Semantics-Aware Caching for Concept Learning

Abstract. Concept learning is a form of supervised machine learning that oper-
ates on knowledge bases in description logics. State-of-the-art concept learners
often rely on an iterative search through a countably infinite concept space. In
each iteration, they retrieve instances of candidate solutions to select the best con-
cept for the next iteration. While simple learning problems might require a few
dozen instance retrieval calls to find a fitting solution, complex learning problems
might necessitate thousands of calls. We alleviate the resulting runtime challenge
by presenting a semantics-aware caching approach. Our cache is essentially a
subsumption-aware map that links concepts to a set of instances via crisp set
operations. Our experiments on 5 datasets with 4 symbolic reasoners, a neuro-
symbolic reasoner, and 5 popular pagination policies demonstrate that our cache
can reduce the runtime of concept retrieval and concept learning by an order of
magnitude while being effective for both symbolic and neuro-symbolic reasoners.

1 Introduction

Knowledge bases are now first-class citizens of the Web, with roughly 50% of websites
hosting assertions from RDF knowledge bases.! Given the advent of machine learning
across disciplines and on corpora of increasing size, it stands to reason that the over
10*! assertions available on the Web need to be made amenable to machine learning.
Embedding approaches and geometric deep learning are used to map the constituents
of knowledge bases to vectorial representations [32]. However, these approaches do not
make explicit of the semantics of RDF knowledge bases. In contrast, concept learning
(also called class expression learning, short: CEL) [10, 25, 14] is designed to exploit the
explicit semantics of description logics to derive ante-hoc explainable models.

The goal of CEL is, given a set of positive and negative examples, to describe the
set of positive examples and not the set of negative examples. This task is equivalent
to learn a class expression that describes individuals provided as positive examples [20,
19]. This problem is inherently challenging, as most CEL algorithms operate over a
quasi-ordered infinite hypothesis space defined by the expressivity of the underlying
description logic (short: DL). The majority of state-of-the-art CEL methods adopt a
top-down refinement strategy, which initiates the search from the most general concept
(e.g., T) and incrementally specializes it through a sequence of refinement steps [20].
This iterative process continues until a hypothesis that best approximates the target
concept in terms of covering positive examples while avoiding negatives is reached.

CEL has demonstrated its effectiveness across various application domains. In soft-
ware engineering, it has been employed to support the development of software in-
formation systems by facilitating semantic integration and information retrieval [22].
In ontology engineering, CEL contributes to the (semi-)automatic construction, refine-
ment, and validation of ontologies by learning new concept definitions from instance

! https://webdatacommons.org/structureddata/
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data [20]. In the medical field, CEL has been applied to tasks such as the prediction of
protein functions, where logical definitions of protein classes enhance interpretability
and biological insight [18]. Additionally, it has been used in content recommendation
systems, where learned class expressions help model user preferences and content cat-
egories in a transparent and semantically meaningful manner [24].

A central bottleneck in CEL is the repeated use of DL reasoners to evaluate can-
didate class expressions. Each candidate must be passed to a reasoner to retrieve its
instances, an operation that is both computationally expensive and invoked thousands
of times during the search. Accelerating this evaluation step, therefore, has a direct and
substantial impact on the overall runtime of CEL algorithms. This work targets this
bottleneck by accelerating the reasoner performance as a foundational component of
efficient CEL.

We introduce a semantic caching mechanism designed to accelerate instance re-
trieval in Description Logic reasoners. Our contribution can be summarized as follows:
regardless of the underlying reasoner our approach can substantially improve perfor-
mance by up to 80% for slower reasoners and by up to 20% for faster ones, provided
that sufficient cache capacity? is available.

Traditional approaches, such as ELK [15], demonstrate how materialization-based
techniques can drastically improve reasoning efficiency by precomputing subsumptions
and class memberships. While our work shares with ELK the overarching goal of scala-
bility, the two approaches are fundamentally different. ELK is itself a highly optimized
reasoner restricted to the ££7 description logic. In contrast, our method is not a new
reasoner but rather a complementary caching layer that accelerates existing reasoning
tasks. For this reason, a direct experimental comparison is not meaningful. Instead,
our approach leverages the semantics of ALC to systematically compose the set of in-
stances of complex concepts. By reusing previously computed results through caching,
our method avoids redundant reasoning calls and significantly reduces the computa-
tional cost of instance retrieval of a given reasoner.

We demonstrate that this mechanism can be integrated with little effort into existing
reasoning pipelines by evaluating the performance of 4 symbolic and 1 neuro-symbolic
reasoners with and without our cache within the setting of concept retrieval and concept
learning. Our results suggest that our caching approach can also reduce concept learning
runtimes by up to three orders of magnitude. Our codes, datasets, and experimental
setup can be found in the supplementary material 3.

2 Background

2.1 Concept learning algorithms

CEL algorithms have significantly evolved during the last decade. Among the early
approaches, CELOE [19], OCEL, and ELTL [6] are foundational examples of search-

% In our experiments, cache capacity refers to the number of distinct class expressions and their
retrieved instances that can be stored in the cache dictionary, rather than physical memory
usage.

3 https://anonymous.4open.science/t/Cache-algorithm-for-concept-learners-F772/
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based CEL methods. These algorithms rely on refinement operators to iteratively gen-
erate and evaluate candidate class expressions and are all implemented into the DL-
Learner framework [20]. OCEL uses heuristic rules to guide the search process, reduc-
ing the exploration of irrelevant or overly complex expressions. CELOE extends upon
OCEL by improving the heuristic function, prioritizing syntactically shorter and seman-
tically relevant expressions, which has made it one of the most effective search-based
CEL algorithms within the DL-Learner framework [16].

EvoLearner [12], a more recent development, takes an evolutionary approach to
CEL. Instead of relying only on refinement operators, EvoLearner initializes its popu-
lation of candidate expressions through random walks on the knowledge graph, which
are then converted into description logic concepts represented as abstract syntax trees.
These candidate concepts are refined further using mutation and crossover operations,
enabling EvoLearner to outperform traditional refinement operator-based methods like
CELOE and OCEL in both efficiency and accuracy. Another example is ECII [26], a
search-based algorithm that does not employ refinement operators, invoking a reasoner
only once during execution. This design choice allows ECII to bypass the iterative com-
putational overhead which is common in traditional methods.

As ontologies grow increasingly complex and data sets expand, the runtime limita-
tions of these traditional approaches have become more apparent. Therefore, acceler-
ating CEL has been crucial in the field of machine learning, with diverse methods ex-
plored to overcome the computational costs inherent to this domain. Recent efforts have
focused on addressing these challenges through neural and neuro-symbolic methods.
Neural Class Expression Synthesis (NCES) [16], represents a significant departure from
traditional search-based methods. NCES employs neural networks to synthesize class
expressions directly, avoiding the exhaustive refinement process and reducing compu-
tational overhead. NCES2 has further extended this approach [17], which broadens its
applicability to more expressive description logics, such as ALCHZ QT , enabling CEL
for more complex and expressive ontologies.

Another promising approach is Neuro-Symbolic Class Expression Learning (DRILL)
[8], which addresses the limitations of heuristic-based methods like CELOE and OCEL.
Traditional methods rely heavily on myopic heuristics and fixed rules for redundancy
elimination and expression simplification, which can lead to suboptimal runtimes and
memory inefficiencies. DRILL leverages deep Q-learning to dynamically adapt the
search process, reducing runtimes and memory requirements while enhancing scalabil-
ity. This reinforcement learning paradigm overcomes the drawbacks of fixed heuristic
rules, providing a more flexible and efficient framework for CEL.

Other noteworthy approaches to CEL include CLIP [13], a pruning method that ex-
tends CELOE that integrates neural networks to predict an approximate solution length,
thereby streamlining the concept learning process. Similarly, DL-Focl [25], a variant of
DL-Foil [9], introduces omission rates to prune the search space and further accelerate
the learning process.

Despite recent progress, scaling CEL methods remains a major challenge due to
persistent memory and runtime constraints [8, 16]. Caching mechanisms offer a promis-
ing solution by optimizing instance retrieval—the primary computational bottleneck
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in CEL. The following subsection explores caching algorithms and eviction strategies
aimed at improving the scalability and efficiency of CEL systems.

2.2 Cache algorithms with replacement policies

Caching has long been recognized as a powerful technique to avoid redundant computa-
tions by reusing precomputed objects. By storing frequently accessed or computation-
ally expensive data for future use, caching systems significantly reduce computation
time and enhance overall efficiency. This concept finds widespread applications in var-
ious domains, including storage systems, databases, and web servers [21].

Every caching mechanism requires dedicated memory space to store objects. How-
ever, memory resources are inherently limited, necessitating a strategy to manage the
space effectively when the cache becomes full. Objects already present in the cache
must be removed to accommodate new objects. This eviction process is governed by a
replacement policy, which selects the objects to evict from the cache. This policy plays
a crucial role in the efficiency of caching systems. The choice of a replacement policy
significantly impacts the effectiveness of a caching system. An optimal replacement
policy minimizes computation time and resource usage, leading to improved overall
system performance [27]. The theoretical ideal, known as Belady’s optimal replace-
ment policy [3], evicts the object that will not be accessed for the longest period in the
future. While Belady’s approach offers optimal performance, its practical implementa-
tion is infeasible because predicting future access is impossible in real-world scenarios.

Instead, practical cache replacement policies have been developed, each leverag-
ing specific heuristics to make eviction decisions. Among these are policies based on
frequency, where eviction decisions are determined by how often an object has been ac-
cessed. Notable examples include Least Frequently Used (LFU) and Most Frequently
Used (MFU) strategies, along with their variants. LFU evicts objects with the lowest ac-
cess frequency, while MFU does the opposite, removing the most frequently accessed
objects. Another widely adopted category of policies is based on recency, which con-
siders the timing of an object’s last access. For instance, the Least Recently Used (LRU)
strategy evicts objects that have not been accessed for the longest time, while the Most
Recently Used (MRU) strategy prioritizes removing the most recently accessed objects.
Some other methods, like ARC (Adaptive Replacement Cache) [21] have been proposed
and it combines both recency and frequency policies.

Policies based on the order of entrance into the cache form yet another category.
These include First In, First Out (FIFO) and Last In, First Out (LIFO) strategies. FIFO
removes the oldest object in the cache, whereas LIFO eliminates the most recently
added object. Following the same idea as the ensemble learning technique in machine
learning, [1] used LRU, LFU and FIFO together to decide which objects should be
evicted from the cache.

In our experiments, we aimed to evaluate the impact of policies based on recency
and order of entry on the performance of reasoners, and we observed that policies
based on frequency yielded similar results to recency based—specifically, MRU be-
haved similarly to MFU, and LRU to LFU. Additionally, we investigated the Random
Placement (RP) strategy, which involves randomly evicting an object from the cache to
make space for a new one. While modern approaches, such as those leveraging machine
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learning, deep learning, and reinforcement learning [27, 33], have been explored to en-
hance cache replacement policies, these methods fall outside the scope of our study.

2.3 Metrics

The performance of a caching system is typically evaluated using the hit ratio and the
total runtime with and without cache. The hit ratio is given by

hit ratio =

H 1
H+M’ )
where H and M represent the number of cache hits (data found in the cache) and
cache misses (data not found in the cache), respectively. The hit ratio measures the
proportion of requests successfully served from the cache, indicating the efficiency of
the caching strategy in reducing computational overhead. Conversely, the miss ratio
(1 — hit ratio) quantifies the proportion of requests that could not be served from the
cache, reflecting the instances where the system had to compute or retrieve the required
data anew. Cache algorithms aim to maximize hit ratios and consequently minimize the
miss ratios, as they signify reduced reliance on expensive computations and improved
system efficiency.

Our work builds on these foundations by introducing a simple yet powerful caching
mechanism tailored specifically for semantic reasoning tasks. By focusing on the sub-
sumption relationships between concepts, we provide a novel perspective on integrating
caching into CEL pipelines. The next section delves deeper into our proposed algo-
rithms with a focus on how they can be used to accelerate instance retrieval in CEL.

3 Preliminaries

3.1 Description Logics and Knowledge Bases

Description Logics (DLs), initially introduced by Brachman [5], are a family of knowl-
edge representation languages that can be seen as decidable fragments of first-order
logic [20]. They serve as a formalism for representing structured and well-understood
knowledge [22, 2]. DLs provide the foundation for modeling ontologies by enabling the
expression of concepts (classes), roles (relationships), and individuals in a formal and
logically grounded manner.

These logics range in expressivity, from simpler ones such as ££ and ALC to more
expressive variants like SHOZQ and SROZQ, which underlie standards such as OWL
DL.

A Description Logic-based knowledge base (KB) is typically defined as a pair
(T, A), where T is the TBox (terminological box) and A is the ABox (assertional
box). The TBox contains general concept inclusions, i.e., axioms of the form C' C D,
capturing hierarchical relationships between concepts. The ABox, on the other hand,
contains instance-level assertions such as C(a) (individual « is an instance of concept
() and r(a,b) (individual a is related to b via role ), where C, D are concepts, r is a
role, and a, b are individuals.
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3.2 Class Expression Learning

Let N; be a set of individuals. Given a KB I, a description logic £ (e.g., ALC,
SHOIN, SROZQ), and sets ET C Nj of positive and E~ C Ny of negative ex-
amples, the goal of CEL is to construct a concept H in £ such that Vet € ET : K |
H(et)andVe™ € E~ : K | H(e™) [16,8,10]. A large proportion of the approaches
to CEL [20, 19, 10, 25, 14] rely on iterative search through the infinite space C(L£) of all
concepts that can be built in £. In each iteration, they compute candidate concepts C'
and their instances C' by issuing an instance retrieval query to a reasoner. As pointed out
by [14], this instance retrieval step is the main runtime bottleneck for concept learners.
In particular, concept learners may need to retrieve the instances of thousands of con-
cepts during each iteration, further exacerbating the computational load due to instance
retrieval.

Notation Unless stated otherwise, we adopt the following notations. Given a concept C,
Ret(C') denotes the retrieved instances of C'. Given a set S, |S| is the cardinal of S. N7,
N¢, and Np represent the set of named individuals, concepts, and roles, respectively.

4 Approach

While our approach is inherently adaptable to more expressive DL, this work specifi-
cally concentrates on the ALC DL. The syntax and semantics of ALC are presented in
Table 1.

Table 1: Syntax & semantics for ALC concepts. Z stands for an interpretation with
domain AZ.

Construct Syntax Semantics
Atomic concept A AT Cc AT
Atomic role T rT C AT x AT
Top concept T AT
Bottom concept 1 ]
Negation -C AT\ T
Conjunction cnbD ctnpD*
Disjunction cub ctuD*

Existential restriction 37.C'  {z | y.(z,y) € rF Ay € CF}
Universal restriction  V7.C' {z | Vy.(z,y) € rT — y e C*}

4.1 Overview

Our approach is based on the definition of subsumption: Let C' and D be two concepts.
If C C D, then Ret(C) C Ret(D). While a naive instance retrieval would check
whether C(a) holds for all a € Ny to compute Ret(C'), we are guaranteed to complete
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the same computation by checking solely |Ret(D)| individuals. Our intuition is that
if |Ret(D)| << | N, then the computation of Ret(C') should be more time-efficient
using our cache.

The formulation of our intuition elucidates the main challenge behind our approach,
i.e., finding the most specific D with C' C D. Determining whether C' C D is known
to be NP-hard in ALC [7] hence, we adopt the following set of heuristics:

-C=DNE—-CCD
-C=ICNAND=arT —-CLCD
n
-CCDiA...NCCD,—-CLC ] D
i=1
The correctness of these heuristics is a direct consequence of the definition of concept
subsumption. Based on these heuristics, we can now describe how our cache, which we
denote A, works. Given a concept C, we begin by searching for all D, in A’s key set
with C' C D; using the heuristics aforementioned. Then, we retrieve (| D; and check

whether C'(a) holds for every individual @ € () D;. In particular, if we can deduce

C = D for any D in A’s key set, then we simply fetch Ret(D) from A. The details of
our approach are described in Algorithm 3 and the subsequent sections.

Although the semantic cache algorithm can operate without an initialization phase,
we argue that performing this step is almost always worthwhile. When time permits,
especially for datasets that are frequently used—it is beneficial to perform this step to
improve effectiveness. We add the following precomputed instance retrieval results to

A:

- Ret(A) forall A € N¢
— Ret(—A) forall A € N¢
— Ret(Ir.C) forallr € Npand C € No U{T}

The details of this implementation is shown in Algorithm 1.

Algorithm 1 initalizeCache()

: forallr € Ngr do
store(Ir. T, Ret(Ir.T))

end for

: forall A € N¢c do
store( A, Ret(A))
store(—A, N1 \ Ret(A))
for all » € Ngr do

store(Ir. A, Ret(Ir.A))

end for

end for
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4.2 Fetching from Cache and Space Management

The overall space management of the cache is handled by Algorithm 2 while the cache
fetch is governed by Algorithm 3, which allows for the retrieval of instances of con-
cepts. The algorithm begins by checking whether the queried concept C' is a named
concept. In this case, its instances are already precomputed and can be returned imme-
diately without further reasoning. If C' is not a named concept, the algorithm considers
trivial cases (lines 2-5).

If the concept is neither named nor trivial, the algorithm proceeds recursively by de-
composing the concept according to its semantics. For negations (line 6), the instances
of the sub-concept are retrieved, and the complement with respect to N_1I is taken. For
conjunctions (line 8), the intersection of the instances of D and E is computed, while
for disjunctions (line 8), their union is returned. Existential restrictions (lines 12-23)
are handled by first computing the instances of the filler concept D and then iterating
over all individuals a € N7 to check, for each candidate b € instances (D), whether the
reasoner confirms that r(a, b) holds. If such a witness is found, a is added to the result
set. Universal restrictions (line 24) are reduced to a negated existential restriction, i.e.,
—(3r.=D), which is then handled by the previous case.

Once the recursive decomposition has been exhausted, the algorithm checks whether
the result for C' is already stored in the cache. If it is not, the reasoner is invoked to com-
pute the instances of C, and the result is stored in the cache as a new entry (lines 28-30).
This ensures that subsequent queries for the same concept can be answered without re-
peating the reasoning process. Finally, the result is returned from the cache (line 32).

Cache space management is handled by the Algorithm 2. When a new result R is
to be stored, the algorithm first checks whether the cache can accommodate it (line 1).
If the maximum size is exceeded, a purge operation is triggered to free space (line 2).
Afterwards, the pair (C, R) is added to the cache (line 4).

Algorithm 2 store (Concept C, Set R)

1. if R.size() + this.size() > maxSize then
2 purge(mazSize — R.size())

3: end if

4: add(C, R)

S Experiments

Our experiments are designed to evaluate the performance gains provided by our caching
system in both instance retrieval and concept learning tasks across multiple reason-
ers. To better understand the contribution of semantic awareness in our approach, we
compare three configurations: (i) no cache, (ii) our semantic cache, and (iii) the non-
semantic-aware variant of the cache (Non-semantic Cache). This cache follows the
same storage and retrieval interface as our semantic cache, but does not analyze the
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Algorithm 3 Semantics-based implementation of fetchInstances(Concept C)

1: if C ¢ Nc then
2 if C = T then
3 return N;
4. else if C = | then
5: return ()
6: else if C = —D then
7 return N7\ fetchInstances(D)
8: else if C' = D M E then
9: return fetchInstances(D) N fetchInstances(E)
10: else if C = D U E then
11: return fetchInstances(D) U fetchInstances(FE)
12: else if C = 3r.D then
13: Set instances = fetchInstances(D)
14: SetR=10
15: forac N; do
16: for b € instances do
17: if reasoner.check(r(a, b)) then
18: R.add(a)
19: break
20: end if
21: end for
22: end for
23: return R
24 else if C' = Vr.D then
25: return fetchInstances(—(3r.—D))
26: end if
27: end if
28: if — keys.contains(C') then
29: Set R = reasoner.getInstances(C')
30: store(C, R)
31: end if

32: return get(C)

syntactic or semantic structure of the concept expression. Unlike our semantic imple-
mentation, this baseline performs no decomposition into DL constructors, therefore
corresponds to a naive memoization mechanism and allows us to isolate the effect of
semantic awareness from the effect of caching alone.

Since, to the best of our knowledge, no existing caching mechanisms have been
specifically developed for class expression learning, nor even for instance retrieval, we
use these three settings as our baselines to assess the impact of caching and, more
importantly, the benefits of semantic-awareness in accelerating reasoning tasks.

The reasoners represent the state-of-the-art methods commonly used in the concept
learning framework. In our evaluation, we selected the symbolic reasoners JFact [31],
HermiT [11], Pellet [29], and its extended version Openllet [28]. Complementing these,
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Table 2: Datasets statistics. [NC]| is the total number of concepts generated on each
dataset. |Ind.| is the total number of individuals and |Prop.| is the total number of
properties (relations) in each dataset.

Dataset |Ind.| |Classes| |Prop.| |[TBox| |ABox| |NC]
Vicodi 33,238 194 10 204 116,181 2,105
Carcinogenesis 22,372 142 4 144 74,223 1,684
Mutagenesis 14,145 86 5 82 47,722 1,572
Family 202 18 4 26 472 1,236
Father 6 4 1 3 4 90

we included an embedding-based reasoner (EBR) [30], to explore a neural reasoning
paradigm.

The evaluation involves two stages. Initially, we measure the performance of the rea-
soners without using our caching mechanism. Following this, we integrate our caching
system into the experiments, varying the cache sizes to examine its impact. The cache
size is relative to the total number of concepts generated for each dataset; for example,
a cache size of 10% implies that the cache can accommodate up to 10% of the number
of generated concepts on the corresponding dataset (see Table 2 to see the number of
generated concepts on each dataset).

5.1 Experimental Setup

Concepts generation Even though this algorithm can be easily extended to more ex-
pressive DL (e.g. ALCZQ), we restrict our experiments to generate concepts of length
up to 5 in the ALC DL (see Table 1 for syntax). The refinement operator described in
[16] is used for this purpose. The total number of concepts generated for each dataset is
summarized in Table 2.

Datasets We evaluate our caching system on five benchmark datasets: Father, Family,
Carcinogenesis, Mutagenesis, and Vicodi [4]. The Father and Family datasets are rel-
atively small (based on the number of individuals) and are commonly used for testing
algorithms involving basic family and hierarchical relationships. To assess the scalabil-
ity of our approach, we used larger and more complex datasets: Vicodi, Carcinogenesis,
and Mutagenesis. These datasets are well-known in bioinformatics and cheminformat-
ics, containing detailed information about chemical compounds and their biological ef-
fects, such as carcinogenicity and mutagenicity [17]. The key statistics of these datasets
are presented in Table 2.

6 Results and Discussion

The results aim to demonstrate the impact of integrating our caching system on the per-
formance of reasoners across various datasets. The evaluation focuses on two critical
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metrics: runtime and hit ratio as functions of cache size. The results section is struc-
tured into three parts. First, we integrate our caching system with five distinct eviction
strategies—FIFO, LIFO, LRU, MRU, and RP—on small datasets, highlighting the dif-
ferences in reasoner speed with and without caching. This analysis illustrates how the
choice of cache policy interacts with our caching algorithm. Next, we identify the best-
performing eviction strategy and demonstrate its effectiveness in enhancing reasoner
performance on larger datasets when combined with our caching algorithm. Finally, we
show how the cache can be easily applied to speed up concept learning algorithms.

6.1 Application to Concept Retrieval

Runtime analysis In Figure 2, the gray dotted line represents the baseline performance
of each reasoner without caching. Since we reran the reasoner independently for each
cache size setting, the gray line is not perfectly flat but shows slight variations. Across
all reasoners, the integration of caching significantly reduces the run time, particularly
at larger cache sizes. Notably, the LRU eviction strategy consistently delivers the best
performance in minimizing run time. For example, when the cache has enough space to
contain 80% of the concepts, LRU enables dramatic run time reductions, outperforming
other strategies. On the other hand, the performance of eviction strategies such as RP
and MRU fluctuates, indicating less consistency across reasoners. LIFO also exhibits
reasonable run time reductions but is outperformed by LRU in most cases.

Hit ratio analysis Figure 3 illustrates the hit ratio performance on the Family dataset
(all the other datasets showed similar hit ratio behaviour). As expected, larger cache
sizes lead to higher hit ratios across all eviction strategies. LRU emerges as the most
efficient strategy, although all reasoners achieve near-perfect hit ratios at higher cache
allocations, LRU already shows high hit ratios at lower cache sizes (20%, 40%). In
contrast, FIFO and MRU exhibit slower increases in hit ratios, suggesting less efficient
utilization of cache space.

These results clearly indicate that our caching system enhances the performance
of all reasoners, with LRU consistently outperforming other eviction strategies. This is
evident in both reduced run times and increased hit ratios. This confirms the findings
of O’neil et al. [23] who proved the superiority of LRU among different replacement
policies. The scalability of our caching algorithm is demonstrated effectively on small
datasets, setting the stage for its evaluation on larger datasets.

Figure 1 presents the runtime performance of all reasoners on the Carcinogenesis
and Mutagenesis using the LRU eviction strategy. The results are shown as a function of
cache size, ranging from 10% to 100%. The dotted horizontal lines in each plot indicate
the baseline runtime of the reasoners without caching. Across both datasets, the runtime
consistently decreases as the cache size increases, highlighting the effectiveness of our
caching mechanism in improving performance.

HermiT, the slowest reasoner without caching, benefits the most, with performance
improvements reaching up to 60% at larger cache sizes. Similarly, EBR, while faster
than HermiT, shows runtime reductions of approximately 30% to 50%, also at higher
cache sizes. Pellet and Openllet show almost similar performance, with Openllet con-
sistently maintaining its position as the fastest reasoner, both with and without caching.
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Fig. 1: Run time performance vs cache size for five reasoners on large datasets. The
dotted horizontal lines represent the baseline performance of each reasoner without
caching.

They achieve runtime reductions of approximately 45% — 50% at higher cache alloca-
tions. JFact sits between these reasoners in terms of baseline performance and accel-
eration, achieving runtime reductions of 25% — 45% across high cache sizes. Notably,
the Carcinogenesis dataset shows slightly greater performance gains for most reason-
ers compared to the Mutagenesis dataset, reflecting the higher reasoning complexity of
Carcinogenesis and the cache’s ability to handle it effectively. For instance, the initial
runtime of EBR was approximately 700,000 seconds, corresponding to more than eight
days. However, with the integration of our cache, that runtime was drastically reduced
to around 100,000 seconds, approximately equivalent to just a single day. The dotted
baseline lines emphasize the advantage of integrating our cache, showcasing its ability
to accelerate reasoning processes even for computationally demanding datasets.

6.2 Application to Class Expression Learning

To assess the effectiveness of our caching algorithm in CEL, we evaluated its impact on
runtime performance across four datasets and several state-of-the-art CEL algorithms.
Specifically, we included three top-down refinement-based learners—OCEL, CELOE,
and CLIP—as well as EvoLearner, which follows a different strategy (see Section 2 for
details). All learning problems and corresponding sets of positive and negative exam-
ples were generated following the protocol introduced by [8], and are available in the
supplementary material. In this experiment, the maximum storage capacity of the cache
has been set to 1024 concepts.

The results presented in Figure 4 demonstrate the substantial impact our cache al-
gorithm has on accelerating the concept learning process, particularly for top-down
refinement-based learners such as OCEL, CELOE, and CLIP. Among these, OCEL
benefits the most. For instance, on the Carcinogenesis dataset, the average runtime of
OCEL drops dramatically from over 100 seconds without the cache to under 20 seconds
with it. Similarly, on the Mutagenesis dataset, the runtime decreases from more than 25
seconds to approximately 12 seconds. These improvements are consistent with OCEL’s
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Fig.2: Run time performance vs. Fig. 3: Hit score performance vs cache
cache size for each reasoner on the size for each reasoner on the Family
Family dataset. The gray dotted line dataset.

indicates the runtime of the reasoner
without our cache.

reliance on expensive instance retrieval operations, which our cache significantly opti-
mizes by avoiding redundant reasoning through semantic reuse.

By contrast, the non-semantic cache shows little to no improvement for most learn-
ers and, in some cases, even leads to worse performance. This degradation stems from
the cache being quickly filled with syntactically distinct but semantically irrelevant con-
cepts, overwhelming the memory with uninformative entries. As a result, many cache
lookups fail or return unhelpful data, causing additional overhead rather than reducing
it. These findings highlight the importance of semantic awareness: without it, caching
can hinder rather than help.

CELOE and CLIP also show measurable runtime reductions across datasets, al-
beit to a lesser extent. On the Vicodi dataset, CELOE’s average runtime drops from
roughly 135 seconds to about 100 seconds. These learners, while still based on top-
down refinement strategies, tend to produce fewer costly retrievals or shallower refine-
ment chains, which may explain why the performance gains, though present, are not
as dramatic as with OCEL. Nevertheless, the consistent improvements observed with
CELOE and CLIP confirm that our caching approach generalizes well across multiple
concept-learning systems that employ refinement operators.

However, EvoLearner shows no benefit from our caching mechanism. This result
aligns with EvoLearner’s nature, which does not follow a top-down refinement strategy.
Instead, EvoLearner begins the learning process by sampling a large population of can-
didate concepts and their associated individuals upfront. This sampling-based design
inherently reduces its reliance on repeated instance retrieval during the search process.
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Fig. 4: Average runtime of concept learners using no cache, the semantic cache, and the
non-semantic cache baseline across different datasets.

Furthermore, the large initial population leads to a wide set of unique candidate con-
cepts whose instance sets must be computed and stored early on. Attempting to cache
all this information is not only memory-intensive but also largely inefficient, as the like-
lihood of reusing these exact expressions is low in an evolutionary setting. As a result,
our cache provides limited benefit in EvoLearner’s workflow, explaining the difference
in runtime between the cached and non-cached variants.

7 Conclusion

In this work, we proposed a simple yet effective caching algorithm to optimize the re-
trieval process, which is the most computationally intensive task in concept learning. By
integrating our caching mechanism with various cache eviction strategies, we demon-
strated its ability to enhance reasoners’ performance significantly. Our results showed
that the LRU eviction strategy works best with our cache, improving reasoning speed by
at least 20% and up to 60% in some cases. This work highlights the importance of lever-
aging semantic caching to alleviate computational bottlenecks in ontology-based sys-
tems, providing a powerful yet straightforward solution for accelerating concept learn-
ing workflows.
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