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Abstract

We discuss the AMATI submission to the BEA
2026 Shared Task on Rubric-based Short An-
swer Scoring for German. Our neuro-symbolic
system uses a combination of symbolic rules,
automatically learned with a form of Inductive
Logic Programming, and the Mistral-large lan-
guage model. We wanted to investigate whether
the combination would improve overall grading
performance, while using the automatically in-
duced symbolic rules for explainability, and the
LLM for robustness. We find that the combina-
tion of approached resulted in improved over-
all performance for the 3-way task. However,
including the symbolic rules did not improve
upon Mistral’s performance in the 2-way test.

This paper presents our approach to the unseen
answers challenges. Our team finished 6th out
of 9 in the 2-way challenge, and 5th out of 8 in
the 3-way challenge. In the 3-way challenge,
neither our symbolic system nor the use of Mis-
tral alone would have placed higher than 6th of
the 8 competitors, illustrating the improvement
of the combined approach over either of the
individual approaches.

1 Introduction

Assessment is a core aspect of education. Forma-
tive assessment in particular is a valuable aid to
student’s self learning (Clark, 2012). Techniques
such as Automatic Short Answer Grading (ASAG)
(“grading” and “scoring” both appear in the litera-
ture) can potentially support scalable student learn-
ing by providing low cost feedback on low-stakes
assessment (Aggarwal et al., 2025).

Recent work in ASAG has been dominated by
approaches based on statistical techniques or deep
learning/large language models (Lu et al., 2025). In
this work, grading is typically treated as a classifi-
cation task, in which student responses are assigned
to one of a number of potential grades. This BEA
task (Gombert et al., 2026) follows similar tasks

such as the SemEval 2013 Joint Student Response
Analysis and 8th Recognizing Textual Entailment
Challenge (Dzikovska et al., 2013) in providing
a 2 way task (student responses are classified as
correct or incorrect) and a 3 way task (in which
responses are classified as correct, partially correct
or incorrect).

Large language models (LLMs) such as Mis-
tral (Mistral AI, 2024) typically achieve strong
empirical performance, but the resulting models
are not usually interpretable by humans. Symbolic
learning techniques, such as Inductive Logic Pro-
gramming (ILP) (Quinlan, 1990; Muggleton and
Feng, 1990) aim to induce models as logic pro-
grams rather than weighted networks. Such logic
programs are generally more interpretable by hu-
mans, as well as being editable if desired. For an
ILP approach to ASAG, the goal is to induce a set
of rules which will assign grades from a symbolic
representation of the question, rubric and student
response. When applying the rules to unseen in-
stances, the reasoning behind the allocated grade is
clear. This explainability will be crucial for broader
adoption of ASAG technology in the classroom.

This approach to using symbolic rules to aug-
ment neural language models is becoming of in-
terest as the need for human-understandable expla-
nations is increasingly recognised (Bhuyan et al.,
2024; Yang et al., 2025). The neuro-symbolic sys-
tem AlphaGeometry (Trinh et al., 2024) has simi-
larly been developed to generate human readable
explanations of its reasoning (in this case, geom-
etry problems). Dinu et al. (2024) present a more
general framework to address the general task of
embedding logic solvers into generative models.

Although theories induced by ILP are quite ex-
planatory (Willis, 2015), LLMs have demonstrated
their robustness in the face of the noisy and poorly
formed language that is typical in short student re-
sponses. In this paper, we discuss our attempt to
combine the explanatory nature of ILP with the
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robustness of an LLM. Our system was applied to
the BEA 2026 Shared Task on Rubric-based Short
Answer Scoring for German (Gombert et al., 2026)
for an independently verified evaluation. Our code
is available through GitHub1.

2 Grading rule induction with Answer
Set Programming

ILP is an optimisation task: we want to find the
logic program which most accurately classifies
the training cases. As such, much of the founda-
tional work in ILP focussed on optimising search
algorithms (Muggleton and Feng, 1990; Quinlan,
1990; Muggleton, 1995). However, some recent
approaches have used Answer Set Programming
(ASP) solvers to handle the optimisation (Law et al.,
2014; Cropper et al., 2022).

We follow the same strategy, using the ASP
solver clingo (Gebser et al., 2019) to optimise the
rule coverage. This approach then implements an
ILP-style rule induction: ASP is repeatedly used
to optimise individual rules until a maximal set of
training cases is covered.

Our approach consists of three components: a
representation of student responses and rubric in-
formation as logical facts (section 2.1), a set of
templates for classification rules (section 2.2), and
a procedure for selecting rules that explain the train-
ing data (section 2.3).

2.1 Representing ASAG as a logic program

ILP requires that the information about the task be
represented in the same language as the induced
rules. As such, the first step is to represent the
training data (that is, the questions, rubrics, student
responses and ground truth gradings) in a logical
format.

For the unseen answers task, each question is
treated separately. For each task, we then have:

• a single question (identifier and text),

• a grading rubric (text for each possible grade),

• a set of student responses (each with an iden-
tifier and its own text), and

• a ground truth grade (“score”) for each student
response.

1https://github.com/undercertainty/AMATI_BEA_
submission

We refer to each of the texts of each question,
rubric and student response as a document. Each
document was converted to a sequence of lemmas
using spaCy (2020) with the de_core_news_md
model. Each lemma is then encoded as a predicate
of the form:

lemma_in_doc(Doc, Position, Lemma)

where Doc is the document’s index, Position is
the token index, and Lemma is the lemmatised form
of the token. The ground truth grades are then
encoded as:

label(ResponseID, Class).

where Class is one of {correct, incorrect} or
{correct, partially_correct, incorrect} de-
pending on the task.

As an example, the (slightly simplified) encod-
ing of one of the questions from the training data
is given in figure 1. In the encoding, lemmas in
the question are indexed as q, in the rubric as c,
and in the student responses as r_01, r_02, and
so on. This encoding allows rules to refer directly
to linguistic features. For example, a rule can test
whether a response contains a particular concept
(represented as a lemma), or whether that concept
appears in the rubric but not in the question. The
representation of the documents’ indices in the
predicates also enables rules to express relation-
ships between documents, rather than treating the
response in isolation.

2.2 Representing grading rules

Grading rules are expressed as logical clauses that
specify the conditions under which a response
should be assigned a particular label. Following
the logic-based representation of the documents,
the grading rules can be clearly expressed in the
language of logic programming. For example, the
covers predicate in figure 2 states that rule3 ap-
plies to any student response whose lemmatised
form contains the lemmas kurve and steigen.
The additional clause I < J also allows us to
express that for a match, the lemmas must ap-
pear in that order (ie. kurve precedes steigen).
The predicted_grade states that any response
which matches the condition in covers is graded
as partially_correct by the system.

A more complex example is given in figure 3.
Here, a response is covered by the rule if the re-
sponse contains the lemma reagieren, the rubric
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lemma_in_doc(q, 0, "welche").
lemma_in_doc(q, 1, "dir").
lemma_in_doc(q, 2, "bereits").

...

lemma_in_doc(c, 0, "die").
lemma_in_doc(c, 1, "schüler").
lemma_in_doc(c, 2, "innen").

...

lemma_in_doc(r_01, 0, "die").
lemma_in_doc(r_01, 1, "steigung").
lemma_in_doc(r_01, 2, "der").

...

lemma_in_doc(r_02, 0, "die").
lemma_in_doc(r_02, 1, "tangente").
lemma_in_doc(r_02, 2, "berührt").

...

grade(r_01, correct).
grade(r_02, incorrect).

Figure 1: Encoding of training data. Question
id=67c1649e-b694-4813-be49-abfd65a6798e

covers(rule3, Response):-
student_response(Response),
lemma_in_doc(Response, I, "kurve"),
lemma_in_doc(Response, J, "steigen"),
I < J.

predicted_grade(partially_correct).

Figure 2: Grading rule with ordered lemmas and pre-
dicted grade

also contains reagieren, but reagieren does not
appear in the question. In this case, responses
which match are graded as correct by the system.

Figure 3 implements Pandey’s (2022) concept
of key information: new information (that is, in-
formation which does not appear in the question)
which must appear in the student response. The
key information can be identified as it appears in
the grading rubric, but not in the question itself.

covers(ki_rule1, Response):-
student_response(Response),
lemma_in_doc(Response, _, "reagieren"),
lemma_in_doc(c, _, "reagieren"),
not lemma_in_doc(q, _, "reagieren").

predicted_grade(correct).

Figure 3: Grading rule with key information and pre-
dicted grade

2.3 Rule and theory induction via ASP

In order to generate a complete set of rules (a “the-
ory”) to grade all the responses to a given question,
we use an ASP solver to generate individual rules.
To generate specific rules, we define a set of gener-
alised rule templates.

covers(ki_rule1, Response):-
student_response(Response),
lemma_in_doc(Response, _, Lemma),
lemma_in_doc(c, _, Lemma),
not lemma_in_doc(q, _, Lemma).

predicted_grade(Grade).

Figure 4: Rule template. Lemma and Grade are found by
optimising with the answer set solver

An example template is given in figure 4. The fig-
ure represents the template form of the rule shown
in figure 3. Then given the encoding of the ques-
tion, rubric and a set of responses, the best specific
rule is found from the values of:

• the choice of rule (from all the templates),

• the values of each Lemma variable in the cho-
sen rule, and

• the predicted grade (ie. Grade)

which maximises the correct number of predicted
grades from the set of student responses. To find
these optimum values, we use the clingo answer
set grounder and optimiser to find the optimum
values for Grade and Lemma. (The optimised value
is actually compression (Muggleton, 1995) rather
than coverage).

To generate a complete theory from the initial
set of student responses, we use a very simple pro-
cedure:

1. The theory is initally an empty list.

2. Find the specific rule which correctly predicts
the grade for the largest number of student
responses.

3. Add the specific rule to the current theory.

4. Remove all student responses which are cor-
rectly predicted by the new rule.

5. Repeat stages 2 to 4 until either all responses
are covered, or no new rule can be found.
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covers(rule1, Response):-
student_response(Response),
lemma_in_doc(Response, _, Lemma).

covers(rule2, Response):-
student_response(Response),
lemma_in_doc(Response, _, Lemma1),
lemma_in_doc(Response, _, Lemma2).

covers(rule3, Response):-
student_response(Response),
lemma_in_doc(Response, I1, Lemma1),
lemma_in_doc(Response, I2, Lemma2),
I1 < I2.

covers(ki_rule1, Response):-
student_response(Response),
lemma_in_doc(Response, _, Lemma),
lemma_in_doc(c, _, Lemma),

not lemma_in_doc(q, _, Lemma).

covers(ki_rule2, Response):-
student_response(Response),
lemma_in_doc(Response, _, Lemma1),
lemma_in_doc(c, _, Lemma1),
lemma_in_doc(Response, _, Lemma2),
lemma_in_doc(c, _, Lemma2),

not lemma_in_doc(q, _, Lemma1),
not lemma_in_doc(q, _, Lemma2).

covers(ki_rule3, Response):-
student_response(Response),
lemma_in_doc(Response, _, Lemma1),
lemma_in_doc(c, _, Lemma1),
lemma_in_doc(Response, _, Lemma2),
lemma_in_doc(c, _, Lemma2),

not lemma_in_doc(q, _, Lemma1).

Figure 5: Complete list of induction rule templates

This procedure then generates a list of rules which
can be be applied to new examples. The final output
of the process is a theory consisting of an ordered
set of rules. Each rule defines the coverage criteria
for student responses, and the predicted grade for
any responses which match those criteria.

To apply the rules to new cases, each rule in the
theory is applied in order. The first matching rule
is used to predict the grade. If no rule matches, the
prediction defaults to incorrect.

The performance of this system without addi-
tional input from a LLM is shown in table 1 as
“Rule-based”. The complete set of the rule tem-
plates is given in figure 5.

2.4 Limitations and motivation for a hybrid
approach

Although some linguistic variation in the student re-
sponses is accommodated by using spaCy’s lemma-
tisation and spell checking, the primary limitation
of this method is the reliance on lexical matching.
The range of possible responses from students can
make the symbolic rules quite fragile. We therefore

wished to explore how integrating these rules with a
large language model might address this limitation.

3 Combining with a LLM

For the unseen answers task, we identified several
potential approaches to combining the ILP rules
with a LLM:

Mistral No ILP rules are used. For each test re-
sponse, the LLM is supplied with the corre-
sponding question and all responses in the
training data for the same question, and asked
to predict the correct grade.

Test ILP As Mistral, but also including the specific
ILP prediction for the test question and the
rule(s) applied to make it.

Theory As Mistral, but also including the com-
plete set of rules in the theory generated by
the ILP process for the task.

Test ILP and Theory As Mistral, including the
ILP prediction and rule(s) for the test ques-
tion and the complete theory.

For the unseen questions task, there is of course
no “corresponding question”; our intent was to
select a sample of questions from the training data
instead. In practice, however, the results for the
unseen questions task without the LLM did not
seem to justify the time and inference cost, so we
did not run the LLM cases for that task.

We decided to use the mistral-large model (Mis-
tral AI, 2024) as the LLM component, via the paid
Mistral API. This choice was based on its perfor-
mance in the leaderboards in (Thakur, 2025) for
performance in German language tasks, and its con-
text window (the length of input it can accomodate)
of 256k tokens. The prompts are in the form of
templates, with placeholders to insert data, and de-
scribe the relevant scenario and what is expected
from the model, and include descriptions of input
and output data JSON formats. The full prompt
templates are in the associated code repository. Fig-
ure 6 illustrates the prompt templates.

The output included a field for the LLM’s nat-
ural language explanation of the given grade, to
provide data for future analysis of the LLM’s rea-
soning beyond the scope of the shared task. There
are multiple avenues for this analysis, the most im-
mediate of which is to compare LLM reasoning
with the ILP rules, and evaluate its quality; further
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You are a helpful and precise assistant for
marking students’ answers. You will be given
a question, a student’s answer, and the marking
rubric for the question{, and a predicted score
with explanation based on an inductive logic pro-
gramming system}. The possible score values are
“Incorrect”, {“Partially Correct”, }and “Correct”.
Your task is to evaluate each student’s answer
against the rubric for that question, and provide a
score.

The following, between “TRAINING DATA
STARTS” and “TRAINING DATA STOPS”, is a
JSON array of objects . . . JSON details omitted
. . . representing the score assigned to the student’s
answer. Consider this as training data to improve
your performance in the task.

. . .
{The following is the full theory generated

by inductive logic programming over the training
data:}

Figure 6: Prompt template (condensed for space). Sce-
nario variations are indicated by braces.

QWK WP WR WF1
2-way

Rule-based 0.489 0.801 0.807 0.795
Mistral 0.644 0.857 0.843 0.847
Theory 0.644 0.857 0.843 0.847

3-way
Rule-based 0.614 0.662 0.655 0.650
Mistral 0.721 0.755 0.711 0.715
Theory 0.749 0.760 0.736 0.739

Table 1: Results for 3-way Unseen Answer tasks, show-
ing Quadratic Weighted Kappa (QWK), and Weighted
Precision (WP), Recall (WR), and F1-Score (WF1).
QWK was used to rank task entrants.

possibilities include training new ILP rules from
the LLM’s explanations.

Testing with the provided trial data revealed that
Test ILP (with or without the full theory) performed
worse across all measures, whereas the Mistral and
Theory cases performed similarly to each other, and
both better than the ILP-only case.

We therefore decided to use the Mistral and The-
ory cases for the full evaluation.

4 Results and discussion

Our results for the 2-way and 3-way unseen an-
swers are shown in table 1. When the ILP rules
were included in the Mistral prompt, the 2-way re-
sults showed no improvement. However, for the
3-way task, including the symbolic rules in the

prompt raised the overall performance (as mea-
sured by QWK) from 72.1% to 74.9%. This also
represents a position in the final evaluation table:
our final position was fifth of eight.

5 Conclusion

In this paper, we have discussed how the perfor-
mance of a system for student response grading
was improved by incorporating a set of induced
symbolic rules into the neural reasoning process.
Although the final results are slightly below the av-
erage system performance in the task (6th of 9 in the
2-way task and 5th of 8 in the 3-way task), our inter-
est is the combination of human-interpretable rules
with LLM robustness. As illustrated in section 2.2,
the rules generated from the templating system are
human readable (subject to being comfortable with
information being presented in a formal language).

In fact, our longer term aim with this work is
not (directly) to improve the overall grading perfor-
mance: after all, our results show that Mistral alone
gives relatively good performance. Rather, we aim
to improve the explainability of awarded grades
for the benefit of educators (who are ultimately re-
sponsible for grades awarded) and students (whose
self-directed learning will be improved with better
feedback). In a practical classroom context, it is
more valuable for an AI to be able to explain why
it assigned a particular grade, rather than focussing
solely on performance figures.

The key question we wish to address in the next
stage of this work is: Do the grades awarded by
the combined system closely follow the intended
interpretation of the symbolic rules? The aim of
combining the symbolic rules with a LLM, is for
the LLM to handle linguistic variation, while the
symbolic rules handle grading of the content. As
such, we want the induced rules to be editable by a
human, possibly even a human who is not a com-
puting expert, but who might be an educator in
the domain of the questions. In these cases, it is
vital that the application of the system primarily fol-
lows the symbolic rules (which are human editable)
rather than the LLM inferences (which generally
are not). Indeed, the results of LLM outputs are
not always replicable (Cui and Alexander, 2026).
Our further analysis will therefore concentrate on
understanding the relations between the symbolic
rules and the performance of the complete grading
system.
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Limitations

Our method makes use of a prompt to Mistral. As
is always the case for such a methodology, it is al-
ways possible that alternative prompting strategies
would yield different performance. In particular,
we have provided English language prompts for
German text. While Mistral is known to be among
the most robust LLMs in handling multiple lan-
guages (Holtermann et al., 2024), prompting in the
same language as the data under analysis may pro-
vide different results. Also, we restricted ourselves
to a single run on each experiment.

In addition, the symbolic rules generated by the
inductive logic programming process are limited to
the templates provided to the system (as shown in
figure 5). These rules are currently quite limited,
restricted to a small number of key terms across
the response, question and grading rubric. How-
ever, the initial analysis from spaCy provides exten-
sive additional information on the parsed sentences,
such as part of speech, grammatical relations, and
so on. Our future work will investigate whether
more information in the induced rules can be used
to improve overall performance.
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