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Abstract

While the block-based programming language Scratch is a popular
introductory programming environment, gathering information
about student progress is challenging since the environment does
not expose any kind of analytics. The ScratchLog tool already allevi-
ates this somewhat, but focusses mainly on classroom management
and general analytics suited for open-ended tasks. To also provide
insights about student progress in goal-oriented exercises, we pro-
pose the ScratchLog® extension in this paper. Our tool combines
Whisker test suites to collect information about the functional cor-
rectness of students’ programs, and code embedding models to
estimate structural and semantic progress towards an example
solution. To make these new analytics of ScratchLog* accessible
to teachers, they are directly integrated into the ScratchLog user
interface as interpretable visualisations of the typically abstract
code embedding vectors. We provide a screencast demonstrating
the tool at https://youtu.be/IQSCDqvbpQY.
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1 Introduction

The block-based programming language Scratch [11] is very popular
as an introduction to programming due to its low barrier to entry,
allowing students to create interactive games within the browser-
based user interface. As part of the learning process, beginners
frequently introduce bugs in their programs [10]. Since keeping
track of all students in classroom setting is challenging, teachers
may want tool assistance to identify students in need of support in
fixing such bugs. However, the Scratch platform does not offer any
such insights.

This work is licensed under a Creative Commons Attribution 4.0 International License.
ASE 26, Munich, Germany

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2882-2/2026/10

https://doi.org/10.1145/3832783.3834618

Gordon Fraser
University of Passau
Passau, Germany
gordon.fraser@uni-passau.de

The ScratchLog [2] tool was developed to collect events on how
students interact with the Scratch interface. It allows for example
for live analytics about the number of bugs in a program as found
by the LitterBox [9] static code analysis tool. By tracking how often
students add or remove blocks and how frequently they restart their
programs ScratchLog offers insights into whether they are trial-and-
error debugging or idle. This information can guide teachers when
supervising students in a classroom, but mainly targets open-ended
programming tasks. When students are given concrete tasks and
goals, however, ScratchLog until now provided no insights into
whether a student’s program is moving towards the intended task
solution, whether the student is stuck, or whether the student is
active but moving astray from the given task.

To fill this gap, this paper proposes our ScratchLog* extension
to ScratchLog to enable live analytics of the students’ progress
also in task-oriented exercises. Our approach integrates two new
sources of information into ScratchLog: The Scratch testing frame-
work Whisker [5] and code embedding models. By implementing a
Whisker test suite, a teacher can verify that all intended functional-
ity works as expected in their example solution. The same test suite
can now also be executed against intermediate student programs to
check whether the functionalities of subtasks are already working
and which features are still missing. As Whisker tests are effectively
system tests they provide coarse feedback, i.e., they do not indicate
whether the tested functionality is fully missing or not working
due to a small logic bug in the program. Furthermore, developing
a comprehensive test suite may be challenging for teachers. We
therefore additionally integrate code embedding models as more
granular progress estimators. These machine learning models are
trained to map the source code of the program into dense vector
space such that structurally and semantically similar programs have
similar vector representations.

Since code embedding vectors are difficult to interpret due to
their high dimensionality (typically > 128), ScratchLog* processes
them further to integrate them into a new exercise progress dash-
board made available in the ScratchLog user interface. This dash-
board contains several interpretable and interactive visualisations
representing the students’ progress.

All components of ScratchLog® are available under an open-
source licence (GPL-3.0) and are available at https://github.com/
se2p/ScratchLog/ and https://github.com/se2p/whisker/.

2 Background

To enable live analytics of student programming behaviour in the
Scratch environment, ScratchLog [2] instruments the Scratch user
interface and virtual machine to collect various events for user
interactions (e.g., starting the program execution). In case the event
was caused by a code-changing interaction (e.g., adding or deleting
a block), a snapshot of the resulting code is sent to ScratchLog as
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part of the event. Using the LitterBox [9] static code analysis tool,
ScratchLog can therefore not only track user interactions but also
track how program quality evolves during a classroom session.

Whisker [5] is the state-of-the-art testing framework for Scratch
programs. Test suites written in JavaScript control the program
execution and allow simulating user inputs to the often interactive
programs. Since these programs are often small games for which
the repeated execution for each test case would take a considerable
amount of time, the Whisker test harness can speed up the Scratch
virtual machine while keeping the execution fully deterministic [5].
This makes it possible to continuously execute the tests for all
student programs while they are being collected by ScratchLog*.

The test results of student programs could be used to map the
students’ exercise progress into trajectories and thus highlight chal-
lenging parts of the exercise [12]. However, the creation of a com-
prehensive Whisker test suite verifying the functional correctness
of a program can be challenging and time-intensive. As a heuristic
to estimate the semantic features of a program, code embedding
models can be used instead. These machine learning models map
the code into a dense vector space representation that captures both
semantic and structural aspects. Since most general-purpose LLMs
are trained on large datasets including natural language and open-
source code, they can be used to embed code. Prior work found that
using the scratchblocks notation! as used on the Scratch community
forums rather than the Scratch-internal jsoN program representa-
tion yields better results when prompting LLms [6]. In ScratchLog®,
we adopt this input format when prompting embedding-LLms to
compute embeddings of Scratch programs.

Since the code embedding vectors are highly dimensional, they
need to be projected to two-dimensional space to obtain a repres-
entation that is easier to visualise and interpret. While a generic
dimensionality reduction algorithm (e.g., PCA [15] or t-SNE [17])
could be used to show the students’ solution attempt trajector-
ies [16], the progress-variance-projection [14] is specifically de-
signed to visualise student progress. It is constructed to place the
starting program given to all students at the beginning of the exer-
cise at the origin (0, 0) and an example solution at point (1,0) so
that the x-axis represents the students’ progress. The y-axis then
aims to maximise the variance in programs to capture the differ-
ences between students’ solution approaches. The projection was
originally used for Python exercise tasks, but its computation is
independent of the specific exercise or programming language as
long as the embedding vectors are computed with a suitable model.

Scratch uses programming paradigms different from most textual
programming languages. For example, users can place blocks freely
on the two-dimensional workspace, the execution flow is event-
driven and concurrent, and the programs typically implement small
games or animations rather than solving algorithmic problems. Nev-
ertheless, common code embeddings can be adapted for this new
environment [8]. By pre-training the code embedding models to
name the animated figures (sprites) based on the contained within,
the models can learn relevant semantic information about the code.
Likely due to the different structure of Scratch programs, models
including control- and data-flow information, e.g., GGNN [1], out-
perform models operating on only the syntactic code context [8].

Thttps://en.scratch-wiki.info/wiki/Block_Plugin/Syntax, accessed 2026-05-08
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Figure 1: Progress-Variance-Projection of the current project
of all students in the class.

Experiments also demonstrated that pre-trained embedding-LLMs,
e.g., Qwen 3 Embedding [18], exhibit a similar performance to the
dedicated GGNN model both when estimating students’ programs
functional correctness and when using the embeddings to construct
the progress-variance-projection [8].

3 Features

To make the embeddings, their projections, and Whisker test res-
ults available to teachers, ScratchLog* extends the ScratchLog user
interface with a new ‘Exercise Progress Dashboard’. This new page
contains four visualisations highlighting different aspects that may
be relevant for a teacher in tracking the students’ progress.

All new charts are interactive in the sense that the points provide
more information on hover (e.g., student name and exact coordin-
ates of the point, cf. Fig. 1). The plots can also be zoomed in to
inspect specific areas of the chart in more detail. The charts are auto-
matically updating to include the latest data collected by ScratchLog.

The data shown in the screenshots was obtained during a course
implementing various non-trivial extensions to the ‘Boat Race’ pro-
ject.? The ninth-grade students were given the base project as a
starting point and were then tasked with adding a score system
introducing variables, showing different texts on the game end
screen depending on the score requiring conditional logic, and
hiding no longer required figures on the game end screen which
required keeping track of the overall game state [13]. The embed-
dings shown in the screenshot were computed with the Qwen 3
Embedding model [18], but we also implemented an integration
with a GGNN code embedding model [1] adapted for Scratch by pre-
training it to suggest the sprite names based on the code therein [8].

3.1 Class Progress Overview

As first visualisation (Fig. 1), a scatter plot is showing the progress-
variance-projection of the current student projects. Its main goal
is to give a quick overview over the overall progress of the class.
By focussing on outliers like the highlighted ‘StudentB5’, a teacher
can find students whose progress is behind their peers or who are
moving in a different direction. In both cases an intervention could
be required to either offer additional guidance or to investigate
whether the student is still working on the intended task.

Zhttps://projects.raspberrypi.org/en/projects/boat-race, accessed 2026-05-09
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Figure 2: Progress over time during the class session for four
specific students. The projects were sampled in 2-minute
intervals for each student.

In case of Fig. 1, the shown student projects are the final ones
created as part of the course session. While the progress of many
student projects is close to the example solution (i.e., progress near
1.0), the variance diverges. For the project in this course there is not
one unique solution, but multiple valid solutions exist. The teachers
might have presented a slightly different variant to students in
the course rather than exactly following the prepared example
solution. At around progress 0.4, the plot also shows a cluster
of students who only finished the first steps of the overall task.
As the following gap to progress = 0.6 and cluster of points with
progression > 0.8 shows, most students that were able to implement
the seemingly challenging intermediate subtask were subsequently
able to implement most of the remaining features. Progress values
slightly larger than 1.0 are possible due to the heuristic nature of
the code embedding models.

3.2 Historic Task Progress

While the scatter plot gives an overview over the classes’ current
progress, it does not explain how individual students arrived at
their current state. To provide the missing context, we again use
the progress-variance-projection to visualise the historic states of
students’ code (cf. Fig. 2). A teacher can select one or more students
for whom they want to inspect the history. They can also change the
granularity by changing the interval with which the program states
are sampled from the whole set of events collected by ScratchLog.
For the visualisation shown in Fig. 2 we sampled the last program
state per 2-minute interval for each student.

As Fig. 2 shows, ‘StudentA22’ followed a straightforward path
towards a solution, while ‘StudentB29’ followed a similar path for
the majority of the task. However, towards the end the cluster of
program states indicates some trial-and-error to implement the
remaining functionality. ‘StudentA39’ attempted a diverging ap-
proach at the beginning (up to progress ~ 0.25) before moving
back onto a path more similar to the other students. Towards the
end (progress 0.8) this student continues to change their program
without making further progress. Since the variance moves towards
the example solution, they might have found a path towards a solu-
tion that more closely matches the example solution rather than
the alternative approach followed by most students. The outlier
detected earlier in the class overview (‘StudentB5’, cf. Fig. 1) started
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Figure 3: Functional correctness of student programs meas-
ured by functional tests (x-axis) compared to the embedding-
estimated correctness (y-axis, 1=closest to the solution).

with a similar diverging approach as A39, but did not manage to
move back towards the usual solution path of the other students
and instead got stuck early near progress 0.4.

3.3 Embedding- and Test-Fitness

The two visualisations explained above use only the code em-
bedding machine learning models combined with the progress-
variance-projection to estimate the students’ progress. Its computa-
tion only requires the teacher to provide a starter project and an
example solution. By additionally providing a Whisker test suite,
its test cases can provide a definitive measurement of a program’s
functional correctness. We define a program’s test fitness as the
proportion of passed test cases of the test suite (i.e., a program
passing all tests has fitness 1.0). Similarly, we define an embed-
ding fitness as 1 minus the normalised embedding-space distance
between program and example solution vectors (i.e., again a fitness
near 1.0 indicates the program is close to the solution).

Figure 3 compares these two fitnesses to find discrepancies. Pro-
grams with a low test fitness but high embedding fitness (e.g., the
point near (0.2,0.6)) are likely structurally similar to the example
solution but still contain various logical bugs that result in test case
failures. Conversely, a high test fitness with low embedding fitness
indicates valid alternative solutions (e.g., the point near (1.0, 0.6)).
As expected from the low progress observed in the previous visual-
isations, the program of ‘StudentB5’ indeed only passes one of the
eleven test cases of the Whisker test suite.

This comparison confirms the earlier hypothesis that many stu-
dents found an alternative to the example solution, since the embed-
ding fitness generally remains below 0.8 while there exist programs
with high test fitness and two students’ programs even passing
all test cases. It also demonstrates that the embedding distance
strongly correlates with the true functional correctness of the pro-
grams (Pearson r = 0.81, p = 8 - 1071%), which shows that the
embedding model can capture relevant structural and semantic in-
formation about the students’ code. The GGNN embeddings exhibit
a weaker correlation (r = 0.34, p = 0.009). Qwen likely outperforms
GGNN in this scenario, since embedding-LLMs are designed to map
semantically similar inputs into close embeddings and functionally
similar programs are likely syntactically similar. The model also
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Figure 4: Detailed Whisker results for the latest projects of
the students shown in Fig. 2.

receives the whole program as a single input whereas GGNN con-
structs per-sprite embeddings which are then mean-pooled into
the program embedding [8]. Since for the BoatRace project the
majority of the code resides in the Boat sprite, more nuanced sprite
embedding information might be lost in the pooling step due to
information-sparse embeddings of the nearly empty sprites.

3.4 Detailed Test Results

In addition to the graphical representations of student progress,
the new exercise progress dashboard also includes a table of spe-
cific Whisker test case results for the newest student programs. As
shown in Fig. 4, the table is automatically filtered to show the same
students as selected for the timeline visualisation (Fig. 2). The table
aims to help teachers use the failing test cases as indicators for
possibly relevant code locations which should be inspected first
when providing individual support for students so that the issues
can be resolved more quickly.

The example of Student A39 highlights a discrepancy between
the embedding-based progress estimation and the functional tests.
As Fig. 4 shows, all functional Whisker tests fail for this student’s
program even though the progress-variance-projection estimates
the student to be close to the solution (cf. Fig. 2). Manually in-
specting the program reveals that it indeed does not implement
hiding the ‘Boat’ and ‘Crab’ sprites on the game ending screen.
However, while the newly added obstacle placed into the boat’s
path (called the ‘gate’ by the test cases) can spin as intended by
repeatedly calling the ‘rotate’ block in a loop, it does so only after a
specific key is pressed by the user, which is not anticipated by the
tests. Similarly, the test cases related to the score system fail since
the student instead implemented the crab to say something rather
than awarding points when touched by the boat. In this case the
student still successfully used a repeated check for the touching
state with subsequent conditional behaviour. While the Whisker
tests related to these partially implemented features fail since they
did not expect this deviating program behaviour, the mapping to
embedding space abstracts from the concrete behavioural aspects
to instead take programming constructs which are correctly used
in relevant areas of the program into account.

4 System Design

4.1 Components

As summarised in Fig. 5, ScratchLog® consists of multiple com-
ponents that interact via HTTP APIs to ultimately provide the pro-
gress visualisations to the user. The interaction between the Scratch

Benedikt Fein and Gordon Fraser

ScratchLog*

Embedding Connector

i
I
I '
| AdingS
Ermbe
\gx Events || ScratchLog / local models, e.g., GGNN
|| LitterBox To
| St Resulrs
|

=
pelomn
Lo

Figure 5: ScratchLog* system component overview. Commu-
nication between components via HTTP APISs.

Scratch Ul

vl and ScratchLog remains unchanged, since the collected events
already contain the program code which is later required for test
execution and embedding computation. While the new progress
dashboard is integrated into the ScratchLog vt itself, the majority
of the computations are delegated to the separate components.
Whenever ScratchLog receives a new event about a changed
program, it delegates the test execution to the separate Whisker
service. Whisker has to remain a separate component that cannot
be integrated into the Java-based ScratchLog server since it is im-
plemented in TypeScript to be able to integrate tightly with the
JavaScript-based Scratch virtual machine. We extend the Whisker
application with a new HTTP API that receives a program and a test
suite, runs the tests, and returns the results to ScratchLog. The test
results are stored in the ScratchLog database so that they do not
need to be re-executed unless the test suite of the exercise changes.
The code embeddings are computed on-demand when a user
opens the new progress dashboard. This avoids unnecessary com-
putations and thus potential costs for embeddings that are never
actually accessed by the user. Since the Scratch-internal jsoN rep-
resentation of the programs is not suitable as embedding model
input [6], we use LitterBox [9] to transform it into the model-specific
format. LitterBox supports the scratchblocks representation as used
for LLM inputs as well as various other formats suitable for various
dedicated code embedding models. LitterBox is used as a direct Java
dependency of ScratchLog and thus does not need a separate service.
Following the preprocessing, the programs are sent to the embed-
ding connector. This service is a Python application that either del-
egates the actual embedding computation to an OpenAl-compatible
LM API like for example a locally hostable Ollama instance, or can
integrate other local models (e.g., GGNN [1]) via a direct Python
dependency. It also processes the embeddings further to compute
the progress-variance-projections or distances in embedding space.

4.2 Deployment

To simplify the deployment of the various subsystems, we contain-
erised all components except for the external LLM endpoints and
provide a Docker Compose definition file. This allows them to be
started locally with a single docker compose up -d command.
The components interact via the internal container network and
both the Scratch and ScratchLog uis become accessible to the user
via their respective web-browser-based interfaces. To encourage
testing of ScratchLog*, we also provide an anonymised database
snapshot containing the course data used for the screenshots shown
in this paper and a pre-trained checkpoint of the GGNN model [7].
Access to an OpenAl-compatible embedding endpoint can be con-
figured when starting the applications.
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The Qwen 3 Embedding (8b parameters) model [18] used to com-
pute the embeddings for the demonstrations shown in this paper
requires roughly 300 ms per program on a local server with a dedic-
ated Gpu. Therefore, the overall initial generation of the embeddings
including all data pre- and post-processing for a classroom of 30
students typically takes less than 20 s. Computing the GGNN em-
beddings on a regular laptop PC without dedicated GPU requires
roughly 25 ms per embedding and 4 s until all visualisations are
loaded. The computed embedding vectors are cached to ensure
even shorter waiting times on subsequent requests and to reduce
costs when using external LLM providers. The following projection
computations are not cached, due to them being computationally
cheap compared to the embedding vector computation. Since the
projection’s construction also aims to maximise the variance com-
ponent (cf. Section 2) between the given set of programs, a cache
would only be useful given the exact same set, which is unlikely in
a live exercise with constantly changing student programs.

5 Future Work

The expressiveness of the visualisations relies on the ability of the
embedding models’ ability to capture relevant structural and se-
mantic information about the programs. As outlined in Section 3.3,
the GGNN embedding pre-trained on sprites might not be op-
timal for the BoatRace-based exercise used for this demonstration.
This hints at future opportunities to create more expressive whole-
program embeddings to match the performance of pre-trained LLms
at a lower computational inference cost. Since prior evaluation com-
paring the model performance on the test fitness estimation task
on two additional exercises found the performance to be somewhat
exercise dependent [8], improved embedding models should be
evaluated across additional Scratch programming exercises. Finally,
while this paper provides an initial demonstration of ScratchLog”,
the tool should be evaluated in a live classroom setting to collect
feedback from teachers and evaluate the practical impact.

6 Conclusions

In this paper we introduced our ScratchLog* tool aiming to ease
the collection of learning analytics about students’ progress in
Scratch programming exercises by combining multiple progress
indicators and combining them into interpretable visualisations.
By making our tool available as open-source, we encourage its
active use within the Scratch programming education community.
Since the general approach of ScratchLog* of using tests and code
embedding models as progress indicators is not Scratch-specific,
we hope to inspire the development of similar tools also for other
programming environments.

Data Availability Statement

Our extensions to ScratchLog including the embedding connector
are available at https://github.com/se2p/ScratchLog/. Our integra-
tion with Whisker can be found at https://github.com/se2p/whisker/.
To ensure long-term availability, snapshots of both repositories are
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saved in the Software Heritage Archive [3, 4]. All components of
ScratchLog" are available under an open-source licence (GPL-3.0).
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