18 for 2nd, 15 for
3rd, 12 for 4th, 10 for 5th, O for the others). The final scores of
the individual entries are accumulated across the game levels.
The one with the most final points wins the first prize in the
competition.

C. Five Years’ Experience of the GVGAI Learning
Competition

The GVGALI Learning Competition has been organized every
year since 2017. Disappointingly, no particularly high perform-
ing agent has been received between 2017 and 2019 [16], [17].
First, in the past editions of competition, some of the test level
maps were of a different size to the training maps, resulting in
different sizes of screenshots and failure of some implementa-
tions of RL algorithms [17]. Second, the training and testing
level maps were designed separately and dissimilar. It is not

2[Online]. Available: http:/aingames.cn/gvgai/ppsncog2020
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surprizing that an RL agent plays randomly when it encounters a
game state that is very different from the one used in training. The
former reason poses technical challenges, while the latter makes
it necessary to reflect the design of general learning agents.
Therefore, the methodology for designing competition games
and levels was changed from 2020.

D. Design of Competition Game Sets in 2020 and 2021

The games used in 2020 and 2021 competition editions have
been carefully designed with the same screen size for all levels
of a given game and different goals from each other.

1) Game Sets: The variety in reward frequency is a challenge
to the generality of learning algorithms. The goal of the games
varied from resource-collection to maze navigation to survival.
This followed the tradition of designing GVGAI competition
games since 2017, where designers have aimed for diversity.
Meanwhile, each game has a unique time limit corresponding
to the task difficulty.

a) Game Set in 2020: The 2020 competition edition pro-
vided three games, namely GoldDigger, TreasureKeeper, and
WaterPuzzle, with dense, periodic, and sparse rewards, respec-
tively.

1) GoldDigger is a resource-collection game. The avatar,
thus the game character controlled by a player/agent, is
expected to avoid monsters and collect all the jewels in a
level to win the game. When a collision of the avatar with
any monster occurs, it suddenly loses the game. It is also
considered as a failure if a maximum of 2000 game ticks is
passed. Once a jewel is collected, a score will be rewarded
to the avatar. The avatar can also kill monsters to gain a
score. Hence, GoldDigger is a game with dense rewards
because of the large number of jewels and monsters in
levels.

2) TreasureKeeper is a Sokoban-like game aiming at keeping
the avatar and treasure chests away from monsters. The
game is designed with a periodic reward given every 100
game ticks. Either a collision of monster and avatar or a
monster and treasure chest will terminate the game with
failure. If the avatar and all treasure chests survive for more
than 600 game ticks, it wins.

3) WaterPuzzleis amaze game with sparse rewards. There are
only three sprites in each level: the avatar, an immobile key,
and an immobile door. The agent is rewarded for collecting
the key and for touching the door after collecting the key.
The agent wins the game only if it collects the key and
then touches the door in 1500 game ticks.

b) Game Set in 2021: Similarly, the 2021 competition
edition® provides three games, namely TrappedHero, Brave-
Keeper, and GreedyMouse, with dense, periodic, and sparse
rewards, respectively. Description of the games can be found
on the competition website.

2) Creation of Competition Level Sets: The competition level
set for each game is composed of two training levels and three
test levels. Instead of using very distinct test levels that were

3[Online]. Available: http://aingames.cn/gvgai/cog2021/
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Fig. 1. Training levels in 2020. Red circle indicates the avatar.
(a) GoldDigger-0. (b) GoldDigger-1.(c) TreasureKeeper-0. (d) TreasureKeeper-
1. (e) WaterPuzzle-0. (f) WaterPuzzle-1.

dissimilar to the ones for training as in the 2017-2019 compe-
tition editions, all the test levels in the 2020 and 2021 editions
were generated from training levels by making changing one or
several tiles or performing map combination, described later in
Section II-D2b.

a) Training Level Set: Screenshots of training levels are
illustrated in Fig. 1. The training levels for each game were
designed to have different skill-depth. GoldDigger-1 is harder
than GoldDigger-0. On the contrary, more surrounding obstacles
in TreasureKeeper-0 make it easier to protect the treasure chests
from monsters. In WaterPuzzle, the distances between sprites
affect the difficulty of levels. Consequently, WaterPuzzle levels
not only use different mazes but also differ in sprite locations.

b) Test Level Set: For each game, a human designer gen-
erated three test levels based on training levels with one of the
following operators separately.

1) Single-tile change: Level-3 is designed by changing one
single tile from Level-I. For instance, the single-tile
change occurs at the top right corner of GoldDigger-1,
where an obstacle is replaced by a jewel (see Fig. 2).

2) Multi-tile change: Level-2 is designed by changing multi-
ple tiles from Level-0. Taking GoldDigger as an example,
most of the tiles in the middle row of GoldDigger-0 are
changed to generate GoldDigger-2, a more challenging
level due to the obstacles.

3) Map combination: To validate if the knowledge of all
training levels has been transferred, we designed the final
test level of each game by combining the two training
levels. The last test level is simply a combination of the
top half of level-0 and the bottom half of Level-1. Notably,
the avatar remains unique, and its location is changed at
each level.
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/4 Level 4
Combination

Multi-tile l Single-tile

Level 0 — 2 lchange change

Fig. 2. Design of GoldDigger test levels.
TABLE I
COMPETITION RANKINGS OF THE 2019 EDITIONS

(a) Competition rankings at IEEE CEC2019.
Rank | Entry | Points | # Wins
1 mballa 174 10/180
Random 158 1/180
3 Ben 151 14/180

(b) Competition rankings at IEEE CoG2019.
Rank | Entry | Points | # Wins
1 Random 158 9/180
2 mballa 153 20/180
3 TNTBot 124 1/180
7 UjiAgent 120 0/180

For example, Fig. 2 illustrates how the test levels are generated
for GoldDigger using the above operators.

E. Competition Entries and Rankings

Competition entries and rankings of 2017 and 2018 editions
have been reported in the work of [17]. In this article, we report
the entries and rankings of the 2019-2021 editions.

1) The 2019 Competition Editions: Two editions of the GV-
GAI Learning Competition were held at the 2019 IEEE Congress
on Evolutionary Computation (IEEE CEC2019)* and the 2019
IEEE Conference on Games (IEEE CoG2019)°, which received
two and three entries, respectively.

The final results and rankings of those editions according
to the rules described in Section II-B are shown in Table 1.°
“Random” refers to a baseline agent that plays actions uniformly
at random.

4[Online]. Available: http://aingames.cn/gvgai/cec2019/

3[Online]. Available: http://aingames.cn/gvgai/cog2019/

SUnfortunately, description of the entries, including algorithms and training
methods, was not mandatory when submitting an entry to the 2019 competition
editions.

205

TABLE II
RANKINGS OF THE 2020 COMPETITION EDITION

Rank | Entry | Points | # Wins
1 Xybb 189 10/180
2 Random 149 4/180
3 Visionpack?2 129 2/180
4 Elianentity 109 0/180
5 Visionpack3 102 1/180
6 Visionpack 101 2/180

2) The 2020 Competition Edition: The 2020 GVGAI Learn-
ing Competition was held at the Sixteenth International Con-
ference on Parallel Problem Solving from Nature (PPSN-XVI)
and the 2020 IEEE Conference on Games (IEEE CoG2020).
The following five entries were received and ranked together
(cf. Table II).

e Xybb: Three DQN models were trained for 200 000
timesteps on each game separately using the two training
levels and some new levels manually generated by the
authors from the given training levels.

o FElianentity: A DQN model from stable-baselines was
trained for 2 million timesteps on GoldDigger-0 and used
in test levels of GoldDigger. Random actions were played
in the other two games.

e Visionpack: For each of the three games, a PPO2 model
from stable-baselines3 [22] was trained on level O of each
game for 1 million timesteps. While testing on different
games, the corresponding model, identified by the size of
the game screen, was used to play the test levels.

o Visionpack2: Two separate DQN models from stable-
baselines3 were trained on GoldDigger-0 and GoldDigger-
1. An image classifier was created to help select a suitable
model for GoldDigger’s test levels. Random actions were
played in the other two games.

e Visionpack3: A PPO2 model from stable-baselines3 was
trained on GoldDigger’s training levels for 2 million
timesteps using the concept of vectorized environments
and an ACER model [31] was trained on Waterpuzzle-0
only for 2 million timesteps. Treasurekeeper was played
randomly.

The detailed results on each game and the running log are
presented on the competition website. According to Table II,
Xybb performs significantly better than Random and all the other
entries, which could not even beat Random.

3) The 2021 Competition Edition: The 2021 GVGAI Learn-
ing Competition was held at the 2021 IEEE Conference on
Games (IEEE CoG2021). No entry was received in this edition.
A PPO agent with dual-observation, named Arcane, described
later in Section III, was used as a baseline agent. Its performance
in playing training and test levels of 2021 competition games is
illustrated in Table VIII. Besides Arcane, the performance of
several planning agents, assuming the availability of forward
model, are also reported for comparison. Open Loop Expec-
timax Tree Search (OLETS), the winner of the first GVGAI
Single-Player Planning Competition [30], performs the best on
the three games.
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TABLE III
FOUR GROUPS OF AGENTS CATEGORISED BY INPUT

. Input
Notwtion bl One-hot GO LO
TR N
G2 N4 v oV
G3 Vv v
DORL v v
TABLE IV

EXPERIMENTAL SETTING AND NETWORK CONFIGURATION

Hyper-parameter Value
All Total training steps 1,000,000
Discount factor 0.99
o of scaled softmax 3
Initial exploration 1
Final exploration 0.1
Replay memory size 40,000
DON Learning starts 0
Mini-batch size 32
Learning rate 0.001
Rollout length 5
A2C Learning rate 0.0007
Number of environments 8
Rollout length 2,048
PPO Learning rate 0.0003
Number of environments 8

More detailed description of parameters can be found in [22].

Despite the our best attempts at making GVGALI learning
platform easy to use, only a few papers have been published
describing research done with the platfofm [6], [14], [18]-[21].
Notably, no agents performing much better than the baselines
were received in the past competition editions [17].

Another video game-like testbed for testing and enabling gen-
eralization in RL is Obstacle Tower, which is a single game but
where levels are procedurally generated and multiple aspects of
visual input, including lighting and art style, are systematically
varied [32].

III. RL WITH DUAL-OBSERVATION

As previously reported in Section II-E, no significantly effec-
tive entry has been reported in the GVGAI Learning Competition
editions. The only well-performing ones are the baseline agents,
xybb and Arcane, in the 2020 and 2021 editions, respectively.
Those two agents are instantiations of our proposed RL agent
with dual-observation and tile-vector encoding detailed in this
section. The agents submitted to the 2017-2020 competition
editions used the raw screenshots of the whole game screen
as a single input [17]. Under the assumption that local in-
formation has a higher chance of remaining invariant across
different levels, we design a dual-observation as the input to
RL agents (“DORL” for short) that makes use of the local
information during training and test. DORL is illustrated in
Fig. 3. DORL processes the screenshot of the game screen into
two observations (cf. Section III-A), a global one and a local one,
and then encodes them with tile-vector encoding and one-hot

IEEE TRANSACTIONS ON GAMES, VOL. 15, NO. 2, JUNE 2023

matrices (cf. Section I1I-B), which are later used as inputs of the
learning model (cf. Section III-C). DORL can be implemented
with various learning algorithms. When using DQN, either
the deterministic policy or the stochastic one can be used by
DORL for determining the action to play (cf. Section III-D).
Section III-E clarifies the novelty of this work.

A. Transformed Game Observations

Different areas of the game observation are of different im-
portance. The avatar’s surrounding area usually has a more
immediate and greater impact than the distant areas on the
action selection. Therefore, DORL is proposed to transform the
received screenshot of the game screen into a GO and a local
one. The transformation procedure is described as follows and
illustrated on the left part of Fig. 3.

1) A GO is not the direct use of the screenshot of the game
screen. Instead, it is a hy x wy RGB image in which the
avatar is placed at centre (cf. Fig. 4), where hy = 2h —
hite and wy = 2w — wyie, w and h refers to the width
and height of the original screenshot, wye and hye refer
to the width and height of one single tile, respectively.
This guarantees that the original game screen is always
contained in the GO wherever the avatar moves.

2) ALOisah; x w; RGB image (h; < w, h; < h) in which
the avatar is centred (cf. Fig. 4). In our experiments, h;
and wy are set as 50, which means 5 x 5 surrounding tiles
are used.

In the context of VGDL [23], [24], the avatar can be easily lo-
cated with the tile dictionary described in the following section.

B. Tile-Vector Encoded Inputs

The GVGAI platform represents levels with tile-based
maps [23], [24]. Those tiles, either for different types of sprites
or for accessible areas, have a predefined, fixed size of 10 x
10 [17]. Hence, we convert the RGB images into tile-based
matrices as input, on which one-hot encoding can be easily
applied.

All distinct tiles appeared in the training levels have been col-
lected to build a ile dictionary, which is a set of (code, reference
vector) tuples. The code € N identifies a unique 10 x 10-pixel
tile image. For each tile, 5 pixels are selected from its 4th row
with a stride of 2, and another 5 are selected from its 5th column
with a stride of 2. For each selected 10 pixels, its averaged RGB
value is calculated as %(’UR +vg + vp), where vg, vg, and vp
refer to the red, green, and blue values of the pixel, respectively.
As a result, a reference vector composed of 10 averaged RGB
values is obtained.

Atevery game tick during training or testing, the two RGB im-
ages of transformed global and LOs are considered as % X %
and % X ¢ grids of tiles, respectively. The blank spaces added
during transformation, which are not part of the game screen,
are replaced by zeros. For both grids, we can easily calculate the
corresponding RGB-value vector for every tile inside and find
its closest reference vector in the dictionary, measured by the
Manhattan distance. Assuming that some unexpected tiles may
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TABLE V
GOLDDIGGER: AVERAGE SCORE, STANDARD DEVIATION AND NUMBER OF WINS (IN THE BRACKETS) OVER 20 INDEPENDENT TRIALS

Level-0 (167 / -20) Level-1 (98 / -20) Level-2 (167 / -20) Level-3 (98 / -20) Level-4 (196 / -30)
Avg. + Std Max/Min(Wins) Avg. £+ Std Max/Min(Wins)| Avg. £+ Std Max/Min(Wins) Avg. + Std Max/Min(Wins) Avg. + Std Max/Min(Wins)

Gl | —48+1.1 0.0/-500) —08+18 0.0/500) | —2.0&£24 00/-500) —02+1.1 00/-500) —1.5+32  4.0/-5.000)
G2 |40.64+41.3 78.0/-500) 0.0£00  0.0/0.00) | —1.54+23 00/-500) 0.0+0.0  0.0/0.00) 88.0+64.7 144.0/-5.0(0)
G3 | 228425 29.0/17.000) 4.7+1.5  6.0/-1.00) | —2.5+25  00/-5.00) 53+0.6  7.0400) —05+37  5.0/-5.00)

DORL[129.1 + 44.3 159.0/23.000) 41.3 £20.1 81.0/19.000) | —1.2+£2.2  0.0/-5.000) 27.9+1.9 31.0/23.00) 99.4+26.1 116.0/26.0(0)

Gl | =3.2+24 1.0/-5.0(0) 0.2£5.8 18.0/-5.000) | —0.2+£1.1  0.0/-5.000) 3.2£9.1 23.0/-500) 15.4£229 65.0/-5.000)
G2 |99.8447.0 136.0/-5.0(0) 23.0+13.3 41.0/1.0(0) | 84.2+£52.2 135.0/-5.000) 24.24+12.3 48.0/4.000) 97.4+56.7 146.0/-2.0(0)
G3 |111.4 £50.9 157.0/11.000) 26.8 £8.1 42.0/13.0(0) | 95.6 £62.8 158.0/10.0(0) 26.1 £12.6 58.0/7.000) 111.7 +48.3 163.0/-5.0(0)
DORL|110.8 £61.0 157.0/-5.0(0) 53.4£30.6 97.0/5.0(2) [105.8 £54.0 159.0/-5.0(0) 59.4 +33.6 97.0/-5.0(1) 92.4+73.6 189.0/-5.0(0)

Gl |48.6+49.1 147.0/-5.0(0) 23.7+£19.9 50.0/-5.0(0) | 33.04+46.8 117.0/-5.0(0) 31.1+15.2 59.0/7.0(0) 7.2+£19.1  61.0/-5.0(0)
G2 |96.5+65.2 153.0/-5.0(00) 51.4+22.4 86.0/-2.000) | 51.0+62.8 152.0/0.0(0) 42.6 +18.6 73.0/14.000) 61.6+60.0 160.0/-5.0(0)
G3 [100.7 £65.6 157.0/-5.0(0) 44.0+25.9 84.0/1.0(0) | 89.0+64.5 149.0/-5.0(0) 37.3 £27.6 75.0/-2.000) 46.9+63.9 164.0/-5.0(0)
DORL| 90.1 £67.8 152.0/-5.0(0) 57.7 +28.0 87.0/7.0(0) |95.6 £66.3 157.0/-5.0(0) 50.8 +26.8 83.0/7.0(0) 128.4+59.8 173.0/-5.0(0)

Gl | 95.04+57.2 144.0/500) 9.7+12.2 37.0/500) |54.1+58.7 1350/-500) 10.1+13.2 39.0/-5.000) 38.8+50.1 130.0/-5.0(0)
G2 [110.0 £59.3 157.0/-5.000) 45.4+25.0 88.0/1.00) [102.0+£47.2 153.0/-5.000) 54.9 & 23.9 84.0/11.000) 112.4 +68.0 179.0/-1.0(0)
108.4 £ 60.0 155.0/-5.0(0) 33.6+22.2 78.0/-1.0(0) | 84.7+£66.4 153.0/-5.0(0) 34.3 +19.9 67.0/-2.000) 77.8+70.4 172.0/-5.0(0)
DORL| 73.6 + 76.4  163.0/-5.0(5) 51.5+26.5 82.0/2.000) |58.5+71.7 162.0/-5.0(1) 50.2+27.5 79.0/1.000) 91.2+81.7 182.0/-5.0(0)

Gl | —1.6+£3.5  4.0/-5.000) 56+4.7 13.0/-400) | —1.2+3.6  7.0/-5.0(0) 2.4+51  13.0/-5.0(0) 0.1+4.2 9.0/-5.0(0)

G2 0.2+4.0 11.0/-5.0(0) 29.2+11.0 48.0/2.000) |17.7+£43.4 147.0/0.000) 27.6+£11.4 55.0/5.0(0) 3.8+9.8 37.0/-5.0(0)

G3 | 54.0+42.1 152.0/-2.0(0) 62.7 £25.4 81.0/4.000) |23.4+31.4 64.0/-5.00) 54.6+254 80.0/7.000) 102.4=+55.1 183.0/28.0(0)
DORL|149.6 + 3.6 159.0/145.0(0) 55.1 £38.6 93.0/-1.0(1) | —1.0£2.0  0.0/-5.000) 46.6+£37.2 90.0/-1.0(0) 167.7 £ 30.9 188.0/70.0(0)

Ye eral. [21]] 22.8 +19.3  64/-5(0) 1.5+£49 12/-5(0) |11.2+114 30/-5(0) 3.5+50 13/-5(0) 4.2+124  48/-5(0)

Random | 3.8+11.9 42/-5(0) 944125 35/-5(0) | 93+244 86/-5(0) 7.6+11.8 38/-5(0) 2.0+165 69/-5(0)
MCTS | 155.14+8.2 162/126(8) 67.4+12.2 90/36 (0) |120.4+36.6 161/6(1) 67.7+£11.4 88/43(0) 156.5+31.1 191/75 (1)
OLETS |164.2+0.9 166/ 162 (20) 93.1+6.2 98/75(9) |165.0+1.6 167/161 (20) 86.8 £ 11.9 98/63 (8) 192.5+3.5 196/ 184 (13)
RHEA |146.2+254 166/89 (4) 61.8+18.0 87/19(0) |124.3+51.0 167/1(3) 5794153 77/8(0) 156.5+30.3 181758 (0)

RS 155.0 £ 14.3 167/ 110 (6) 61.0 £ 19.8 84/22 (0) |142.6+30.8 166/56 (1) 64.3+£14.5 85/36(0) 167.14+22.2 193/97 (0)

Agent

The bold numbers denotes the highest average scores among four input types or planning agents.

TABLE VI
TREASUREKEEPER: AVERAGE SCORE, STANDARD DEVIATION AND NUMBER OF WINS (IN THE BRACKETS) OVER 20 INDEPENDENT TRIALS

Level-0 (35/5) Level-1 (35/5) Level-2 (35/5) Level-3 (35/5) Level-4 (35/5)
Avg. £ Std Max/Min(Wins) Avg. £ Std Max/Min(Wins)‘ Avg. £ Std Max/Min(Wins) Avg. £+ Std Max/Min(Wins) Avg. £+ Std Max/Min(Wins)

Gl [27.2£9.9 350/10.0(11) 11.5+10.0 35.0/5.0(2) [20.24+10.8 35.0/5.0(5) 6.0+2.0 10.0/5.000) 20.2£11.1 35.0/5.0(5)
G2 |26.0£11.1 35.0/10.0(12) 11.24+8.0 35.0/5.0(1) [26.0=£10.2 35.0/10.0(10) 13.5+10.4 35.0/5.02) 25.0+10.1 35.0/10.0(8)
G3 [23.54+10.1 35.0/10.0(7) 9.2+6.4 30.0/5.000) |24.0+9.3 35.0/10.06) 6.2+2.7 15.0/5.000) 22.8+11.0 35.0/5.0(8)
DORL|28.2+£9.8 35.0/10.0(13) 9.2+7.1 35.0/5.0(1) |25.24+10.9 35.0/5.09) 10.8£9.1 35.0/50(2) 23.2£12.5 35.0/5.0(10)

Gl |15.5£8.2  30.0/5.000) 9.8 £8.7 35.0/5.0(1) [16.24+10.1 35.0/5.0(3) 7.8+6.8 35.0/5.0(1) 16.5+8.8  35.0/5.0(3)
G2 [27.0+84 35.0/10.009) 12.8+8.9 350/502) |24.5+9.2 350/5006) 10.5£6.7 25.0/500) 19.8+£11.1 35.0/5.0(4)
G3 [22.54+10.9 350/5.0(7) 10.2+£9.1 35.0/50(1) [20.8+12.7 35.0/5.0(7) 7.0+4.8 25.0/5.000) 13.5+6.1  25.0/5.0(0)
DORL|24.0 +11.9 35.0/5.009) 14.5+10.2 35.0/5.03) |25.0+11.4 35.0/5.009) 10.8+8.8 350/5.0(1) 2254124 35.0/5.009)

Gl |16.0£11.7 35.0/5.0(5) 14.0+£10.6 350/50(3) |14.8+9.9 35.0/5.0(2) 9.8+7.3 35.0/5.0(1) 11.54+9.2  35.0/5.0(2)

G2 [20.0+11.3 35.0/5.0(5) 122+£7.0 25.0/500) [17.5+10.2 350/5.03) 13.2+9.4 350/502) 14.8+84 35.0/5.002)

PPO G3 [21.0£12.0 350/50(7) 11.5£9.0 35.0/50(2) |17.5£9.8 35.0/5.03) 10.5+84 350/50(1) 18.0+11.2 35.0/5.0(5)
DORL|20.0 £10.7 35.0/5.0(5) 12.2+10.3 35.0/5.03) |16.2+£11.3 35.0/5.0(3) 9.24+5.8 25.0/5.000) 11.8+8.1  35.0/5.0(1)

Gl |15.5£11.6 35.0/5.03) 9.5 £8.0 35.0/5.0(1) |15.54+10.6 35.0/5.03) 9.8+£8.9  350/50(2) 14.04+10.7 35.0/5.0(3)
G2 [20.24+11.5 35.0/50(5) 13.8£9.9 35.0/50(1) |19.5£9.1 35.0/5.0(3) 7.8+7.2 35.0/5.0(1) 17.5+11.6 35.0/5.0(4)
120+ 7.3 350/50(1) 17.8+12.3 35.0/5.0(6) |20.24+10.4 35.0/5.0(4) 7T0+£3.7 15.0/5.000)0 16.0+£9.7  35.0/5.0(2)
DORL|22.8 £11.2 35.0/5.0(6) 6.2+3.1 15.0/5.000) [22.8 £12.2 35.0/5.009) 8.8+6.9 30.0/5.000) 15.5£12.1 35.0/5.0(4)

Gl [25.2+9.3 35.0/5.0(6) 6.0+2.0 10.0/5.000) | 16.8 9.3  35.0/5.0(2) 5.8+ 1.8 10.0/5.000) 16.8+9.5  35.0/5.0(2)
G2 |23.8£10.5 35.0/5.0(8) 6.8+ 4.0 20.0/5.000) |21.8+11.4 35.0/5.0(7) 6.0+ 2.0 10.0/5.000) 19.0£11.6 35.0/5.0(6)
G3 [31.24+8.0 35.0/5.0(15) 15.24+10.8 35.0/503) [25.5+11.4 35.0/5.0(11) 14.2+9.4 35.0/50(1) 27.0£10.3 35.0/5.0(10)
DORL|26.5 £10.4 35.0/5.0(11) 6.5+2.3 10.0/5.0(0) |23.24+10.8 35.0/5.0(7) 6.0+2.5 15.0/5.000) 20.0+£9.5 35.0/5.0(4)

Yeeral [21] 7.5+51  30/50)  82+51  25/5(0) | 7.3+3.1  15/5(0) 7.3+£54  30/5(0)  6.8+3.0  15/5(0)

Random |10.0£3.5 20/5 (0) 53+ 1.1 10 /5 (0) 9.8 £6.8 3075 (0) 5.0+£0.0 5750 7.3+£4.0 20/5 (0)
MCTS 323+£6.6 35/15(17) 125+£75 20/5(0) 33.3+£4.6 35/15(16) 155+£84 35/5(1) 328+25 35/30((1)
OLETS 24.3+£95 35/10(8) 5.0+0.0 5/75(0) 248+£75 35/15(5) 5.0+0.0 575 (0) 26.0£6.6 35/10(4)
RHEA [25.0+11.1 35/10(10) 5.0£0.0 5175 (0) 27.0+£9.8 35/10(9) 5.0+£0.0 5/5(0) 25.5£9.2 35/10(9)
RS 33.3+£53 35/15(18) 11.8+104 30/5(0) |348=+1.1 35/30(19) 10.0£10.3 35/5(2) 27.0+104 35/5(12)

Agent

The bold numbers denotes the highest average scores among four input types or planning agents.



208 IEEE TRANSACTIONS ON GAMES, VOL. 15, NO. 2, JUNE 2023

TABLE VII
WATERPUZZLE: AVERAGE SCORE, STANDARD DEVIATION AND NUMBER OF WINS (IN THE BRACKETS) OVER 20 INDEPENDENT TRIALS

Level-0 (15 /0) Level-1 (15/0) Level-2 (15 /0) Level-3 (15/0) Level-4 (15 /0)
Avg. £+ Std Max/Min(Wins) Avg. + Std Max/Min(Wins)‘ Avg. £+ Std Max/Min(Wins) Avg. &+ Std Max/Min(Wins) Avg. £+ Std Max/Min(Wins)

Gl |0.04£0.0 00000 00+00  00000) |00+00 00000 00+£00 00000 00400  0.0/0.00)
G2 |0.0+£0.0 00000 00+00  00000) |00£00 00000 00+00 00000 00£00  0.0/0.00)
G3 |0.0£0.0 000.00) 00£00  00000) |00£00 00000 00+00 00000 00£00  0.0/0.00)

DORL|0.0+0.0  0.0/0.00) 5.04£0.0 50500 |004£00  00000) 00£00 00000  0.0%£0.0  0.0/0.00)

Gl [0.0£0.0 0.0/0.0(0) 20+£24 5.0/0.0(0) 0.0£0.0 0.0/0.0(0) 0.0+0.0 0.0/0.0(0) 0.0£0.0 0.0/0.0(0)
G2 |0.0£0.0 0.0/0.0(0) 0.0£0.0 0.0/0.0(0) 0.5+ 1.5 5.0/0.0(0) 0.0 £0.0 0.0/0.0(0) 0.0£0.0 0.0/0.0(0)
G3 [15.0£0.0 15.0/15.020) 4.24+1.8 5.0/0.0(0) 0.0+ 0.0 0.0/0.0(0) 0.0+ 0.0 0.0/0.0(0) 1.5+45 15.0/0.0(2)
DORL| 7.5+ 4.3 15.0/5.0(5) 5.0£0.0 5.0/5.0(0) 0.0£0.0 0.0/0.0(0) 0.0+£0.0 0.0/0.0(0) 02+1.1 5.0/0.0(0)

Gl |0.0+0.0 0.0/0.0(0) 15.0£0.0 15.0/15.020) | 1.5+2.3 5.0/0.0(0) 0.0+0.0 0.0/0.0(0) 0.0£0.0 0.0/0.0(0)
G2 |48+1.1 5.0/0.0(0) 15.0£0.0 15.0/15.020) | 8.5 £4.8 15.0/5.0(7) 0.0 £0.0 0.0/0.0(0) 45+15 5.0/0.0(0)

Agent

PPO 53 115.040.0 150/15020) 15.0+0.0 150/15020) | 0.04+0.0  00000) 0.0+00  00000) 00+00  00/0.00)
DORL|15.0 £0.0 15.0/15020) 7.5+4.3 150/50(5) | 0.0£0.0  00/0.00) 0.0+0.0  00/0.00) 00£0.0  0.0/0.00)

Gl [0.0£0.0 00/0.00) 50£00 50500 |00£00 00000 00£00 00000 0000  0.0/0.00)

ppo, G2 [15.0£0.0 150/15020) 125443 1505015 |0.0£00  00000) 00+00  00000) 00+00  00/0.00)
D G3 |15.0+£0.0 15.0/15.020) 15.0+0.0 15.0/15.020) | 0.0£0.0  0.0/0.00) 0.02£0.0  0.0/0.00) 004+0.0  0.0/0.00)
DORL|15.0 £0.0 15.0/15.0(20) 15.0£0.0 15.0/15.020) | 0.02£0.0  0.0/0.00) 0.0£0.0  00/0.00) 00£0.0  0.0/0.00)

Gl |0.04£0.0 00000 00400 00000) |00+00 00000 00£00 00000 00+00  0.0/0.00)

aoc G2 [00£00  00000)  00£00  00000) |50+00 50500 00+£00  00000) 48+11  50/000)

G3 |0.0£0.0 0.0/0.0(0) 0.0£0.0 0.0/0.0(0) 5.0£0.0 5.0/5.0(0) 0.0 £0.0 0.0/0.0(0) 5.0+0.0 5.0/5.0(0)
DORL| 0.0 0.0 0.0/0.0(0) 0.0£0.0 0.0/0.0(0) 0.0+ 0.0 0.0/0.0(0) 0.0+£0.0 0.0/0.0(0) 0.0+ 0.0 0.0/0.0(0)

Ye etal [2111.043.0  15/0(1)  0.7+1.7 5/0(0) 27433  15/0(1)  0.0£0.0 0/0(0) 13422 5/0(0)

Random |4.8+£6.2 15/0(5 1.0£34 15/0(1) |28+37 15/0(1) 0.3+1.1 5/00) 30+46 15/0(2)
MCTS |9.04+74 15/0(12) 534+60 15/0(5) |65+£53 15/0(5) 1.8436 15/0(1) 35+23  5/0(0)
OLETS [15.0+£0.0 15/15(0) 11.3+52 15/0(13) [15.04£0.0 15/15(0) 9.8-+54 15/0(10) 15.0+0.0 15/ 15 (20)
RHEA |7.04+73 15/0(9) 28446 15/0(2) |7.8+£62 15/0(8) 1.04£20 5/0(0) 35+45 15/0(2)
RS 93+£71 15/0(12) 25£25  5/0(0) 55+£59 15/0(5) 0.3+1.1 5/00) 20£25  5/0(0)

The bold numbers denotes the highest average scores among four input types or planning agents.
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Fig. 3. Illustration of RL with dual-observation.

appear in the test levels, we find the closest tile with distance C. Network Architecture
between reference vectors instead of simply finding the code
with the same reference vector. Then, the tile-based grids are
converted to two matrices of tile codes, i.e., integers. Finally,
one-hot encoding is applied. Since there are no more than 16

i ) : e hy g encoded GO and LO, respectively.
tile types in each game, the size of final matrix is 7§ X 78 x 16 For agents using pixel input, the Conv-G module is com-

for the transformed GO and ’f_(l) X ¢ x 16 for the local one. posed of three convolutional layers with (channel, kernel size,

We use a convolutional neural network (CNN). The CNN
consists of three modules, namely Conv-G, Conv-L, and FC.
The Conv-G and the Conv-L modules are used to process the
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TABLE VIII
COMPARING DORL WITH PLANNING AGENTS ON THE 2021 COMPETITION GAMES

(a) GreedyMouse

209

Level-0 (98 / -40) Level-1 (67 / -60)

Level-2 (98 / -50)

Level-3 (67 / -60) Level-4 (77 / -70)

Agent v + Std Max/Min(Wins) Ave. + Std Max/Min(Wins)|Avg. + Std Max/Min(Wins) Avg. £ Std Max/Min(Wins) Avg. + Std Max/Min(Wins)
Arcane | 6.0 + 2.6 8.0/1.0(0) 17.1+£6.0  33.009.00) |-0.6+8.9 350/-10.000) —0.8+45 16.0/-500) 4.7+12.6 40.0/-5.000)
Random| 0.8 1.8  5/0 (0) 0.04+0.0 0/0 (0) 28425 5/0(0) 0.04+0.0 0/0 (0 0.3+1.1 5/0(0)
MCTS | 2.3+ 2.5 570 (0) 0.0+ 0.0 0/0(0) 7.8+4.9 1570 (6) 0.0+ 0.0 0/0(0) 0.5+ 1.5 5170 (0)
OLETS[12.3£5.6 15/0(16) 11.0+6.2 15/0(14) [11.83+59 15/0(14) 10.0+6.9 15/0 (13) 9.5+5.0 15759
RHEA | 2.0 £ 2.5 570 (0) 0.0+ 0.0 0/0(0) 5.3+4.6 1570 (3) 0.0+ 0.0 0/0(0) 0.0+ 0.0 0/0(0)
RS [23+25 570 (0) 0.0+ 0.0 0/0(0) 6.8+4.3 1570 4) 0.0+ 0.0 0/0(0) 0.5+ 1.5 5170 (0)
(b) BraveKeeper

Avent Level-0 (100 / -40) Level-1 (90 / -30) Level-2 (100 / -40) Level-3 (90 / -30) Level-4 (90 / -30)

g Avg. + Std Max/Min(Wins) Avg. + Std Max/Min(Wins)\ Avg. + Std Max/Min(Wins) Avg. + Std Max/Min(Wins) Avg. + Std Max/Min(Wins)
Arcane 21.8 £17.2  50.0/0.04) 32.0+27.36 75.0/5.03) [12.3+9.4  350/0.0(1) 41.3+26.4 75.0/503) 46.0+£23.9 75.0/5.0(12)
Random| 7.0 £ 5.6 20/ 0 (0) 5.0+ 0.0 5/5(0) 8.5+6.9 3070 (0) 5.3+1.1 10/5(0) 33.5+16.7 55/10(7)
MCTS [49.0+4.4 55740 (20) 64.5+10.7 85/45(20) |48.5+3.6 55/45(20) 36.3+£20.1 70/15(11) 62.04+4.0 70/55 (20)
OLETS |56.5 £ 5.3 65 /45 (20) 59.8 +£9.7 80/45(20) |46.3+89 65/35(20) 49.3+8.8 65/40(20) 66.3+6.5 80/55(20)
RHEA [34.0+10.6 55/0(17) 335+17.5 55/5(10) |43.5£5.7 55/30(19) 27.5+£188 55/5(7) 56.8+12.3 75/10(18)

RS [44.54+5.9 60/3520) 2854157 55/5(9) [33.0+£14.7 45/-5(15) 2554223 65/5(6) 61.0+£7.0 75/50(18)

(c) TrappedHero
Agent Level-0 (157 0) Level-1 (157 0) Level-2 (15/0) Level-3 (15/0) Level-4 (15/0)

g Avg. £+ Std Max/Min(Wins) Avg. £ Std Max/Min(Wins)‘ Avg. £+ Std Max/Min(Wins) Avg. £+ Std Max/Min(Wins) Avg. + Std Max/Min(Wins)
Arcane [15.0 £ 0.0 15.0/15.020) 0.0+ 0.0 0.0/0.0(0) | 0.040.0 0.0/0.0(0) 0.0£0.0 0.0/0.0(0) 0.0+0.0 0.0/0.0(0)
Random| 0.8 1.8  5/0 (0) 0.040.0 0/0(0) 28425 5/0 (0) 0.0+ 0.0 0/0 (0) 0.3+1.1 5/0 (0)
MCTS | 2.3+ 2.5 570 (0) 0.0+ 0.0 0/0(0) 7.8+4.9 1570 (6) 0.0+ 0.0 0/0 (0) 0.5+1.5 570 (0)
OLETS|12.3+5.6 15/0(6) 11.0£6.2 15/0(14) [11.3+59 15/0(4) 10.0+69 15/0(13) 9.5£5.0 1575 09)
RHEA | 2.0 £ 2.5 570 (0) 0.0+ 0.0 0/0(0) 5.3+£4.6 1570 (3) 0.0£0.0 0/0 (0) 0.0+0.0 070 (0)

RS |23+25 570 (0) 0.0£0.0 0/0(0) 6.8 +4.3 1570 (4) 0.0£0.0 0/0(0) 0.5+£1.5 570 (0)

Average score and standard deviation over 20 independent runs on testing and training levels are reported, as well as the number of wins shown in the brackets. The bold numbers

denotes the highest average scores among planning agents.
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Fig. 4. Illustration of transformed game observations.

stride) of (32,8,4), (64,4,3), and (64,3,1). The Conv-L
module is composed of two convolutional layers with (channel,
kernel size, stride) of (32,6, 4), (64,4, 2). We consider agents
using one-hot input and pixel input separately.

For agents using one-hot input, the Conv-G module is com-
posed of two convolutional layers with (channel, kernel size,
stride) of (32,4, 3) and (64, 3, 2). The Conv-L module has only
one convolutional layer with (channel, kernel size, stride) of
(32,3,1).

The Conv-G module and the Conv-L module of agents using
pixel input and one-hot input are different because the dimen-
sionality of pixel input is larger than the one-hot input, so it

requires much more down-sampling for the model of agents
using pixel input.

All of those convolutional layers use ReLLU function as ac-
tivation. Both Conv-G’s and Conv-L’s outputs are reshaped to
a vector and then fully connected to a linear layer with 256
outputs. The FC module has two 512 x 64 — 64 X #actions
linear layers with ReLLU activation function and no activation
function respectively, where #actions denotes the number of
actions. For other agents with GO only in this article, the Conv-L
module is removed and the first layer of FC just uses a 256 x 64
linear layer.

D. Decision Policy

Action selection strategy is a core component of RL algo-
rithms. It directly affects the experience transitions got by agents.
When training DQN agents, we use the e-greedy strategy with
linearly decreasing e value. while testing, the following two
decision policies have been considered.

The first one uses a greedy approach, i.e., a DQN agent
takes action with the highest Q-value. It is referred to as the
deterministic policy in our paper. A greedy decision policy can
clearly show the training effect of agents. However, sometimes
it may be too strict and rigid for an agent.

To encourage exploration, we also design a stochastic policy
to make DQN agents not always select the action with the highest
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Q-value but also the “suboptimal” ones. However, the ordinary
epsilon greedy that controls exploration probability proportional
to Q-value is not suitable in our case since playing an action
shown to be insufficient during training is more likely to be an
impaired decision on test levels. Therefore, we design a “scaled
softmax’ that decreases the probability of selecting actions with
very low Q-values, described as follows. First, a probability
distribution is computed over actions .4 based on their Q-values
Q*. For any action a € A, its probability of being selected is
defined as

e = P 00)
t Yieaexp(k )’

where ¢ denotes the Q-value shifted by —(maxQ*+
min Q*)/2, and k = ¢ /(max Q* — min Q*) to avoid overflow.
o is a control parameter. Then, an action randomly selected
according to the resulting probability distribution is played. The
parameter o is introduced to control how greedy the strategy is.
The higher the o is, the higher selection probability the action
with maximum Q-value has.

E. Novelty of This Work

It is worth mentioning that the work of [21], which has some
similarities with ours, only used the raw image of either the
global or the LO as a single input. DORL not only uses both
inputs simultaneously, but also adapts the structure of the neu-
ral network to take tile-vector encoded observations as inputs.
Moreover, only A2C was considered in [21], while DORL is
a more general technique, and its instantiations using several
different state-of-the-art RL algorithms, including A2C, DQN,
and PPO, are implemented and compared in Section IV. The
work of [11] and [13] used image transformation as a data
augmentation technique during training, but their agents were
trained and tested on identical game levels thus the test levels
are also training levels. However, in our case, the test levels are
unseen during training. Moreover, our proposed technique pre-
processes the inputs with the novel tile-vector encoding method
aiming at accelerating the process of encoding observations and
handing the possible appearance of new tiles in unseen test
levels.

IV. EXPERIMENTAL STUDY

DORL is implemented using three different state-of-the-art
RL algorithms (PPO, A2C, and DQN) to validate its perfor-
mance. For the purpose of examining the benefit brought by dif-
ferent components of DORL, for each RL algorithm, four groups
of agents categorized by input format (one-hot or pixel input;
GO alone or dual-observation), as summarized in Table III, have
been considered and compared on the 2020 GVGAI Learning
Competition games (see Sections IV-B and IV-C). The PPO
agent with DORL is used as a baseline agent in the 2021 GVGAI
Learning Competition (see Section IV-D). Experimental details
are provided in Section IV-A.
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Fig.5. Average scores obtained by PPO agents on GoldDigger’s training levels
over 20 independent trials each. (a) GoldDigger-0. (b) GoldDigger-1.

A. Experimental Setting and Baseline

These four groups of agents (cf. Table III) were trained
separately with DQN, PPO, and A2C, adapted from stable-
baselines3 [22]. All DQN agents were tested with the determin-
istic policy and the stochastic policy, denoted as “DQN” and
“DQNj,” respectively.

As a baseline, the agent of Ye ef al. [21] is applied with
all its three operations, rotation, transformation, and crop, and
trained with its default parameters, network structure, and pixel
input [21]. Additionally, the performance of four planning agents
given forward models of games, including Monte Carlo Tree
Search (MCTS) [33], Open Loop Expectimax Tree Search
(OLETS) [33], Rolling Horizon Evolution (RHEA) [34], and
Random Search (RS), are also reported.

All learning agents were trained with the same procedure on
the same machine with an Intel Xeon Gold 6240 CPU and four
TITAN RTX GPUs. A learning agent is trained for 1 000 000
timesteps for each game on the two randomly alternated training
levels. Three mono-agents are trained to build a meta-agent.
When testing, the meta-agent first determines the game by its
screen size and then deploys the corresponding mono-agent. All
test experiments are repeated independently 20 times. Exper-
imental setting and network configuration are summarized in
Table IV.

B. Comparing Agents on the 2020 Competition Games

The average score over 20 independent runs, the highest
score, the lowest score, and the number of wins obtained by
each trained agent on the training levels and another 20 trials
after training on the test levels of the 2020 competition games,
GoldDigger, TreasureKeeper, and WaterPuzzle, are provided in
Tables V-VII, respectively. Wilcoxon rank-sum test has been
performed on the game scores reported in Tables V-VII, and
the results are provided in Appendix. As an illustrative example,
Fig. 5 shows the training curves of the four PPO agents with
different input types (G1, G2, G3, and DORL as indicated in
Table III).

By comparing the performance of instantiations of G1, G2,
G3, and DORL, implemented with PPO, A2C, and DQN, we
observe outstanding performance of DORL when playing all
the test levels of GoldDigger and TreasureKeeper. Highlights
are as follows.
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1) Any algorithm with dual-observation and one-hot encod-
ing (i.e., agents shown on rows or columns entitled with
“DORL”) obtains significantly higher score than or similar
score to its version using other observation or pixel-based
encoding (referred to as G1, G2, and G3) when playing
all test levels of GoldDigger and TreasureKeeper. When
playing WaterPuzzle, using dual-observation is not always
helpful.

2) DQN,-DORL and PPO agents perform significantly better
than or similar to the agent of Ye et al. [21] in terms of
game score and number of wins in all the test levels of
GoldDigger and TreasureKeeper, while this is not always
the case for WaterPuzzle (cf. Table XI in Appendix).

3) Using a stochastic policy for DQN does not always lead
to an overall better performed agent. On one hand, DQN{
obtains statistically higher or similar game score compared
to DQN with the same input observation in 7 out of 9 test
levels (i.e., 3 test levels for each game). On the other hand,
DQN agent wins TreasureKeeper more times than DQN|
with the same input observation.

More discussions on the agents’ performance on individual

games are provided as follows.

1) GoldDigger With Risky Reward: According to Table V
and the results of statistical tests provided in Appendix, all
agents with dual-observation (G2 and DORL) perform sig-
nificantly better than or similar to those using GO only (G1
and G3) in playing training levels and test levels. Among
those four types of input, DORL agents implemented with
DQN and PPO usually holds the first place. For example,
DQN agent with DORL achieves the highest score among
all five levels. The performance of A2C agents is not sta-
ble enough due to the high variance of gradients. Any agent
with DORL obtains significantly higher or similar game score
compared to its version using other observation or pixel-based
encoding.

A notable observation of DQN agents is the disparate results
of using the deterministic policy and the stochastic policy, espe-
cially in Level-2. The former obtains —1.2 and the latter obtains
105.8 as an average score. Level-2 is adapted from Level-0 by
adding a wall (cf. Fig. 2), making the avatar trap at a corner.
The stochastic policy helps the avatar to explore the space and
escape from the corner. All planning agents perform well in this
game, but the random agent plays badly.

Despite the high average scores of DORLSs in playing Gold-
Digger, they sometimes get deficient scores which can be deter-
mined by the high variance shown in Table V. PPO agent with
DORL obtains 67.8 in Level-0 and 66.3 in Level-2 as standard
deviations of scores. It may be explained by the fact that the
agents sometimes attempt to approach a monster to attack it.
However, due to the random behaviors of the monsters, the
agent could be killed before attacking. DORLSs rarely win since
collecting all the jewels is hard. On the other hand, it may be
blamed on the drawback of traditional RL algorithms [35]. RL
agents usually pay more attention to getting a higher long-term
expected reward, but sometimes ignore risks caused by some
uncertainties, e.g., agents bias more to gain score by attacking
monsters but ignore the risk of being killed due to the direct use
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of the game score as the reward. Designing a suitable reward
function for efficiently training a general agent is crucial.

2) Deceptive TreasureKeeper: As shown in Table VI, most
of the agents can obtain the maximum score (35) from Level-0 to
Level-4. According to the results of statistical tests provided in
Appendix, DQN agents with dual-observation (G2 and DORL)
obtain significantly higher or similar scores than the ones with
the GO only (G1 and G3) when playing test levels. When using
A2C as the base algorithm, the agent using tile-vector GO only,
thus G3, beats all the other agents. In particular, among all the
agents, only A2C-G3 can win Level-1 and Level-3 with the
maximum score at TreasureKeeper.

Since TreasureKeeper is a survival game, the game score
increases along with the survival time of the avatar. Some core
actions that make an avatar survive longer (e.g., pushing a box
on purpose to block monsters), do not directly lead to any
immediate reward. Random decisions can also result in such
actions. Nevertheless, the game score occasionally happens to
increase when the avatar is pushing a box. Such coincidences
easily confuse a learning agent and encourage it to push boxes
more frequently, which does not usually help guard the treasure
and earn the reward. In such a situation, even if an agent has learnt
how to avoid monsters, the treasure might still be attacked by
monsters, which leads to a failure of the game. Planning agents
can hardly win Level-1 and its variation Level-3.

3) Simple Yet Challenging WaterPuzzle: All PPO agents can
achieve acceptable average scores, especially G3 and DORL
which get average scores of 15, over 20 trials of playing training
levels (cf. Table VII). However, their performance on test levels
is disappointing. A2C and DQN agents rarely win the games. No
agent can get any score in Level-3, and a few agents, including
PPO agents with G1/G2, and A2C agents with G2/G3 can get
some points in Level-2 and Level-4. WaterPuzzle is challenging
for planning agents. Most of the planning agents, except OLETS,
rarely win the game.

The puzzle game WaterPuzzle is extremely easy for human
players but hard for RL agents due to the sparse reward. Some
agents learned how to win the game at training levels but failed
in test levels. It is probably because what agents actually learned
is the winning path in a specific map.

C. Further Discussion

Agents with dual-observation show promising results for
playing 2020 competition games. Some remarkable phenomena
are discussed as follows.

1) Dual-Observation Improves Generalization: Agents en-
hanced by dual-observation have an advantage over other agents,
especially in playing GoldDigger. Comparing their performance
in playing training levels and unseen test levels, agents with
dual-observation usually achieve superior results to others in
all three games. Although those unseen levels have different
layouts, they share the same game rules. Taking GoldDigger
as an example, an agent gains reward by approaching and
digging diamonds. Agents need to pay more attention to the
close elements, such as monsters, diamonds, and treasures. This
playing strategy remains the same in training levels and unseen
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test levels. With the help of dual-observation, knowledge gained
in playing training levels enhances the agents’ ability to play
unseen test levels.

The main benefit brought by using dual-observation is that an
agent can receive the whole global information and at the same
time collect possibly more important local information around
it. Using the GO alone treats all elements equally, while using
the LO alone is myopic and ignores the information in further
area. An agent can consider different areas with different weights
when using this dual-observation. In other words, it focuses on
the core information that may affect the gained reward since the
actions that an agent takes usually have limited effect on the
GO but are more meaningful from local view without losing the
reception of remote areas that produce possible future rewards
from global view. It can be attributed to the coordination of the
global and LOs that the agents with dual-observation usually get
better results than others at a new level. Even the layout changes
in new levels, there is still some familiar local information in the
view of the agents.

2) Tile-Vector Encoding Helps: Agents using pixel input (G1
and G2) usually perform inferior to those using tile-vector
encoded input (cf. Tables V-VII). Taking GoldDigger as an
example, PPO agent with G3 beats G1 for all levels. A2C and
DQN; meet the same situation. Using tile-vector encoding, each
RGB image is converted into 1—ho X 15 % 16 one-hot encoded
matrices using a precalculated tile dictionary, as described in
Section III-B. It reduces the state space in representation. The
compressed state space in representation helps our agents learn
better within the same training budget.

Atthe same time, we have to admit that one-hot has arestricted
scope of use. Since the three games we use here all act with
a speed of one tile per game tick, it is easy for us to convert
the image to one-hot matrix. Nevertheless, if it is not the case,
one-hot matrix may not be converted easily.

3) Deterministic ~ Versus Stochastic  Decision-Making:
Agents with the stochastic policy and the deterministic policy
perform very differently, particularly in GoldDigger and
WaterPuzzle. DQN agents with the deterministic policy play
badly in test levels, while a much higher score is obtained
with the stochastic policy for the same levels. The reason here
is that the deterministic policy traps the agent in one state,
such as moving forward to a wall, which makes no sense.
With the stochastic policy, the agent can get away from those
states. However, the stochastic policy works worse than the
deterministic one in TreasureKeeper. Possibly, the stochastic
policy makes agents move forward to the monsters mistakenly.

The deterministic policy and stochastic policy for deciding the
action to play have their advantages. The stochastic policy can
avoid the agent being trapped in one state, but if the penalty due to
mistakes is too high, the deterministic one may be a better choice.
Forexample, in GoldDigger-2, the agent with the greedy strategy
may trap in the wall if it does not choose an “attack” action due
to a relatively low Q-value. By adding some randomness during
action selection, the agent can possibly get rid of this situation.

4) Training With Random Starts: To improve the generaliza-
tion ability of learning agents, we apply a simple data addition
technique to PPO agent, denoted as PPOp. We keep the layout of
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training level maps unchanged during training, but a new initial
position is given to the avatar when launching a new episode.
Thus, the agent keeps playing the same training level maps but
with different initial positions.

According to Tables V-VII, generating more levels using this
simple technique for training a PPO agent does not lead to a
better performed agent. PPOp, obtains statistically higher game
score than PPO with the same input observation in playing two
test levels of three games and statistically lower score than PPO
with the same input observation in playing five test levels of three
games. PPO-DORL performs worse with the aforementioned
random start technique, but dual-observation still helps. When
playing test levels of GoldDigger, PPOp with dual-observation
still obtains better results than using GO only, comparing G2
with G1, and DORL with G3.

The PPOp, agents show stable performance in playing training
levels, especially for WaterPuzzle, where they can get an average
reward of 15. But those agents can not get any points in playing
test levels.

D. Arcane: PPO-DORL Playing 2021 Competition Games

PPO-DORL is used as a baseline agent in the 2021 com-
petition edition, named as Arcane and trained on the compe-
tition games, GreedyMouse, BraveKeeper, and TrappedHero,
as described in Section IV-A. As no competition submission
was received, Arcane is also compared to planning agents in
Table VIII.

Arcane achieves the higher max score in four levels of Greedy-
Mouse compared with OLETS and beats other planning agents
regarding average score in Level-0, Level-1, and Level-4. When
playing BraveKeeper, Arcane is not stable enough, although its
max scores are close to OLETS’ scores in Level-1, Level-3,
and Level-4. Arcane achieves a win rate of 100% in playing
TrappedHero-0, higher than all the planning agents. However,
it failed to earn any score in the other levels.

V. CONCLUSION

In this article, we first summarize the five years’ GVGAI
Learning Competition editions, in particular, the latest ones
in 2019, 2020, and 2021. Viewing the poor performance of
competition entries, we design a novel RL technique with dual-
observation (DORL) for GVGP.

DORL simultaneously takes the tile-vector encoded, trans-
formed GO, and LO of the game screen as input, aiming at
learning local information, which may exist in unseen games or
levels during training. As a general technique, DORL is applied
to DQN, A2C, and PPO separately and compared in playing the
games of the 2020 GVGAI Learning Competition. Two versions
of DQN-DORL with the stochastic policy and deterministic
policy for deciding actions to play during test, respectively, are
performed. DORL shows its superior performance on the game
set of the 2020 GVGAI Learning Competition, thanks to the
introduction of LO. Additionally, the training dataset is enlarged
with new levels generated by hanging the avatar’s initial position.
We observe that applying this simple data addition technique is
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TABLE IX
RESULTS OF WILCOXON RANK-SUM TEST OF AGENTS’ PERFORMANCE ON GOLDDIGGER REPORTED IN TABLE V

DON DQN,
Agent Gl @ "N DORL Gl @ T G pORL | Yeeral [21]
Gl T 0/2/1(0\0) 0/2/1 (0\0) 0/1/2 (0\0) |0/2/1 (0\0) 0/0/3 (0\0) 0/0/3 (0\0) 0/0/3 (O\1) | 0/1/2 (0\0)
bon G2 [1/2/00\0) == T A/11 (0\0) 0/2/1 (0N0) | 1/1/1(0\0) 0/1/2 (0\0) 0/1/2 (0\0) 0/1/2 (ONL) [ 1/0/2 (0\0)
G3 |1/2/0 (0\0) 1/1/1 (0\0) —— 7 0/1/2 (0\0) | 0/2/1 (0\0) 0/0/3 (0\0) 0/0/3 (0\0) 0/0/3 (O\1) | 1/1/1 (0\O)
DORL| 2/1/0 (0\0) 1/2/0 (0\0) 2/1/0 (0\0) . 2/1/0 (0\0) 0/2/1 (0\0) 0/1/2 (0\0) 0/1/2 (O\L)|2/0/1 (0\0)
Gl [1/2/0 (0\0) 1/1/1 (0\0) 1/2/0 (0\O) 0/1/2 (0\0) ——0/0/3(0\0) 0/0/3 (0\0) 0/0/3 (O\1)|1/1/1 (0\0)
pon. G2 |3/0/0 (010) 2/1/0 (010) 3/0/0 (010) 1/2/0 (0\0) | 3/0/0 (0\0) —— 7 0/3/0 (0\0) 0/2/1 (0\1) | 3/0/0 (0\0)
S G3 |3/0/0 (0\0) 2/1/0 (0\0) 3/0/0 (0\0) 2/1/0 (0\0) |3/0/0 (0\O) 0/3/0 (0\O) —— 7 0/2/1 (0\1) | 3/0/0 (0\0)
DORL| 3/0/0 (1\0) 2/1/0 (1\0) 3/0/0 (1\0) 2/1/0 (1\0) | 3/0/0 (1\0) 1/2/0 (1\0) 1/2/0 (1\0) - 3/0/0 (1\0)
Ye er al. [21]]2/1/0 (0\0) 2/0/1 (0\0) 1/1/1 (0\0) 1/0/2 (0\0) | 1/1/1 (0\O) 0/0/3 (0\O) 0/0/3 (0\0) 0/0/3 (O\L)|  ——
PPO PPO
Agent Gl G2 G3 DORL Gl G2 s pORL | Yeetal [21]
Gl ——0/1/2 (0\0) 0/2/1 (0\0) 0/0/3 (0\0) [ 1/2/0 (0\0) 0/0/3 (0\0) 0/1/2 (0\0) 0/1/2 (O\1) | 1/2/0 (0\0)
ppo G2 | 2/1/0 (0\0) —= 7 0/3/0 (0\0) 0/2/1 (0\0) | 1/2/0 (0\0) 0/1/2 (0\O) 0/3/0 (0\O) 0/3/0 (O\1) | 2/1/0 (0\0)
G3 |1/2/0 (0\0) 0/3/0 (0\0) —= 7 0/2/1 (0\0) | 2/1/0 (0\0) 0/1/2 (0\0) 0/3/0 (0\O) 0/3/0 (O\1)|2/1/0 (0\0)
DORL | 3/0/0 (0\0) 1/2/0 (0\0) 1/2/0 (0\0) - 3/0/0 (0\0) 0/3/0 (0\0) 2/1/0 (0\0O) 0/3/0 (0\1)|3/0/0 (0\0)
GI [0/2/1 (0\0) 0/2/1 (0\0) 0/1/2 (0\0) 0/0/3 (0\0) —0/0/3(0\0) 0/2/1 (0\0) 0/2/1 (O\1) | 1/2/0 (0\0)
ppo., G2 | 3/0/0 (0\0) 2/1/0 (0\0) 2/1/0 (0\0) 0/3/0 (0\0) | 3/0/0 (0\0) —— 7 27170 (0\0) 0/3/0 (0\1) | 3/0/0 (0\0)
D G3 |2/1/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) 0/1/2 (0\O) | 1/2/0 (0\O) 0/1/2 (0\O) —— 7 0/3/0 (0\1) | 3/0/0 (0\0)
DORL| 2/1/0 (1\0) 0/3/0 (1\0) 0/3/0 (1\0) 0/3/0 (1\0) | 1/2/0 (1\0) 0/3/0 (1\0) 0/3/0 (1\0) - 2/1/0 (1\0)
Ye er al. [21]] 0/2/1 (0\0) 0/1/2 (0\0) 0/1/2 (0\0) 0/0/3 (0\0) | 0/2/1 (0\0) 0/0/3 (0\O) 0/0/3 (0\O) 0/1/2 (O\1)|  ——
A2C

Agent ‘ Gl Fer) G3 DORL ‘ Ye et al. [21]

Gl - 0/1/2 (0\0)  0/1/2 (0\0)  0/1/2 (0\0) | 0/2/1 (0\0)

e G2 | 2/1/0(0\0) . 0/1/2 (0\0)  1/1/1 (0\0) | 1/2/0 (0\0)

G3 | 2/1/0 (0\0)  2/1/0 (0\0) - 0/2/1 (0\0) | 2/1/0 (0\0)

DORL | 2/1/0 (0\0)  1/1/1 (0\0)  1/2/0 (0\0) — 2/0/1 (0\0)

Ye eral 211 | 1/2/0 (0\0)  0/2/1 (0\0)

0/1/2 (0\0)  1/0/2 (0\0) |

“+/~/-” indicates the number of times that the row agent performs statistically better/similar/worse to the column agent, respectively. The number of wins of the row agent and

the column agent for three levels are shown in the brackets.

not always helpful. DORL implemented with PPO (named as
Arcane), is used as a baseline agent in the 2021 competition.

In this article, for each game, an agent is trained separately as a
base agent. A meta-agent is then composed of those trained base
agents without knowledge sharing for playing different games.
As future work, we will investigate knowledge transfer across
games.

APPENDIX

Tables IX—XI provide the results of Wilcoxon rank-sum test
performed on the game scores reported in Tables V-VII for
comparing agents’ performance in playing test levels of Gold-
Digger, TreasureKeeper, and WaterPuzzle. “+/~/-" indicates
the number of times that the row agent obtains statistically
higher/similar/lower game score compared to the column agent,
respectively. The numbers of wins of the row agent and the col-
umn agent are repeated in the brackets. Highlights are as follows.

1) Any algorithm with dual-observation and one-hot encod-

ing (i.e., agents shown on rows or columns entitled with
“DORL”) obtains significantly higher score than or similar
score to its version using other observation or pixel-based

encoding (referred to as G1, G2, and G3) when playing
all test levels of GoldDigger and TreasureKeeper. When
playing WaterPuzzle, using dual-observation is not always
helpful.

DQN,-DORL and PPO agents perform significantly better
than or similar to the agent of Ye ef al. [21] in terms of
game score and number of wins in all the test levels of
GoldDigger and TreasureKeeper, while this is not always
the case for WaterPuzzle (cf. Table XI).

Using a stochastic policy for DQN does not always lead
to an overall better performed agent. On one hand, DQN|
obtains statistically higher or similar game score compared
to DQN with the same input observation in 7 out of 9 test
levels (i.e., 3 test levels for each game). On the other hand,
DQN agent wins TreasureKeeper more times than DQN{
with the same input observation.

Generating more levels for training a PPO agent does not
lead to a better performed agent. PPOp, obtains statisti-
cally higher game score than PPO with the same input
observation in playing two test levels of three games and
statistically lower score than PPO with the same input
observation in playing five test levels of three games.

2)

3)

4)
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TABLE X
RESULTS OF WILCOXON RANK-SUM TEST OF AGENTS’ PERFORMANCE ON TREASUREKEEPER REPORTED IN TABLE VI

DQN DQN;
Gl G2 G3 DORL Gl G2 G3 DORL

- 0/2/1 (10\20) 0/3/0 (10\14) 0/3/0 (10\21) | 0/3/0 (10\7) 0/2/1 (10\10) 0/3/0 (10\7) 0/3/0 (10\19)
1/2/0 (20\10) — 1/2/0 (20\14) 0/3/0 (20\21) | 3/0/0 (20\7) 0/3/0 (20\10) 2/1/0 (20\7) 0/3/0 (20\19)
G3 |0/3/0 (14\10) 0/2/1 (14\20) — 0/3/0 (14\21) [ 1/2/0 (14\7) 0/2/1 (14\10) 1/2/0 (14\7) 0/3/0 (14\19)
DORL| 0/3/0 (21\10) 0/3/0 (21\20) 0/3/0 (21\14) — 1/2/0 (21\7) 0/3/0 (21\10) 1/2/0 (21\7) 0/3/0 (21\19)
Gl 0/3/0 (7\10) 0/0/3 (7\20) 0/2/1 (7\14) 0/2/1 (7\21) 0/2/1 (7\10) 0/3/0 (7\7) 0/2/1 (7\19)
G2 | 1/2/0 (10\10) 0/3/0 (10\20) 1/2/0 (10\14) 0/3/0 (10\21) — 1/2/0 (10\7) 0/3/0 (10\19)
G3 | 0/3/0 (7\10) 0/1/2 (7\20) 0/2/1 (7\14) 0/2/1 (7\21) | 0/3/0 (7\7) 0/2/1 (7\10) — 0/2/1 (T\19) | 2/1/0 (7\0)
DORL| 0/3/0 (19\10) 0/3/0 (19\20) 0/3/0 (19\14) 0/3/0 (19\21) | 1/2/0 (19\7) 0/3/0 (19\10) 1/2/0 (19\7) —— 2/1/0 (19\0)

Ye et al. [21]] 0/1/2 (0\10) 0/0/3 (0\20) 0/1/2 (0\14) 0/1/2 (0\21) | 0/1/2 (0\7) 0/0/3 (0\10) 0/1/2 (0\7) 0/1/2 (0\19) | —

Agent ‘ Ye et al. [21]

Gl
G2

2/1/0 (10\0)
3/0/0 (20\0)
2/1/0 (14\0)
2/1/0 (21\0)

2/1/0 (7\0)
3/0/0 (10\0)

DQN

o 1/2/2 GovD)

PPO PPOp

Agent ‘ Gl G2 G3 DORL ‘ Gl G2 G3 DORL

Ye et al. [21]

Gl - 0/3/0 (5\7) 0/2/1 (5\9) 0/3/0 (5\4) | 0/3/0 (5\8) 0/3/0 (5\8) 0/3/0 (5\6) 0/2/1 (5\13)| 1/2/0 (5\0)

ppo G2 | 0/3/0 (7\5) - 0/3/0 (7\9)  0/3/0 (7\4) | 0/3/0 (7\8) 1/2/0 (7\8) 1/2/0 (7\6) 0/3/0 (7\13) | 3/0/0 (7\0)
G3 | 1/2/0 (9\5) 0/3/0 (9\7) - 0/3/0 (9\4) | 0/3/0 (9\8) 0/3/0 (9\8) 0/3/0 (9\6) 0/3/0 (9\13) | 2/1/0 (9\0)
DORL| 0/3/0 (4\5) 0/3/0 (4\7) 0/3/0 (4\9) —— 0/3/0 (4\8)  0/3/0 (4\8) 0/3/0 (4\6) 0/3/0 (4\13) | 2/1/0 (4\0)

Gl | 0/3/0 (8\5) 0/3/0 (8\7) 0/3/0 (8\9) 0/3/0 (8\4) — 0/3/0 (8\8) 0/3/0 (8\6) 0/3/0 (8\13) | 2/1/0 (8\0)

ppon, G2 | 0/3/0 (8\5)  0/2/1 (8\T) 0/3/0 (8\9) 0/3/0 (3\4) | 0/3/0 (8\8) —— 0/3/0 (8\6) 0/3/0 (8\13) | 2/1/0 (8\0)
D G3 | 0/3/0 (6\5) 0/2/1(6\7) 0/3/0 (6\9) 0/3/0 (6\4) | 0/3/0 (6\8) 0/3/0 (6\8) - 0/3/0 (6\13) | 2/1/0 (6\0)
DORL| 1/2/0 (13\5) 0/3/0 (13\7) 0/3/0 (13\9) 0/3/0 (13\4) | 0/3/0 (13\8) 0/3/0 (13\8) 0/3/0 (13\6) - 2/1/0 (13\0)

Ye e al. [21]] 0/2/1 (0\5) 0/0/3 (0\7) 0/1/2 (0\9) 0/1/2 (0\4) | 0/1/2 (0\8) 0/1/2 (0\8) 0/1/2 (0\6) 0/1/2 (O\13) ]| —

A2C
Agent ‘ Gl i) G3 DORL ‘ Ye et al. [21]
Gl - 0/3/0 (4\13) 0/0/3 (4\22) 0/3/0 (4\11) 2/1/0 (4\0)
A2C G2 0/3/0 (13\4) — 0/2/1 (13\22) 0/3\0 (13\11) 2/1/0 (13\0)
G3 3/0/0 (22\4) 1/2/0 (22\13) - 2/1\0 (22\11) 3/0/0 (22\0)
DORL 0/3/0 (11\4) 0/3/0 (11\13) 0/1/2 (11\22) —— 2/1/0 (11\0)

Ye eral 211 | 0/1/2 (0\4) 0/1/2 (0\13) 0/0/3 (0\22) 0/1/2 (0\11) | -

“+/~/-" indicates the number of times that the row agent performs statistically better/similar/worse to the column agent, respectively. The number of
wins of the row agent and the column agent for three levels are shown in the brackets

TABLE XI
RESULTS OF WILCOXON RANK-SUM TEST OF AGENTS’ PERFORMANCE ON WATERPUZZLE REPORTED IN TABLE VII

DQN ‘ DQN,
Gl G2 G3 DORL Gl G2 G3 DORL
—— 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) | 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\2) 0/3/0 (0\0)

0/3/0 (0\O — 0/3/0 (0\0) 0/3/0 (0\0) | 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\2) 0/3/0 (0\0)

0/3/0 (0\0) 0/3/0 (0\0) — 0/3/0 (0\0) | 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\2) 0/3/0 (0\O)

0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\2) 0/3/0 (0\0)

)
)
) )
0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) — 0/3/0 (0\0) 0/3/0 (0\2) 0/3/0 (0\0)
) )
)
)
)

Ye et al. [21]

0/1/2 (O\1)
0/1/2 (0\1)
0/1/2 (0\1)
0/1/2 (0\1)

0/1/2 (0\1)
0/1/2 (0\1)

Agent ‘

Gl

G2

G3
DORL

Gl
G2

DQN

0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) | 0/3/0 (0\0) - 0/3/0 (0\2) 0/3/0 (0\0)
S G3 |0/3/0 (2\0) 0/3/0 (2\0) 0/3/0 (2\0) 0/3/0 (2\0) | 0/3/0 (2\0) 0/3/0 (2\0) - 0/3/0 (2\0) | 0/2/1 (2\1)
DORL| 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) | 0/3/0 (0\0O) 0/3/0 (0\0) 0/3/0 (0\2) - 0/2/1 (0\1)

Ye er al. [21]) 2/1/0 (1\0) 2/1/0 (1\0) 2/1/0 (1\0) 2/1/0 (1\0) |2/1/0 (1\0) 2/1/0 (1\0) 1/2/0 (1\2) 1/2/0 (1\0)| ——

DQN

PPO PPO

Agent ‘ Gl G2 3 DORL ‘ Gl a2 " G porL | Yeeral [21]
Gl = 0/1/2 (0\7) 1/2/0 (0\0) 1/2/0 (0\0) | 1/2/0 (0\0) 1/2/0 (0\0) 1/2/0 (0\O) 1/2/0 (0\O) |0/2/1 (O\1)

ppo G2 [2/1/0(M0) == " 2/1/0 (1\0) 2/1/0 (1\0) | 2/1/0 (71\0) 2/1/0 (7\0) 2/1/0 (1\0) 2/1/0 (7\0) |2/1/0 (7\1)
G3 [0/2/1(0\0) 0/1/2 (0\T)  ——  0/3/0 (0\0) | 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) | 0/1/2 (O\1)
DORL| 0/2/1 (0\0) 0/1/2 (\7) 0/3/0 (0\0)  —— | 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\O) | 0/1/2 (0\1)

Gl [0/2/1(0\0) 0/1/2 (0\7) 0/3/0 (0\0) 0/3/0 (0\0)|  ——  0/3/0 (0\0) 0/3/0 (0\0) 0/3/0 (0\0)|0/1/2 (O\1)

ppo. G2 |0/2/1(0\0) 0/1/2 (0\7) 0/3/0 (0\0) 0/3/0 (0\0) | 0/3/0 (0\0)  —— — 0/3/0(0\0) 0/3/0 (0\0) | 0/1/2 (O\1)
D G3 [0/2/1 (0\0) 0/1/2 (0\7) 0/3/0 (0\0) 0/3/0 (0\O) | 0/3/0 (0\0) 0/3/0 (0\0)  ——  0/3/0 (0\0) | 0/1/2 (O\1)
DORL| 0/2/1 (0\0) 0/1/2 (O\7) 0/3/0 (0\0) 0/3/0 (0\O) | 0/3/0 (0\O) 0/3/0 (0\O) 0/3/0 (0\O)  —— | 0/1/2 (0\1)

)

Ye er al. [21]] 1/2/0 (1\0) 0/1/2 (1\7) 2/1/0 (1\0) 2/1/0 (1\0) | 2/1/0 (1\0) 2/1/0 (1\0) 2/1/0 (1\0) 2/1/0 (1\0) |  ——

Agent ‘ Gl 2 A2C G3 DORL ‘ Ye et al. [21]

Gl - 0/1/2 (0\0) 0/1/2 (0\0) 0/3/0 (0\0) 0/1/2 (0\1)

A2C G2 2/1/0 (0\0) —_ 0/3/0 (0\0) 2/1/0 (0\0) 2/1/0 (0\1)
G3 2/1/0 (0\0) 0/3/0 (0\0) 2/1/0 (0\0) 2/1/0 (0\1)

DORL 0/1/2 (0\1)

0/3/0 §0\0) 0/1/2 (0\0) 0/1/;7(0\0) -
Yeeral [211 | 2/1/0 (1\0)  0/1/2 (1\0)  0/1/2 (1\0)  2/1/0 (1\0) | —

“+/~/-" indicates the number of times that the row agent performs statistically better/similar/worse to the column agent, respectively. The number of
wins of the row agent and the column agent for three levels are shown in the brackets.
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