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ABSTRACT

Psychomotor skill learning remains underexplored in educa-
tional data mining, which has historically focused on cog-
nitive tasks. Understanding how learners progress toward
mastery over time, rather than simply measuring final out-
comes, is essential for designing adaptive instructional sys-
tems. In this work, we analyze trial-by-trial learning pro-
gressions from a simulated drone landing task. Participants
completed 20 trials with performance categorized as crash,
unsafe landing, or safe landing. We compute transition
probabilities between performance categories and apply a
k-medians clustering algorithm using Levenshtein distance
to identify representative learning sequences. Transition
results show that learners rarely make large performance
jumps between consecutive trials and tend to maintain safe
landings once achieved, consistent with our knowledge of
motor skill acquisition. Clustering reveals meaningful learner
profiles ranging from quick mastery to persistent struggle,
with finer-grained distinctions emerging as the number of
clusters increases. These findings provide an initial founda-
tion for developing feedback and task selection policies in
intelligent tutoring systems that are sensitive to a learner’s
trajectory through skill acquisition, not only their current
performance state.
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1. INTRODUCTION

Educational data mining research has largely focused on cog-
nitive tasks such as problem-solving and knowledge acqui-
sition. However, many real-world learning domains require
the development of psychomotor skill combining cognitive
reasoning and motor control. The unique dynamics of these
tasks make them both harder to measure and harder to
model than discrete knowledge states.

Aggregate measures of learning such as final accuracy or
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learning gain neglect to consider the path a learner took
to get there. Two learners with identical final performance
may have followed very different trajectories. Additionally,
progress in skill acquisition is rarely monotonic; we often
see plateaus, regressions, and bursts of improvement. Iden-
tifying common trajectory types moves emphasis from “did
they learn?” toward “how did they learn?”. This approach is
necessary for designing feedback that responds to a learner’s
progression rather than their current performance snapshot
alone.

Adaptive feedback systems are most effective when they can
anticipate a learner’s near-future state or respond to long-
term misconceptions rather than simply react to their last
action. If distinct learner subgroups follow recognizably dif-
ferent paths through skill acquisition, feedback policies can
be tailored to each pathway. This work takes a step toward
data-driven feedback policy design by starting to understand
the landscape of learning trajectories, laying the groundwork
for eventually optimizing feedback to nudge learners toward
more favorable pathways. In this work, we apply sequential
analysis methods to explore typical learning progressions in
a drone landing simulation, which offers a controlled learn-
ing environment with rich trial-by-trial performance data.

2. RELATED WORK

Research in intelligent tutoring systems has a rich history of
using performance data to inform interventions and develop
personalized analytics. In particular, Bayesian Knowledge
Tracing models and variants use transition probabilities to
represent how learners acquire knowledge over time [1, 14,
15, 18]. These models infer mastery based on previous es-
timates and the learner’s most recent performance. This
approach to learner modeling acknowledges that learning is
not a linear process and performance can fluctuate for a va-
riety of reasons.

Additionally, learning and education data are well-suited for
sequential analysis [21]. Sequential pattern mining tools
have often been used to connect behavior patterns with
learning outcomes [7, 11, 16], provide better interventions
[4], or understand higher-level reasoning skills [2, 10]. Some
work has started to use sequential analysis to understand
learning trajectories [13], though this is not well studied for
psychomotor tasks.

Recent work has also considered how identifying learner
profiles can help inform recommendations and personalized
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Figure 1: Starting configuration of the drone landing task [3].

learning paths [9, 17]. These are often applied to large-scale
learning environments such as MOOCs and use features such
as demographics and engagement metrics. More work is
needed to understand how common sequences of learning
performance can be used to shape feedback, especially for
complex tasks.

3. APPROACH
3.1 Dataset

The data was collected in a previous study [5], but all anal-
yses presented here are new. The study was approved by
the local ethics board and all data are anonymized.

In an online study conducted through Prolific, participants
completed 20 trials of a computer-based drone landing sim-
ulation [3] (see Figure 1). Participants were placed into one
of three feedback conditions to improve their performance.
The final set of participants is evenly split between feedback
conditions, though the conditions are not explicitly consid-
ered in this work. We only consider data from those who
completed all 20 trials, resulting in a final set of 166 partic-
ipants.

The main measure of interest is participant performance on
each of the 20 trials. In alignment with previous work [19,
20], landing performance was assigned to one of the ordinal
labels crash, unsafe, or safe. A trial was labeled as safe if
the participant landed the drone in the target area with a
landing speed < 15 m/s and a landing angle < 5°. Unsafe
landings violated at least one of the landing speed or landing
angle constraints. Finally, attempts that did not reach the
landing pad were labeled as a crash. This approach yielded
3,320 total performance labels across all participants. Par-
ticipants demonstrated mastery of the task by consistently
achieving safe landings. Figure 2 shows the distribution of
landing performance across trials.

We encoded the learning progression of each participant as a
sequence of 20 “words” from a fixed vocabulary (i.e., landing
performance category for each trial). These sequences were
represented by a string of characters, with the characters C,
U, S corresponding to crash, unsafe, or safe. An example
sequence from a participant achieving only safe and unsafe
landings is SUSUUUSSSSSUUUSSUSUS.

3.2 Analysis Methods

We first calculated the transition probabilities for the land-
ing performance categories. These probabilities show how
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participants improve or regress in their performance between
trials. Each value represents the likelihood of moving be-
tween two categories in consecutive trials. The transition
matrix is normalized across rows, meaning the destination
probabilities for each starting category sum to 1.

To identify representative learning progressions, we imple-
mented a variant on the k-means clustering algorithm [12].
To calculate the distance between learning progression se-
quences, we used the Levenshtein edit distance [8]. In-
stead of calculating a numeric mean as the center of each
cluster, we calculated the approximate generalized median
string of all data points in a given cluster using the Lev-
enshtein Python library (https://pypi.org/project/python-
Levenshtein/). To assess the quality of each cluster, we cal-
culated the average within-cluster Levenshtein edit distance,
where more similar sequences have a smaller edit distance.

Given no established value for the expected number of learn-
ing progression profiles, we used the elbow method across
multiple values of k. For each number of clusters k, we cal-
culated the average quality across all clusters and reported
the best across 10 restarts.

4. RESULTS

The transition probabilities show how learners improve their
performance between trials. Figure 3 shows the highest
probability in the safe—safe case, showing that learners are
generally able to maintain consistent performance once they
understand a task (nearly 70% of the time). There are
also strong probabilities on the diagonal, where participants
maintained their performance level between tasks. The su-
perdiagonal of the matrix includes the next highest set of
probabilities; these are the cases where participants jumped
to the next performance level between trials. Similarly, the
subdiagonal represents the cases where participants regress
a level between trials, though these probabilities are notably
smaller.

The transition matrix also shows it is unlikely to achieve
large changes in performance between trials, either in the
crash—safe condition or the safe—crash condition. In the
context of a Bayesian Knowledge Tracing model of student
performance, these conditions may relate to low “slip” and
“guess” probabilities where learner performance is misaligned
with their inherent mastery of the task.

Figure 4 shows how cluster quality changes over a range of
k values. We did not find a clear elbow; rather, the av-
erage edit distance across clusters steadily across the entire
range. This suggests that adding more clusters will continue
to identify more specific profiles, or a more nuanced evalu-
ation metric is needed. Using a smaller number of clusters
for designing feedback policies makes practical sense, since
clusters will be more distinct and easier to interpret.

Table 1 shows detailed clustering results for k € {2,...,5}.
Given the results of the elbow analysis above and in the in-
terest of interpretability, we do not report results for higher
values of k.

In the k = 2 condition, the centers represent the profile of
a struggling learner and one who quickly masters the task.
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Table 1: Results of learning progression clustering using k €
{2,...,5}
k  Mean Cluster
Edit Distance
2 707

Cluster Centers

CCUCUCUUCUUCUUUSUSU
CUSUSSSSSSSSSSSSSSS

CUSUSSSSSSSSSSSSSSS
ccucuuuuuuCcuusuusu
cccceeececeecececcucucceo

CUCUUSUSSSSSUSSSSS
CSSSSSSSSSSSSSSSSSS
cucucuuuuuCcuuuuuusu
cccccececececceccucucuceo

CUUUSUUSSSUSSUSSSSUS
CSUSSSSSSSSSSSSSSSS
CCCUCUUUUUUUSUUSSUSS
cucuccuucuccuuuuucuu
cceceeeeeecececeececececece

3 6.14

5.80

5 5.48

The profile of the struggling learner sees a majority of crash
and unsafe landing outcomes, with a few safe landings to-
wards the end of the trials. The quick learner shows a few
crashes and unsafe landings at the beginning, quickly con-
verging to consistent safe landings.

The other models show similar patterns. In the k = 3 condi-
tion, the profiles represent participants quick to master the
task, those who consistently achieve unsafe landings, and
those who may struggle to understand the control dynamics
and crash most trials. The k = 4 condition adds another
proficient learner that takes a bit longer to get comfortable
with safe landings. Finally, the kK = 5 condition adds a pro-
file that achieves a few safe landings at the end, though they
may need more practice to become consistent. These results
show that clustering can identify meaningful learning pro-
gressions, with more clusters leading to more nuanced pro-
files that may be useful for detailed feedback development.

S. DISCUSSION

This study examined learning progression in a psychomo-
tor drone landing task, finding that sequence clustering can
uncover meaningful learner profiles from trial-by-trial per-
formance data. The transition matrix results confirm that
learners rarely make large jumps in performance between
consecutive trials, and that once safe landings are achieved
they tend to be maintained. This pattern is consistent with
the consolidation dynamics characteristic of motor skill ac-
quisition. Together, these results suggest that the ordinal
performance encoding used here captures structure in the
learning process.

The clustering results show that even a small number of
profiles can meaningfully identify different types of learners.
Even with two clusters, the model separates quick learners
from those who struggle to achieve safe landings. Addi-
tional clusters reveal finer distinctions, such as learners who
plateau at unsafe landings versus those who crash consis-
tently. The absence of a clear elbow is itself informative;
it suggests learner profiles may exist on a continuum rather
than falling into a small number of clear types.
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6. FUTURE WORK

The current work developed profiles of learning progression
only using the final landing performance outcome for each
trial. Future work can investigate how learner control inputs
(e.g., joystick movements, button presses) can be used to
understand the learning process and develop feedback. This
can take inspiration from previous work focused on cognitive
tasks [6].

Future work should also consider how these profiles of learn-
ing progression relate to the feedback conditions in the orig-
inal experiment. Rather than evaluating personalized inter-
ventions based on static measures such as number of safe
landings, applying sequence analysis to each condition sepa-
rately may give a more detailed understanding of how feed-
back can shape a learner’s mastery of a task over time.
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