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Abstract. In active learning, a learner attempts to learn from a
teacher by posing questions. The questions made by the learner are
called membership queries and are answered with ‘yes’ or ‘no’. This
kind of query is often studied as part of a communication proto-
col that also includes equivalence queries. Intuitively, equivalence
queries ask whether the idea of the learner about the knowledge of
the teacher is correct or not. If not, then the teacher should pro-
vide a counterexample showing the difference. Here, we consider
the teacher as a large language model (LLM) and study the case in
which knowledge is expressed as an EL terminology. Membership
queries ask whether concept inclusions are true or not. E.g., “Can al-
gae be considered a subcategory of plant?”. Equivalence queries are
simulated by a sample with concept inclusions labelled as positive
or negative. We present a non-trivial extension of the ExactLearner
tool to extract EL terminologies from LLMs. Given the relevant sym-
bols as input (e.g., algae, plant, etc.), the tool tries to find how these
symbols should be logically connected by posing questions to LLMs.
To evaluate the approach, we present performance results of the Ex-
actLearner in the task of reconstructing existing EL terminologies.

1 Introduction

Large language models (LLMs) have reached a point where they
have accumulated so much information, and improved on their ques-
tion/answering capability, that several works are now focusing on
designing methods to interact and extract knowledge from them.
Prompts to these models vary from questions about general knowl-
edge such as basic definitions and historical events, to more domain
specific questions, e.g., scientific facts related to health and medicine.
Recently, some efforts have been made in automating the extraction
of knowledge from LLMs, where knowledge is extracted in the for-
mat of an ontology [11, 12, 14, 18, 30]. In the field of knowledge
representation and reasoning, ontologies are the standard way of rep-
resenting the relevant conceptual knowledge of a domain of inter-
est. The most popular formalism for specifying ontologies is given
by description logic [7]. Ontologies have been extensively used for
representing hierarchies and supporting data integration, information
retrieval, and automated reasoning in life sciences [27].

Example 1. We provide an expression that corresponds to a concept
inclusion in description logic and what it means in natural language.

Algae � Plant Algae can be considered a subcategory of Plant.
∗ Corresponding Author. Email: anaoz@uio.no.

What can we learn from LLMs? And, since it is known that they
can give false information, is there an automated way of discov-
ering whether responses are incorrect or at least inconsistent? To
study these questions, in this work we explore an active learning ap-
proach to learn description logic ontologies from LLMs. Our work is
based on Angluin’s exact learning framework [3] from computational
learning theory, where a learner attempts to learn some target knowl-
edge from a teacher by posing questions (learning by posing queries
is known as active learning [4]). Here we consider the teacher as an
LLM and study the case in which the knowledge to be learnt is an
ontology formulated in the classical EL description logic [6].

Example 2. EL ontologies allow for expressions involving conjunc-
tions and existential quantification. The following example illustrates
a concept inclusion in EL.

Conifer � Gymnosperm � ∃bears.Cone
This can be translated into the sentence: “Conifers can be considered
a subcategory of Gymnosperms that bears cones.”

Exact learning of lightweight description logic ontologies and con-
cepts has been studied for theoretical purposes [16, 17, 24, 25, 28].
One of the main difficulties of employing such algorithms in practice
is precisely finding a teacher that can answer the questions made by
the algorithms. The only known implementation for exact learning
description logic ontologies is called ExactLearner [13]. The tool is
designed to learn EL terminologies 1 from a synthetic teacher that can
answer membership and equivalence queries. Intuitively, member-
ship queries ask whether a given concept inclusion is ‘true’ or ‘false’,
while equivalence queries ask whether the idea of the learner about
the knowledge of the teacher is correct or not. If not, then the teacher
should provide a counterexample showing the difference. This syn-
thetic teacher was created by the authors to test the implementation,
using ontologies from the Oxford Ontology Repository 2 to answer
the queries. Given the relevant symbols, called vocabulary or signa-
ture, as input (e.g., algae, plant, etc.), the tool tries to find how these
symbols should be logically connected, by posing membership and
equivalence queries to the synthetic teacher.

In this work, we investigate the automated construction of EL ter-
minologies with a non-trivial adaptation of the ExactLearner tool,
which prompts LLMs as teachers. We call our extended version Ex-
actLearner+LLM. We use the Manchester OWL Syntax [20] and our

1 An EL terminology is an ontology with some syntactic restrictions (Sec 2).
2 https://www.cs.ox.ac.uk/isg/ontologies/
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own parsing function to map concept inclusions in description logic
into natural language. Membership queries can be easily mapped
into a question-answering setting with LLMs, however, equivalence
queries are more difficult to answer [33, 9]. This is solved by simu-
lating equivalence queries with a sample of randomly generated con-
cept inclusions classified as ‘true’ or ‘false’ by the LLM (a collection
of membership queries with their answers) (see [3] for a theoreti-
cal analysis on this strategy within the probably approximately cor-
rect framework). To evaluate our approach, we present results show-
ing the performance of the ExactLearner+LLM tool when prompting
open source LLMs. In more detail, we give the signature as input
to our ExactLearner+LLM tool and check the results for the task
of reconstructing existing ontologies. In our experiments, we con-
sider small ontologies from the benchmark originally used by the au-
thors of the ExactLearner tool and also modules extracted from the
GALEN ontology [2], with medical terms. We also indicate whether
there is statistical evidence of correlation between the concept in-
clusions extracted with the ExactLearner+LLM tool and the original
ontologies, constructed by (human) ontology engineers.

2 Actively Learning Ontologies

Here we define the notion of an EL terminology, provide more details
about the exact and PAC learning frameworks, and the algorithm in
the ExactLearner tool [13], designed to learn EL terminologies from
a teacher that answers membership and equivalence queries.

The EL Description Logic Let NC and NR be countably infinite
and disjoint sets of concept and role names, respectively (see below
cases in which we may abuse notation and write NC and NR denoting
finite sets). An EL concept is an expression of the form C,D :=
C �D | ∃r.C | A | �, where A ∈ NC and r ∈ NR. An EL concept
inclusion is of the form C � D with C,D being EL concepts and
an EL equivalence is of the form C ≡ D (which can be alternatively
expressed as C � D and D � C). An EL ontology is a finite set of
EL concept inclusions C � D. Given an EL ontology O, we write
NC(O) and NR(O) for the (finite) sets of concept and role names that
occur in O. In the literature, these sets are also called the signature of
O. We may omit ‘(O)’ and simply write NC and NR when O is clear
from the context. If, for all concept inclusions C � D in an ontology
O, at least one of C,D is in NC and it has at most one inclusion of the
form A � C for every A ∈ NC then we say that O is a terminology 3.
The semantics of EL is given by interpretations, as usual [7]. Given
an ontology O and a concept inclusion C � D, we say that O entails
C � D, in symbols O |= C � D, if all interpretations that satisfy
O also satisfy C � D. Also, given two ontologies O and H, we say
that they are equivalent, in symbols O ≡ H, if they are satisfied by
the same interpretations. In other words, if, for all concept inclusions
C � D, we have that O |= C � D ⇔ H |= C � D.

Exact Learning In Angluin’s exact learning framework, a learner
attempts to learn some abstract target – which in this work is an
EL terminology – from a teacher. The most studied communication
protocol between the learner and the teacher includes two kinds of
queries: membership queries, in which the learner asks whether a
given statement is true or false; and equivalence queries, in which the
learner gives a hypothesis as input and receives as return either ‘yes’
(meaning the hypothesis is equivalent to the target) or ‘no’ together
with a counterexample showing a difference between the hypothesis
and the target [3]. In our setting, membership queries ask whether

3 In the DL literature [7], we can see terminologies defined as a set of equiv-
alences with one of the sides in NC. Our notion is slightly more flexible.

an EL concept inclusion C � D is true or false (e.g., ask an LLM
whether Algae � Plant in Example 1 is true or false).

Simulating Equivalence Queries We use a sampling strategy to
simulate equivalence queries. Instead of asking the LLM to eval-
uate the hypothesis and provide a counterexample, we randomly
generate a set of EL concept inclusions and ask the LLM whether
it is true or false. Then we check whether the hypothesis of the
learner is consistent with the classification of the LLM. That is,
whether the true concept inclusions are logical consequences of the
hypothesis and whether false concept inclusions are not logical con-
sequences. If consistent, then we stop the learning process, other-
wise, we have found a counterexample and we can proceed as if
the LLM had answered an equivalence query with ‘no’ and returned
the counterexample. This sampling strategy and some heuristics have
been used in previous work in the literature to simulate equivalence
queries [33, 9]. Under certain conditions, it can be used to provide
a theoretical guarantee within the probably approximately correct
framework (PAC) [3, 32]. In this framework, the sample size is cal-
culated based on the hypothesis space H (in our case, EL terminolo-
gies of a certain size and shape formulated with a given signature),
and two parameters ε and δ quantifying error and confidence, respec-
tively. According to the theory behind PAC learning (see e.g., [29,
Cor. 2.3]), such sample should be at least ln(|H|/δ)/ε for finite H.

The Algorithm for EL Terminologies ExactLearner [13] is a tool
for learning EL terminologies. In the original work, a learner inter-
acts with a synthetic teacher that answers membership and equiva-
lence queries. The answers are logically consistent with a target EL
terminology and the communication is in OWL, not in natural lan-
guage. The main steps of the learning procedure is given by Algo-
rithm 1. The algorithm makes equivalence queries in Line 4 (‘does
H 	≡ O’?) and membership queries (‘does O |= C � D?’) in
Lines 6, 8 and 10. In Line 6, C′ � D′ is a counterexample extracted
from C � D where one of the sides is in NC(O). This line is en-
sured to find such counterexample because O is a terminology [13].
In Lines 6, 8 and 10, the algorithm performs different kinds of op-
erations that use membership queries, namely concept saturation for
O, sibling merging, decomposition on the right, and decomposition
on the left, plus two heuristics called desaturation and branching.
The exhaustive application of these operations result in concept in-
clusions that, intuitively, maximise how informative they are and also
minimise their size. These concept inclusions are called O-essential
and are added to the hypothesis (Line 11).

3 Language Models as Teachers

While it is easy to argue that LLMs can offer great opportunities
for knowledge acquisition in the format of ontologies, there are also
some challenges that need to be addressed. The main challenges are:

• the format of membership queries in the ExactLearner is in OWL,
but LLMs are designed to receive queries in natural language;

• the responses may not follow the expected format (even if we ask
the LLMs to just answer ‘yes’ or ‘no’);

• the length of the queries made by the ExactLearner can be long,
with several logical operators, which could affect the ability of
LLMs to answer queries correctly;

• even if answer has the right format and short, the responses of the
LLM may be logically inconsistent with previous answers, incor-
rect (and even change if asked multiple times);

• the knowledge that we aim to extract is limited by the expressivity
of the ontology language that we adopt.
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Algorithm 1: The learning algorithm for EL [13]

1 Input (to the learner): NC(O) ∪ NR(O) plus access to a
teacher that can answer membership and equivalence queries
(or just membership queries, for when equivalence queries
are simulated in a PAC setting).

2 Output: An EL terminology H computed by the learner such
that O ≡ H

3 Set H = {A � B | O |= A � B,A,B ∈ NC(O)}
4 while H 	≡ O do

5 Let C � D be the returned positive counterexample for
O relative to H

6 Compute C′ � D′ with C′ or D′ in NC(O)
7 if C′ ∈ NC(O) then

8 Compute a right O-essential α from
C′ � D′ � �

C′�F ′∈H F ′

9 else

10 Compute a left O-essential α from C′ � D′

11 Add α to H
12 return H

We now discuss how we address each of these challenges.

Input Format An important factor is the format of the query. We
use both the Manchester OWL syntax [20], as this is an ontology syn-
tax designed to be closer to natural language, and controlled natural
language. All queries in the Manchester OWL syntax are of the form
“[A] SubClassOf [B]”. In natural language, we substitute it with
“Can [A] be considered a subcategory of [B]? Answer only with
yes or no.”, where [A] and [B] are placeholders for the concept
expressions on the left and right hand side of the concept inclusion.
This corresponds to the third formulation by Funk et al. [18], cho-
sen in this work because it is closer to our setting. The translation of
OWL concept expressions into natural language is then recursively
applied to [A] and [B]:

1. if the query is of the form “[A] and [B]” then it is substituted
with “[A] that is also [B]”. The mapping is then recur-
sively applied to [A] and [B];

2. if the query is of the form “[r] some [A]”, where [r] is a role
name (or object property in OWL terminology), then it is substi-
tuted with “something that [r] [A]” and the substitution
is recursively applied to [A].

Example 3. The concept inclusion in OWL “Person SubClassOf
Human” is transformed into the question “Can Person be considered
a subcategory of Human?” As another example, the concept inclu-
sion “Carnivore SubClassOf Animal and eats some Meat” becomes
“Can Carnivore be considered a subcategory of Animal that is also
something that eats Meat?”. Finally, “(Bird and Fish) SubClassOf
Animal” is translated to “Can Bird that is also Fish be considered a
subcategory of Animal?”.

Unexpected Responses Another aspect to consider is that, in prin-
ciple, there are no constraints in the answer returned by the language
model. An LLM may answer with an arbitrary and unexpected re-
sponse, even if the expected answer is just a single word, like in the
case of membership queries in the exact learning model. To mitigate
this issue, one can explicitly tell the LLM to answer with ‘true’ or
‘false’. This particular request can be done in the question itself (e.g.,
appending “Answer with ‘true’ or ‘false’.” after the query) or by ex-
ploiting some hyper-parameters of the API of the LLM. In the second

case, one can use a system prompt – a.k.a., integrated text into each
query within the chat session – to enrich the model with additional in-
formation and useful to harness the response. We highlight that there
are also other hyper-parameters that could help driving the LLM’s re-
sponse into the desired format (e.g., temperature). Even with all these
precautions, the model may still return an unexpected response:

1. the answer can have more text than just ‘true’ or ‘false’,
2. both ‘true’ and ‘false’ can appear in the answer, or
3. the answer does not have ‘true’ nor ‘false’.

We avoided the first two cases by limiting the maximum number of
tokens. We treated the last case as if the LLM had returned ‘false’.

The Length of the Questions The implementation poses mem-
bership queries of the form “Can C be considered a subcategory of
D?”. For an ontology reasoner such as Hermit [21] or ELK [23],
having complex expressions, with a number of conjuncts or a large
number of nested existential quantifiers neither affects the behaviour
of the reasoner nor the correctness of the responses, provided there
are enough computational resources. However, this is not the case
for LLMs. In our experiments, we observed that some LLMs tend to
simply reply ‘True’ when the query gets long. To deal with this issue,
we have modified the ExactLearner in the following ways:

• the first simplifies concept expressions by omitting concept names
that are implied by other concept names in a concept expression,

• the second splits a long question with multiple conjuncts into sev-
eral smaller questions.

That is, in the first case, if the concept expression is of the form, e.g.,
A �B and the hypothesis of the learner entails A � B then one can
think of B as being “redundant” and omitting it has no effect from
the logical point of view, though, it does shorten the length of the
question (see e.g. [5] for earlier works on concept reduction). More
precisely, the simplification operation can be described as:

• Concept simplification for H: if H |= C � D and C,D are
conjuncts of a node in a concept expression then we remove D
from that label.

This operation is applied exhaustively to both sides of an inclusion
and, even though it would work for arbitrary concepts C,D, it is
currently only implemented for the case in which C,D are concept
names. The simplification may happen in any node of a concept,
including non-root nodes (e.g., E � ∃r.(C � D) would become
E � ∃r.C and ∃r.(C �D) � E would become ∃r.C � E ). In the
second case, rather than asking “Can C be considered a subcategory
of D1 and . . . and Dn?”, which would often happen as a result of
apply concept saturation, the algorithm asks “Can C be considered
a subcategory of D1?”, . . ., “Can C be considered a subcategory of
Dn?” and collects the answers to all these smaller questions. Since
{C � D1 � . . . � Dn} ≡ {C � D1, . . . , C � Dn}, having ‘yes’
to all of the smaller questions corresponds to ‘yes’ for the complex
question. However, as e.g., {C � ∃r.(D1 � . . . � Dn)} 	≡ {C �
∃r.D1, . . . , C � ∃r.Dn}, this strategy cannot be applied to concept
saturation on “non-root nodes”. With these modifications, we miti-
gate the biased behaviour of LLMs answering ‘true’ to long queries.

Correctness and Logical Consistency We also need to deal with
challenges regarding the correctness of the responses (assuming that
the format of the responses returned by the language model is as ex-
pected). Actively learning ontologies has been investigated for var-
ious fragments of EL [25, 28, 13], though, without using LLMs as

M. Magnini et al. / Actively Learning EL Terminologies from Large Language Models1794



teachers. If an LLM is playing the role of the teacher then there is
no guarantee that the responses are correct (in the sense of reflecting
the ‘truth’ about the real world) and, moreover, that they are logically
consistent with any EL ontology. Indeed, it is known that LLMs can
learn statistical features instead of performing logical reasoning [35].
So, we need to consider the following kinds of errors:

1. C � D is ‘false’ (cf. the real world) but the LLM answers ‘true’;
2. C � D is ‘true’ (cf. the real world) but the LLM answers ‘false’;
3. all concept inclusions in O = {C1 � D1, . . . , Cn � Dn} are

answered by the LLM with ‘true’, O |= C � D but the LLM
answers C � D as ‘false’.

The last case is a logical inconsistency. Our strategy to handle this
issue is to consider the closure under logical consequence [8]. That
is, in Item 3, we consider C � D as ‘true’. There is also no guarantee
that an LLM will never change its answer. We deal with this using a
cache system that keeps only one answer (the first) to a given query.
Also, there is no perfect way for us to know what is true/false in the
real world. We assume that the ontologies in the datasets used in the
evaluation are mostly correct w.r.t. the real world.

Expressivity The algorithm will focus on extracting ontologies
that are EL terminologies, while the knowledge we attempt to ex-
tract may be better expressed in richer languages. EL is a popular
description logic, used as basis for many real-world ontologies in
the medical domain [2, 1], meaning that interesting concept inclu-
sions can still be expressed in this language. Previous works have
explored the idea of extracting an approximation of an ontology in a
richer language into Horn logic [10], which EL falls into as a special
case. Some of the benefits of working with EL are the complexity
of reasoning [6], which is in polynomial time, and the existence of
tools that can efficiently perform automated reasoning in EL ontolo-
gies [23], a feature that we extensively use for building them.

4 Experiments

The code of the experiments is available on GitHub 4. We conducted
all experiments on a workstation equipped with two NVIDIA Tesla
V100S-PCIE-32GB GPUs and dual Intel© Xeon© Gold 6226R
CPUs (64 threads in total). The system was running CUDA 12.5 with
NVIDIA driver version 535.183.01.

In more detail, we describe our evaluation approach. Algorithm 1
takes as input the signature (finite sets of concept and role names)
and builds an EL terminology by posing membership and equiva-
lence queries. As mentioned, we simulate equivalence queries with
a sample of concept inclusions randomly generated and answered
by an LLM, we refer to this as PAC sample. For a given ontology
O, with n logical axioms (concept inclusions and equivalences), the
PAC sample size is ln(An/δ)/ε, where δ = 0.1, ε = 0.2, and A is
the number of all possible axioms of the form

A � B,A �B � C,B � ∃r.A, and ∃r.A � B

with A,B,C ∈ NC and r ∈ NR, that can be formulated with NC(O)
and NR(O). We call normalized the axioms in these 4 formats. We
test the ability of ExactLearner+LLM to reconstruct existing ontolo-
gies by posing queries to LLMs.

4 https://github.com/MatteoMagnini/ExactLearner-LLM/

Hypotheses In our experiments, we test the following hypothe-
ses: (1) even though LLMs may make mistakes, and the simulation
strategy does not guarantee exact learnability, we expect that there
is a correlation between the ontologies built by ExactLearner+LLM
and the original ontologies; (2) we expect that queries with our own
parsing function to (controlled) natural language will give better re-
sults than just using the OWL Manchester syntax; (3) we expect that
bigger LLMs will perform better than smaller ones; (4) we expect
that ontologies expressing common knowledge such as family rela-
tions will be easier to learn than ontologies with specialized knowl-
edge (such as medical ontologies); and (5) we expect that the sim-
plification that we introduced (see Section 3, about the length of
the questions) will improve the performance of the LLMs (and thus
improve the performance of the ontologies constructed by our Ex-
actLearner+LLM tool).

To test our hypotheses, we have considered the following datasets
of ontologies, LLMs, and system prompts.

Datasets We first consider 5 small ontologies used as benchmark in
the ExactLearner tool [13]. Then, we include 10 modules extracted
from the GALEN ontology [2], with medical information. The on-
tologies in the first case are:

1. Animals contains knowledge related to the animal realm, includ-
ing actual animals, subphyla, classes, orders, etc.;

2. Cell provides information about different cells based on their type,
development stage and organism;

3. Football is a minimal ontology that describes the relations be-
tween the football game, the teams, the players and the manager;

4. Generations describes the members and relations within a family;
5. University is a small ontology, focusing on the professor role.

Table 1 presents the size of the signature (number of concept and
role names) in these ontologies. We also have the number of logical
axioms (concept inclusions and equivalences), PAC sample size, and
the number of possible normalised axioms with the signature.
Table 1: Ontology statistics and PAC sample sizes with ε = 0.2 and
γ = 0.1. NC and NR are the number of concept and role names
occurring in the ontologies.

Ontology NC NR Log. Ax. PAC Sample Poss. Ax.

Animals 17 4 12 542 6,936
Cell 22 0 24 1,119 10,164
Football 10 3 9 341 1,500
Generations 20 4 18 847 10,800
University 7 3 4 139 588

As mentioned, we also perform experiments with modules ex-
tracted from the GALEN ontology. This is a large ontology, with
22, 286 concept names, 950 role names, and 46, 558 logical axioms.
Even though the ontology is large, not all axioms are ‘connected’
to each other. That is, this ontology has information about diabetes,
mental health, etc., and e.g. the axioms related to diabetes have no
reference to those on mental health. In practice, one can separate
GALEN into smaller ontologies, preserving the entailments. We use
modularisation not only to tame the size of the PAC sample but also
to select a signature with terms that are within the ‘same topic’ (e.g.,
the set of terms related to diabetes). To do so, we use the modu-
larisation method described by Grau et al. (2008) with the bottom
locality strategy 5. This method generates 22, 286 modules, one for
each concept name. From these, we randomly selected 10 modules
after filtering them with the following criteria:

5 https://github.com/ernestojimenezruiz/locality-module-extractor
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• a module must have at least one concept name and one role name;
• a module cannot have more than 50 concept names or role names.

Our experiments are intended to give a proof concept on how one can
work with large ontologies in our setting. However, to cover larger
modules, we would need a better strategy, which we leave as future
work. The modules used in the experiments are presented in Table 2
(module names are concept names used as seeds for the extraction).
Table 2: Ontology statistics and PAC sample sizes with ε = 0.2 and
γ = 0.1 for medical ontologies.

Ontology NC NR Log. Ax. PAC Sample Pos. Ax.

Ab. Elb. J. C. 27 14 43 2,286 39,366
BNF Sec. 36 24 80 4,646 107,568
Chlorhexidine 23 14 38 1,946 26,450
Cone of Tissue 42 42 100 6,163 220,500
Kalli Krein 18 10 27 1,279 11,988
Neon 16 10 25 1,149 8,960
Pin 43 40 99 6,113 225,578
Pros. Drug 29 14 47 2,540 47,096
Zopiclone 32 36 77 4,465 105,472
Zuccini 33 22 58 3,295 82,764

LLMs, query format, and prompts We use 4 open LLMs: Mis-
tral [15] with 7 billion parameters, Mixtral [22] with 47 billion pa-
rameters, Llama2 with 13 billion parameters and LLama3 with 8 bil-
lion parameters [31] (we use Ollama’s API6). Also, we use two dif-
ferent formalisms for the queries: the Manchester OWL syntax and
our parsing function to (controlled) natural language (see Section 3).
Finally, we explore two different system prompts: a basic one and a
more instructive one, called advanced, that provides contextual in-
formation to LLMs. For each combination of LLM, query format &
prompt, and ontology, the computation time varied between a few
minutes up to at most 2 h.

Simple system prompt

Answer with only True or False.

This first prompt is minimal; it simply asks the LLM to answer
with a single word, that is, “True” or “False”.

Advanced system prompt

You need to classify the following statements as True or False. The state-
ment will be provided in either Manchester OWL syntax or natural lan-
guage. Strictly follow these guidelines:
1. answer with only True or False;
2. entities with has part relation are not in a subclass relation;
3. statements or questions containing numerous entities are most probably
False;
4. take a deep breath before answering;
5. if you are unsure about the classification, answer with False.

The second prompt provides contextual information and tells the
LLM to follow some guidelines. Point 1 is the same sentence used
in the first prompt. Point 2 is a remark for the LLM to stress out that
there could be concept names that refer to a part of another concept
name and should not be put in a subclass relation [18]. For instance,
“Bird” has part “Wing” should not be in a subclass relationship as
“Bird” � “Wing”. Point 3 has the purpose to mitigate a behaviour
we observed of LLMs answering “True” to long queries (that is,
queries involving several concept names, role names, and logical op-
erators). Long queries may appear when the learner tries to compute
O-essential concept inclusions (Section 2). Point 4 is an expedient

6 https://github.com/ollama/ollama

found to be effective in improving LLM performance [34]. The last
point is a remark to be conservative in the replies.

We also like to detail two shrewdnesses that we used in the ex-
periments. First, in order to constrain the response of the LLM, we
set the maximum number of tokens 7 equal to 2, since we are inter-
ested only in short answers, ‘True’ or ‘False’. Second, we employ a
cache mechanism to store the answers of the LLMs. This is crucial
to reduce the computation time, in particular, because there are sit-
uations in which the algorithm would ask the same query (with the
same prompt) multiple times, and it is also a way of dealing with the
case in which the LLM would change the answer to the same query.

5 Evaluation and Results

We now present an evaluation of the results discussing whether our
initial hypotheses could be confirmed or not. We evaluate the results
of experiments by computing the following metrics: accuracy, preci-
sion, recall and F1-score. The metrics are computed considering all
possible axioms of the form

A � B,A �B � C,B � ∃r.A, and ∃r.A � B

that can be formulated with a finite signature. We remove tautologies,
which can be created in our case with axioms of the form A � A,
A � B � B, and A � B � A as they would trivially increase the
number of true positives, giving a false impression of a better perfor-
mance of the LLMs. Our language does not allow for the expression
of contradictions. The axioms that are both (resp. not) entailed by the
original ontology and the learnt ontology are labelled as true positive
(resp. true negative). Axioms entailed by the original ontology but
not by the learnt ontology are labelled as false negative, vice-versa
are labelled as false positive.

5.1 Learning Performance

Looking into the Animals ontology learned from Mistral, for exam-
ple, we see that it correctly learns that e.g. “Carnivore is an animal
that eats some meat” just as in the original ontology. However, it also
learns that “Carnivore is a mammal”, whereas in the real world there
are non-mammal carnivores. We also find that it learns that ‘Carni-
vore is an animal that eats some animal”, which is correct w.r.t. to
the real world but not entailed by the ontology in the dataset, used
as ground truth. Since it would be unfeasible to comment on all con-
cept inclusions that were learned or not, in the following, we present
aggregated results. Tables 3 to 5 contain the average results obtained
by running ExactLearner+LLM on the small ontologies with all the
LLMs, query formats, and prompt combinations.

Table 3: Results of ExactLearner+LLM grouped by ontologies.
Ontology Accuracy Recall Precision F1-Score

Animals 0.737 0.858 0.381 0.428
Cell 0.391 0.733 0.206 0.284
Football 0.553 0.89 0.422 0.477
Generations 0.691 0.658 0.564 0.476
University 0.622 0.629 0.313 0.302

In particular, Table 3 summarises the results grouped by ontolo-
gies. We can notice that different domains can affect the overall per-
formance of the algorithm using an LLM as a teacher. The cell on-
tology, which is tailored in a more technical domain w.r.t. the other
7 A token is a unit notion https://help.openai.com/en/articles/4936856. Usu-

ally it corresponds to a few characters – 1 token ≈ 4 characters – but the
size can vary a bit (e.g., a token can be a single punctuation symbol, a short
word, and so on). We need 2 tokens for the word ‘False’.
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Table 4: Results of ExactLearner+LLM grouped by models.
Model Accuracy Recall Precision F1-Score

Llama2 (13b) 0.521 0.71 0.294 0.314
Llama3 (8b) 0.43 0.947 0.218 0.333
Mistral (7b) 0.741 0.747 0.45 0.49
Mixtral (47b) 0.705 0.611 0.547 0.436

Table 5: Results of ExactLearner+LLM grouped by prompts.
Prompt Type Accuracy Recall Precision F1-Score

M. OWL Syntax 0.34 0.93 0.165 0.262
Natural Language 0.751 0.811 0.414 0.511
A. M. OWL Syntax 0.537 0.767 0.326 0.347
A. Natural Language 0.767 0.506 0.603 0.454

ontologies, has an average F1-score of 0.284. Ontologies tailored in
non-technical domains have higher average F1-score (e.g., animals
0.428, football 0.477, generations 0.476). This confirms our hypoth-

esis (4). Table 4 shows the aggregated results from LLMs. We ob-
serve that the choice of the LLM can have a significant impact on
the learning process. Mistral has the highest average F1-score (0.49);
models from the Llama family have a much lower average F1-score
(0.314 and 0.333). This does not confirm our hypothesis (3) because,
e.g., Mistral is smaller than Mixtral. Finally, Table 5 reports the re-
sults grouped by query format & prompt type. We notice a signifi-
cant performance gap between the prompts that use natural language
(0.511 and 0.454 average F1-score) w.r.t. the ones that use Manch-
ester OWL Syntax (0.262 and 0.347 average F1-score). This confirms
our hypothesis (2).

We showcase the (non-aggregated) results on an ontology where
the learner achieves good performance (Table 6) and one where the
performance is not good (Table 7). The remaining results for the
other small ontologies are reported in the Appendix [26]. Table 6
shows the individual performance on the Animals ontology. The best
F1-score (0.779) is obtained by Mixtral using the natural language
prompt. Also Mistral and Llama2 can achieve high F1-score (i.e.,
more than 0.7) in some configurations. Table 7 shows the individual
results on the Cell ontology, which has more technical symbols and
worse performance.

For our experiments using modules extracted from the GALEN
ontology, we select the best performing LLM according to Table 4
together with the advanced natural language prompt. We limit our
experiments to only one LLM because the modules are considerably
larger than the small ontologies and require more time to be learnt
(see the PAC Axioms column in Tables 1 and 2). Table 8 shows the
performance results. We can observe that some modules have a low
F1-score value (e.g., Neon 0.253, Zopiclone 0.263) and others have
higher values (e.g. Prostaglandin Drug 0.434, Kallikrein 0.414). Such
heterogeneous results can be explained by the fact that the LLMs
were not fine-tuned to answer questions in the medical domain. How-
ever, we point out that all experiments with these ontologies passed
a Chi-Square correlation test. This confirms our hypothesis (1).

To test our implementation on a teacher that perfectly answers
membership queries, we also run ExactLearner+LLM using the syn-
thetic teacher previously presented in the ExactLearner work [13].
Table 9 reports the statistics of the learnt ontologies (both the small
ontologies and the modules). Because the synthetic teacher has full
knowledge of the target ontology, the precision column is always 1.
The other metrics do not necessarily reach 1, since our stopping cri-
terium is based on PAC (with ε = 0.2 and δ = 0.1).

5.2 Learner Behaviour

We analyse the operations performed by the learner during the
learning process. Figure 1 shows the percentages of the operations

Figure 1: Aggregated results of the operations performed by the
learner during the PAC learning of all the ontologies grouped by
teacher type (LLMs and synthetic).

Figure 2: Average number of membership and (simulated) equiva-
lence queries grouped by LLM. Each equivalence query is simulated
by a batch of randomly generated queries.
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Table 6: Individual results of ExactLearner+LLM on the Animals on-
tology. All the results have been analysed with the Chi-Squared test.
The null hypothesis is that there is no correlation between the ontol-
ogy constructed by ExactLearner+LLM and the Animals ontology.
They all have p-value lower than 0.05 (i.e., refused null hypothesis).

Model Prompt & Query Accuracy Recall Precision F1-Score

Llama2 (13b)

M. OWL Syntax 0.276 0.982 0.074 0.138
Natural Language 0.859 0.930 0.286 0.437
E. M. OWL Syntax 0.380 0.945 0.083 0.152

E. Natural Language 0.970 0.651 0.801 0.718

Llama3 (8b)

M. OWL Syntax 0.309 1.000 0.078 0.145
Natural Language 0.920 0.890 0.414 0.565
E. M. OWL Syntax 0.314 0.985 0.078 0.145

E. Natural Language 0.894 0.842 0.339 0.483

Mistral (7b)

M. OWL Syntax 0.552 0.996 0.116 0.207
Natural Language 0.955 0.912 0.575 0.706
E. M. OWL Syntax 0.830 0.945 0.250 0.396

E. Natural Language 0.943 0.890 0.511 0.649

Mixtral (47b)

M. OWL Syntax 0.712 0.904 0.158 0.269
Natural Language 0.970 0.893 0.690 0.779
E. M. OWL Syntax 0.960 0.739 0.636 0.684

E. Natural Language 0.955 0.228 1.000 0.371

Table 7: Individual results of ExactLearner+LLM on the Cell ontol-
ogy. All the results have been analysed with the Chi-Squared test.
The null hypothesis is that there is no correlation between the on-
tology constructed by ExactLearner+LLM and the Cell ontology. A
yellow line means that the p-value is greater than 0.05 (i.e., the null
hypothesis cannot be refused). The red line means that no axiom has
been learnt (i.e., empty ontology).

Model Prompt & Query Accuracy Recall Precision F1-Score

Llama2 (13b)

M. OWL Syntax 0.163 1.0 0.163 0.280
Natural Language 0.586 0.715 0.241 0.360
E. M. OWL Syntax 0.163 1.0 0.163 0.280

E. Natural Language 0.830 0.002 0.049 0.005

Llama3 (8b)

M. OWL Syntax 0.163 1.0 0.163 0.280
Natural Language 0.208 1.0 0.171 0.292
E. M. OWL Syntax 0.208 1.0 0.171 0.292

E. Natural Language 0.254 1.0 0.179 0.304

Mistral (7b)

M. OWL Syntax 0.254 1.0 0.179 0.304
Natural Language 0.779 0.432 0.354 0.390
E. M. OWL Syntax 0.224 0.946 0.167 0.284

E. Natural Language 0.769 0.337 0.308 0.322

Mixtral (47b)

M. OWL Syntax 0.163 1.0 0.163 0.280
Natural Language 0.654 0.970 0.317 0.477
E. M. OWL Syntax 0.840 0.320 0.514 0.394
E. Natural Language - - - -

grouped by LLMs and synthetic teacher. We observe that the LLMs
share a similar pattern. Saturation is the most frequent operation and
occurs more than half the time. Then, the remaining operations per-
formed by the learner are decompose right, decompose left and de-
saturation. Instead, while using the synthetic teacher, the learner only
performs saturation and right decomposition. We also report in Fig-
ure 2 the average number of membership and (simulated) equiva-
lence queries made by the learner grouped by LLM. The LLM plays
an important role in affecting the average number of queries that the
learner poses during the learning process.

The combination of the simplification and splitting operations im-
proved the results of the F1-score for most combinations of LLMs
plus prompt. This confirmed our hypothesis (5). This was particu-

Table 8: Results of the Exact Learner using Mistral with the advanced
system prompt and the natural language query format on the modules
of Galen. The orange colour line means that we ran out of memory.

Ontology Accuracy Recall Precision F1-Score

Above Elbow Jacket Cast 0.86 0.185 0.441 0.261
BNF Section 13.11 0.834 0.394 0.341 0.365
Chlorhexidine 0.891 0.199 0.522 0.288
Cone of Tissue - - - -
Kallikrein 0.877 0.283 0.771 0.414
Neon 0.868 0.163 0.564 0.253
Pin 0.87 0.482 0.204 0.287
Prostaglandin Drug 0.887 0.36 0.546 0.434
Zopiclone 0.923 0.233 0.303 0.263
Zuccini 0.915 0.182 0.588 0.278

Table 9: Results of ExactLearner+LLM with the synthetic teacher on
small ontologies and modules extracted from Galen.

Ontology Accuracy Recall Precision F1-Score

Animals 0.997 0.941 1.0 0.97
Cell 1.0 1.0 1.0 1.0
Football 0.995 0.969 1.0 0.984
Generations 0.977 0.859 1.0 0.924
University 0.984 0.794 1.0 0.885
Above Elbow Jacket Cast 0.991 0.932 1.0 0.965
BNF Section 13.11 0.992 0.935 1.0 0.967
Chlorhexidine 0.993 0.936 1.0 0.967
Cone of Tissue 0.996 0.931 1.0 0.964
Kallikrein 0.994 0.962 1.0 0.981
Neon 1.0 1.0 1.0 1.0
Pin 0.997 0.94 1.0 0.969
Prostaglandin Drug 0.993 0.941 1.0 0.97
Zopiclone 0.995 0.916 1.0 0.956
Zuccini 0.993 0.918 1.0 0.957

larly significant for the Mistral model with the NLP prompt, where
the F1-score went from approx 0.5 to approx 0.7. We report an ab-
lation study of the simplification and splitting operations for all the
combinations of LLM and prompt in the small ontologies of the Ex-
actLearner benchmark in the Appendix [26].

6 Conclusion and Discussion

We present ExactLearner+LLM, a novel extension of the Ex-
actLearner tool that exploits an LLM as a teacher to learn EL on-
tologies. During the active learning process, we employ the PAC
learning framework to simulate equivalence queries. We adapt tool
to deal with the challenges posed by the use of an LLM as a teacher,
such as the input format of the queries, the handling of unexpected
responses, and possible lack of logical consistency.

We introduce mechanisms to shorten the length of the query (sim-
plification and splitting), to tail our solution to the behaviour of
LLMs. Finally, we perform extensive experiments with different on-
tologies and LLMs to validate our tool. The results indicate that, in
most cases, there is statistical evidence of correlation between the
extracted concept inclusions and those on the original ontologies.

In summary, the present findings provide valuable insight into the
performance of various models. Key observations include:

1. concept inclusions of the form A � B are much easier to learn
than A � ∃r.B or ∃r.B � A, with A,B ∈ NC, so ontologies
with proportionally more of the two latter types of concept inclu-
sions had worse results;

2. operations such as saturation, desaturation and right decomposi-
tion were more successfully applied;

3. Mistral has superior performance w.r.t. other models in our exper-
iments, including the larger Mixtral model;

4. across almost all ontologies, models achieve better performance
when queries are expressed with a natural language prompt, cus-
tomized system prompts also significantly changed the results.

The results were obtained without proper training or fine-tuning of
the models, with zero-shot good learning performance in most cases.
In contrast to a simple generative approach to create ontologies, our
approach is guaranteed to build a terminology in EL, with the de-
sired vocabulary. As future work, it would be interesting to inves-
tigate more efficient ways of finding counterexamples than random
sampling, which could improve scalability. Also, we would like to
improve on the expressivity of the ontology language that we con-
sider. Finally, for ontologies with technical terms, such as medical
ontologies, we would like to explore LLMs tailored to answer ques-
tions on these specific domains.
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