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Abstract
Training image classificationmodels requires large labelled datasets,
which is particularly challenging in specialised domains where man-
ual expert annotation remains the default, such as eye tracking. To
address this challenge, we present Train the Spire, a single-player
game with a purpose (GWAP) that embeds image annotation within
turn-based card game mechanics for crowdsourcing data annota-
tions. The system uses a few-shot deep learning classifier to validate
player-generated labels, providing immediate feedback through
rewards and penalties. The game incorporates elements, such as
progression systems, a companion agent for system transparency,
and balanced difficulty, to maintain player engagement while en-
suring annotation accuracy. In this paper, we present the system
design, implementation details, and evaluation study design for
comparing Train the Spire against a baseline annotation tool us-
ing the VISUS mobile eye-tracking dataset in an online user study
measuring effectiveness, usability, and enjoyment.

CCS Concepts
• Human-centered computing → Computer supported coop-
erative work; • Information systems → Information retrieval;
Collaborative and social computing systems and tools; • Comput-
ing methodologies→ Supervised learning by classification; Neural
networks.
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1 Introduction
Training image classification models still relies on human-labelled
data, which is expensive and time-consuming to obtain [Amin et al.
2023; Li et al. 2024]. AlthoughMachine Learning (ML) methods such
as active learning can improve efficiency by prioritising informative
samples [Amin et al. 2023; Kurzhals 2021; Li et al. 2024], they do not
remove the need for human annotation [Barz et al. 2025]. Crowd-
sourcing offers a scalable alternative by distributing tasks across
many non-expert contributors and validating labels through mech-
anisms such as majority voting [Hammon and Hippner 2012]. This
approach has supported large datasets, e.g., ImageNet [Deng et al.
2009] and MS COCO [Lin et al. 2014], but maintaining engagement
during repetitive annotation remains difficult.

Game With a Purpose (GWAP)s address this challenge by em-
bedding useful computation in enjoyable gameplay [Von Ahn and
Dabbish 2008]. They can support intrinsic and extrinsic motivation
through progression systems [Hallifax et al. 2023], scarcity [Hamari
2015], and unpredictable rewards [Hinterreiter et al. 2024]. Early
GWAPs, e.g., ESP-Game showed that they can generate many labels
[von Ahn and Dabbish 2004]. Recently, GWAPs have integrated
ML into gameplay, e.g., through active learning and multiplayer
validation [Barrington et al. 2012] or single-player annotation with
real-time classifier feedback [Jesus et al. 2008]. However, existing
ML-based GWAPs often require large initial datasets, depend on
multiplayer synchronisation, or lack comparison with conventional
annotation tools.

https://orcid.org/0009-0008-8974-1177
https://orcid.org/0000-0002-4984-6686
https://orcid.org/0009-0000-5171-7712
https://orcid.org/0000-0001-5117-6928
https://orcid.org/0000-0001-6730-2466
https://orcid.org/0000-0002-8857-8709
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3797246.3805861
https://doi.org/10.1145/3797246.3805861
https://doi.org/10.1145/3797246.3805861


ETRA ’26, June 01–04, 2026, Marrakesh, Morocco Nanninga et al.

Fight View
Once a encounter has started the Fight View is 
shown. The fight starts with the players turn. 
After the players turn is over the monsters do 
their respective actions, following their intend.
Followed by the next turn for the player.

Hero
Depiction of the 
hero and their 
status.

Draw Pile
Cards are drawn from this card pile.
Displays the number of cards 
remaining in the draw pile.
If a card is drawn, when the pile is 
empty cards are reshuffled from the 
discard pile, if available.

Monster Encounter
Shows the Monsters the player is 
facing with details about their 
status and intend.
A more detailed description is 
shown on the next pages.

Hand
The hand holds all the cards the 
player currently has available to 
play. Cards can be hovered for a 
detailed explanation on their effect.
Cards can be dragged in order to 
play them.

End Turn 
Button
The end turn button 
ends the players turn 
and initiates the 
monster’s turn.

Discard Pile
Cards are 
discarded into this 
pile after being 
played and at the 
end of the players 
turn.

Image Class Tray
Tray holds all the image 
classes, available to the 
player.
A more detailed description 
is shown on the next pages.

Entity
The entity functions as a 
representation of the machine 
learning model. It comments 
on classifications the player 
makes and card upgrades. 

Figure 1: A detailed visualisation of the battle view in Train the Spire.

We present Train the Spire, a single-player turn-based card game
that integrates image annotation into its core mechanics. The sys-
tem uses a few-shot image classification model trained on six sam-
ples per class to verify player-generated labels for eye-tracking data.
Its design combines gamification techniques with principles from
Self-Determination Theory (SDT) [Vallerand 2000] to address key
limitations of prior GWAPs. Train the Spire highlights a practical
approach to scalable annotation for specialised domains such as
eye tracking.

2 Game Design & Implementation
We derived five requirements from the literature to guide the design
and implementation of our game:

(1) Ensure Data Quality: The game must produce accurate
annotations and deter cheating, which can severely reduce
computation quality [Von Ahn and Dabbish 2008]. This can
be supported by rules that promote correct outputs, e.g.,
behaviour monitoring and accuracy-based rewards.

(2) Address the Cold Start Problem:Multiplayer GWAPs face
cold start problems when too few players are available for
pairing [Šimko et al. 2013]. Recorded gameplay can simulate
partners, but still requires many initial recordings [Šimko
et al. 2013]. Single-player games that use ML to verify anno-
tations reduce reliance on other players [Jesus et al. 2008],
but still require an initial labelled dataset. Few-shot learning
can reduce this requirement while maintaining sufficient
accuracy for predictable winning conditions and reduced
frustration [Von Ahn and Dabbish 2008].

(3) Provide a Robust ML Model: Rewarding agreement with
model predictions may encourage players to imitate the
model rather than give honest labels, which can undermine
autonomous engagement according to SDT [Vallerand 2000].
The model must therefore improve through iterative retrain-
ing on player-generated labels. The initial validation dataset
monitors accuracy, prevents deployment of compromised
models, and preserves annotation integrity.

(4) Ensure Enjoyable Gameplay: The game should balance
difficulty with player skill to support flow [Nakamura and
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Csikszentmihalyi 2009] and sustain engagement through
progressive challenge. Gamification elements such as pro-
gression systems, scarcity, and unpredictable rewards can
strengthen extrinsic motivation. Time pressure should re-
main limited to protect annotation quality. A companion
agent may further increase engagement by making the ML
model more relatable [McQuiggan and Lester 2007].

(5) Ensure Low Implementation Effort and High Acces-
sibility: Development effort should be low, and the game
should be accessible without external software, complex
installation, registration, or login. Mechanics and controls
should be intuitive and need little tutorial explanation.

2.1 Train the Spire
Train the Spire is a turn-based single-player digital card game in-
spired by Slay the Spire1. Its single-player design addresses the cold
start problem (Requirement 2), while its round-based structure pro-
vides repeated opportunities for label generation. It also includes
rogue-like elements2, i.e., players lose all progress upon death. Com-
bined with randomised challenges and rewards, this supports high
replayability with low implementation effort (Requirements 4 and
5). However, difficulty must be balanced carefully, as failure forces
players to restart from the beginning. Figure 1 shows the main
elements of Train the Spire.

Players ascend the spire by fighting increasingly powerful mon-
sters in turn-based combat. This gradual increase in difficultymatches
improving player skill, consistent with flow theory [Nakamura and
Csikszentmihalyi 2009] (Requirement 4). Players also build and
optimise their deck using cards with effects, e.g., dealing damage
or applying status effects. These effects are strengthened through
a labelling mechanic in which each card shows an image to clas-
sify, as shown in Figure 2. Class labels appear in a tray beside the
playing field, and players classify images by dragging labels onto
cards. When matched, both are consumed. The tray cycles over
time, with labels removed from the bottom and new ones added
at the top as cards are played. Cards gain experience from correct
classifications and level up to strengthen their effects, which can
increase player motivation [Segundo Díaz et al. 2022] (Requirement
4). The experience required increases with each level. Incorrect
classifications reduce card experience, discouraging careless anno-
tations and supporting data quality (Requirement 1). Players may
skip images when no suitable label is available, refreshing the image
without consuming labels and reducing guessing. Once the tray is
full, however, they must annotate before playing more cards.

2.2 Machine Learning for Label Verification
A few-shot MLmodel validates player-generated labels by checking
prediction confidence (Requirement 2). As the sole label verifier, it
must be accurate enough to motivate players and prevent exploita-
tion (Requirement 3). We implemented few-shot learning using
Matching Networks [Vinyals et al. 2017], which perform well with
small training sets through attention and memory mechanisms,
enabling rapid concept acquisition and strong generalisation. This

1https://www.megacrit.com/ (Accessed January 20, 2026)
2For definition: https://www.roguebasin.com/index.php/Berlin_Interpretation (Ac-
cessed January 20, 2026)

reduces initial dataset requirements while maintaining competitive
classification performance.

Train the Spire was developed as a dataset-independent annota-
tion game, i.e., its mechanics and interface support straightforward
substitution of datasets without changing the core architecture.
In our implementation, we used the VISUS mobile eye-tracking
dataset [Kurzhals et al. 2014]. The training and validation sets each
contained 66 images (6 per class across 11 classes), while the la-
belling set comprised 11,989 images from which player annotations
were drawn. The model remained static during the study to ensure
consistency across players, though future versions may iteratively
retrain on player-generated labels to guide annotation behaviour
and further reduce initial training data requirements. The model is
also represented as a companion agent (Requirement 4), narrating
gameplay and providing encouragement [McQuiggan and Lester
2007]. It congratulates players on correct annotations, announces
level changes, and expresses uncertainty by questioning its own
suggestions when players select incorrect labels, thereby improv-
ing system transparency [Sartor and Lagioia 2020]. The model also
populates the labelling tray by offering contextually appropriate
class labels for datasets with many classes.

3 Planned Evaluation
We evaluate Train the Spire against a simple web-based baseline
annotation tool in an unmoderated online user study to address the
following research questions:
RQ1 How effective is our single-player GWAP Train the Spire

in generating image annotations compared to a traditional
annotation tool for mobile eye-tracking data?

RQ2 How does Train the Spire affect usability and user enjoyment
compared to the baseline tool?

RQ3 How does post-hoc retraining the few-shot classification
model on labels collected through Train the Spire affect clas-
sification performance?3

3.1 Study Procedure
After accepting the data usage agreement, participants complete an
initial questionnaire on demographics and gaming experience. They
then enter an open-play phase in which they can use either tool
freely. Usage logs record time spent, annotation rate, and accuracy
for both systems. After using at least one tool, participants complete
a second questionnaire and enter a prize raffle. The evaluation ques-
tionnaire includes System Usability Scale (SUS) [Brooke 1996] for
both tools, the full Player Experience Inventory (PXI) [Abeele et al.
2020] for the game, and three enjoyment items adapted from the PXI
for both tools. Open-ended questions collect qualitative feedback.
Participants may revisit both tools and revise their questionnaire
responses multiple times.

4 Conclusion
We introduced Train the Spire, a single-player GWAP that generates
image labels verified by a few-shot ML model. By using a classifier
trained on only six examples per class, the game addresses key
challenges in prior GWAPs, especially the cold start problem and
3RQ3 is addressed after study completion because the model remains static during the
user study to ensure consistent conditions across participants.

https://www.megacrit.com/
https://www.roguebasin.com/index.php/Berlin_Interpretation
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Database 
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Figure 2: Visualisation of label-related information flow in Train the Spire. The backend provides image-prediction pairs.
Players match model-suggested labels to cards via drag-and-drop. Model predictions are then used to verify the generated
labels, and players are rewarded or punished based on label accuracy.

the need for large initial training datasets. Its dataset-independent
architecture also supports straightforward substitution of image
classification datasets without changing the core mechanics. Train
the Spire shows how game mechanics and ML-based verification
can be combined to create an engaging annotation interface. Guided
by five design requirements from the literature, the system balances
data quality, usability, and enjoyment while keeping implementa-
tion effort low. Its implementation on the VISUSmobile eye-tracking
dataset [Kurzhals et al. 2014] illustrates its relevance to specialised
domains where expert labelling is costly and time-consuming. At
the same time, systems such as Train the Spire may raise privacy
concerns or influence annotation behaviour when applied to sensi-
tive data or higher-stakes settings. Although these risks are limited
in our present study context, future deployments should consider
appropriate consent, secure data handling, and potential misuse.
Overall, Train the Spire provides a practical approach to scalable
crowdsourced annotation and a basis for studying how game me-
chanics can improve engagement and throughput in human-in-the-
loop annotation systems.
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