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ABSTRACT

Machine Learning (ML) is a useful tool for modern game designers but often requires a technical
background to understand. This gap of knowledge can intimidate less technical game designers from
employing ML techniques to evaluate designs or incorporate ML into game mechanics. Our research
aims to bridge this gap by exploring interactive visualizations as a way to introduce ML principles to
game designers. We have developed QUBE, an interactive level designer that shifts ML education into
the context of game design. We present QUBE’s interactive visualization techniques and evaluation
through two expert panels (n=4, n=6) with game design, ML, and user experience experts.
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£°E QUBE - Game Designer Al Tool INTRODUCTION

0 - Machine Learning (ML) can be an extremely useful tool to game designers and allows them to accom-

plish a variety of techniques such as adaptive gameplay and the dynamic generation of levels. However,
game designers might be intimidated by ML since its explanation relies heavily on mathematical

[ =
=1

= i knowledge; area game designers may not be familiar with. Because of this gap of tools and knowledge,
- game designers may miss new design opportunities afforded by ML.
]

We aim to bridge this gap by exploring the approach of interactive visualization. In particular, we
created an interactive visualizer that introduces game designers to ML by leveraging the familiar
act of level design. Our research employs a user-centered design approach to iteratively build this
visualizer and evaluate its effectiveness. We have built QUBE (Fig. 1), which introduces game designers
to reinforcement learning, a subset of ML. QUBE is primarily a ML educational tool. Its interface allows
users to edit the factors of a Q-Learning algorithm, a value-based reinforcement learning algorithm,
powering an agent moving through a level with enemies.

Interactive visualizers for ML focus primarily on fostering collaboration with ML or helping users
ARTANTINTINSANTANTAN AN T analyze ML results [4, 12, 14]. ML interactive visualizers, such as Google’s TensorFlow Playground [1],
5 RAAA PathFinding.js [15], and GAN Lab [5] succeed in creating engaging visualizations. However, these
visualizers often do not explain the underlying processes powering the visuals or still rely on heavy
ML jargon making the visualizers not accessible to game designers with limited computer science
backgrounds. Additionally, the on-boarding necessary to educate users on how to operate these tools
exists as text-based tutorials displayed under the tool. With QUBE, we evaluate this tutorial method
initially and explore alternative techniques for ML education for game designers.

By shifting ML education into the context of something familiar to game designers (e.g., level
design) we aim to demystify ML. We have reviewed and edited QUBE’s design through two expert
panels (n=4, n=6) with a range of ML, game design, and user experience (UX) experts. In this paper,
we present QUBE’s design, our expert panel results, and our next steps to evaluate QUBE further. We
also present our proposed techniques for interactive visualizations for ML education and the success
of these techniques with our experts.

Figure 1: Screen shot of the original
prototype of QUBE and its maze view
of the level. Visit at latest version at
http://jiachixie.com/Qube/qube.html

RELATED WORK

Figure 2: Screen shot of the QUBE tool and ) ) ) o o
its Q-Tabe view of the level ML is a valuable tool for game design through various applications [2, 7-9, 11, 13, 17]. For a majority

of ML interactive visualizers, foundational knowledge of ML is required to understand how the ML
processes work and to use the tools. Educational tools such as Google’s TensorFlow Playground [1]
and Pathfinding.js [15] visualize neural networks and pathfinding algorithms respectively, but do
not explain the principles of the processes. These tools use techniques such as removing the need
to code, focusing on a specific domain, and limiting user input to make ML more approachable [16].
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Huh... What’s this for?

This is a front-end based interactive visualization tool. The goal is to facilitate game designers
design with machine learning. Designers can build a quick intuition about Reinforcement Q
Learning and use the result in the creation of game levels.

What is Reinforcement Q Learning?

Reinforcement learning is learning what to do, given a situation and a set of possible actions to
choose from, in order to maximize a reward. The learner, which we will call agent, is not told
what to do - it must discover this by itself through interacting with the environment. To better
understand what reinforcement Q-Learning is, let's see an example:

Let’s put a robot in a maze

Say you are playing a game where a robot ¢ g\, is seeking the final goal of a flag ;- atthe
end of the maze. Meanwhile, the robot needs to avoid locations of ghosts “~* , if it lands in

the same position, you die.

Figure 3: Screen shot of the QUBE tool’s
original tutorial

What is Machine Learning?

Machine Learning (ML) is a category of algorthims that
allow computers to make predictions. For example, ML
can predict the types of flowers in a photo.

? That's
I\ a1
- Setosa!

d°2p’
)

Example: An Agent Completing a Level

Then, we letour agent goor it! a
route with the most points and the least moves.

Figure 4: Samples slides for QUBE’s new
tutorial after EP1 results.
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GAN Lab’s [5] interactive visualization techniques, such as their step-by-step view, breaks down the
Generative Adversarial Network (GAN) process in an attempt to improve comprehension. However,
GAN Lab’s user interface includes heavy ML jargon. For GAN Lab and TensorFlow users must learn
these ML terms through a text-based tutorial displayed under the tool. For a game designer who
may not even know what “epoch” refers to, this method of on-boarding may be overwhelming. With
QUBE, we explore additional techniques to better educate ML terms and processes.

To our knowledge, little research exists on how to educate game designers on ML principles. Yang
et. al. [16] interviewed general non-experts on how they utilized ML interactive visualizers and
presented several pitfalls these users are susceptible too. Zhu et. al. [18] propose a new area of
research, eXplainable Al for Designers, which focuses on creating explainable Al techniques specifically
for game designers (e.g., highlighting transparent and collaborative techniques). We hypothesize that
an interactive visualizer could also be an engaging tool for game designers to learn ML. However,
current ML interactive visualizers still remain too complex for easy comprehension. Outside of game
design, interactive visualizers have been found to provide support in learning activities in online
learning managers [6] and in computer science education [10]. QUBE builds upon the successes of
previous interactive visualizers as we analyze the needs of a new user group; game designers.

QUBE’S DESIGN

Our first design of QUBE sought to build on previous ML interactive visualizer techniques and
evaluate their effectiveness with game designers. QUBE is a web-based tool designed to shift the
context of learning ML to a game design setting to promote active learning. Active learning techniques
are commonly characterized as interactive, simple to understand, quick to complete, creative, and
relevant [3, 10]. When designing QUBE, we developed techniques that meet these characteristics but
specifically for the game design audience. For example, our ML educational content was structured
to not overwhelm game designers and focuses on Q-Learning to keep the educational content short.
QUBE was also designed to be an interactive basic level designer to keep ML education simple, creative,
and relevant to game designers.

The goal of QUBE is to facilitate the comprehension of Q-Learning and the factors that augment
the results of the algorithm. To evaluate the on-boarding approach seen in previous ML interactive
visualizers [1, 5] a majority of our educational content is under the level designer (Fig. 3). Ideally, a
user would first read through the educational content and then interact with the level designer. In
the level designer, users are given a 10x10 grid where they can design Pac-Man style levels with a
Q-Learning-powered agent cycling through the level and calculating the best path through it. Users
can alter this path by drawing walls to build mazes, adding ghosts as enemies, and changing the start
and end-goal of the agent. Users can see how the agent processes the level through two visualization
techniques; the maze visualization (Fig. 1) and Q-Table visualization (close up in Fig. 2). After the
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user designs a level she can click “play” (seen above the level). Both visualizations show the agent
cycling through the level, encountering ghosts and “dying,” and finding the goal and being “rewarded”.
However, the Q-Table visualization attempts to make the Q-Learning process transparent and overlays
the algorithm’s Q-Table over the level to show the agent’s assessment on which paths to take. For
both visualizations, once the agent is finished its assessment, the optimal path calculated is displayed
over the level (as seen in Fig. 2) for the user to view.

Expert Panel | (EP1) Participants In the left sidebar (Fig. 1), users can edit the agent’s Q-Learning factors to help illustrate that the
EP1-1 | Computer science faculty and game designer algorithm can be customized to yield different results and paths. Tooltips are present and define
EP1-2 | UX researcher each factor. We felt that this connection to the educational content was missing from previous ML
EP1-3 | Game designer interactive visualizers and would allow users to find definitions of ML terms without searching tutorial

EP1-4 | Game designer and digital media PhD Student
Expert Panel Il (EP2) Participants
EP2-1 | Game designer and digital media PhD Student

EP2-2 | Game ML researcher EXPERT PANEL |

EP2-3 | Computer scientist and game developer . . -
EP2-4 | UI/UX designer In the Expert Panel | (EP1), we recruited four experts in separate hour-long usability tests of QUBE from

EP2-5 | Data scientist with ML expertise academia and industry. We recruited both game and UX experts. We first gave a brief introduction to

EP2-6 | UX researcher QUBE and then allowed our expert to explore QUBE while using the think aloud protocol. After, we

Table 1: Experts recruited and their exper- interviewed each expert focusing on QUBE’s educational effect and usability.

tise for Expert Panel | & II. Experts were Results — We refer to our experts in this analysis as EP1-#, where EP1 is the expert panel number

NOT re-recruited for EP2. and ‘#’ is the number of the participant. The panel’s expertise can be seen in Table 1. All experts
believed both visualizations of the agent’s process would effectively help designers understand Q-
Learning. However, although a general mental model of Q-Learning could accurately be formed,

content. Finally, the snapshot feature takes a snapshot of the level design and allows users to reflect
on previous levels and compare; a valuable feature to observe the effect of the factors.

Goalreward: 1 ¥ (@) experts (EP1-2, EP1-3) were still unclear on the impact of some factors. We observed this confusion
Your level gives a low amount of was caused by the dense educational content under the tool and its disconnect from our level designer.
D ror ;Z‘fﬂgi,:l:ffﬁ:zl,::ﬂ:hbes, Implemented Improvements — To address our findings, we reorganized the educational content
path slowly. for QUBE. We decided to break up the educational content into tutorial slides and re-hauled the text to
Goalreward: [0 | (3 present each factor independently (Fig. 4). We also designed a new technique we call mad lib explainers,
Your level gives o extreme amount of Fig. 5, which embeds adaptive educational content next to each factor. The mad lib explainers are
points for ;z‘:‘r'i';ir"':fﬁz:'r::‘gz"m text shown under each factor in QUBE’s sidebar with certain words that swap to correspond with the
palh very fast. selected value to illustrate its impact. We believe this technique illustrates how the factors impact the
agent without running the simulation over again. We hypothesize this technique can help lessen the

Figure 5: Example of the mad lib explainer cognitive load of remembering what factors were changed and yielded different outcomes.

implemented after EP1 results for the Goal

Reward factor with a value of 1 and 100 EXPERT PANEL 11

respectively. After implementing improvements, we conducted a second expert panel. Our Expert Panel Il (EP2)

sessions were structured the same as EP1.
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Results — In EP2, we recruited six experts to review QUBE (Table 1). We found again the visual-
izations of the agent cycling through the level informed a correct general mental model of how the
Q-Learning algorithm worked for all our experts. EP2-1, EP2-2, EP2-3, and EP2-6 believed that our mad
lib explainers were successful in illustrating the impact of changing each factor’s value. Additionally,
we found that while our educational content was improved through the new tutorial slide format, it
still was not engaging enough for our less technically-savvy experts (EP2-2, EP2-4, EP2-6). Too much
time elapsed between the presentation of the Q-Learning factors and the ability to manipulate them,
causing the experts to forget the factors’ impact. This caused our experts to avoid manipulating the
more complex factors (e.g., Discount Factor). However, our more technically-savvy experts desired
more technical details (EP2-2, EP2-3, EP2-5). These results highlight a discrepancy in our experts’
opinions as some call for more technical explanations while others less.

DISCUSSION & CONCLUSION

QUBE’s primary focus, to educate game designers on ML principles through Q-Learning, can still
be strengthened. We found that the common approach of placing educational content under the
interactive visualizer was not found effective by our experts. EP2 revealed that while our mad lib
explainers were successful in better connecting educational content to our interactive visualizations,
the tutorial slides were still too dense or not engaging for our less technically-savvy experts. Since
these experts are the closest to our intended users of QUBE, this poses as our biggest challenge. Based
on our results, we propose that the tutorial slides allows users to actually manipulate the factors
through our mad lib explainers. We speculate that by changing the slides to allow factor customization,
users will be able to observe the effects of each factor in the slide. This also introduces our mad lib
explainers earlier in our users’ experience with QUBE. This hopefully addresses the issue of experts
forgetting factors due to the time elapsed between the tutorial slides and visualizer since the mad lib
explainers can serve as an interactive visual connecting the two segments of QUBE.

Our next steps are to incorporate these changes and evaluate QUBE in a user study with game
design students. Our goal is to create an interactive visualization tool to demystify ML for game
designers by introducing them to reinforcement learning, specifically Q-Learning. With our current
tool, QUBE, we have conducted two expert panels to evaluate its design and educational effect. We
found in addition to general usability improvements, a standard tutorial approach was not engaging
enough to teach non-technically savvy experts the factors impacting the Q-Learning algorithm. We
did, however, receive feedback that QUBE’s visualization methods do make how Q-Learning works in
general transparent to our experts. We believe while our level design tool approach is not generalizable
to all ML educational topics, our proposed mad lib explainers are domain independent. We will
continue improving QUBE through revisions and future studies.
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