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Abstract

Unlike many black-box machine learning models, logical rules offer
human-understandable explanations for decision-making processes,
which is especially important in transparency-critical domains like
finance and healthcare. Traditional rule learning methods primar-
ily rely on structured knowledge from Knowledge Graphs (KGs),
which cannot align the learned rules with commonsense reason-
ing, leading to potentially incorrect rules. While Large Language
Models (LLMs) offer rich commonsense knowledge, they are prone
to hallucinations, which hinder their reliability in learning logical
rules. The structured knowledge in KGs can serve as an external
reference to mitigate these hallucinations. To leverage the strengths
of both approaches, we propose a unified framework CSRL to in-
tegrate the commonsense knowledge of LLMs with the structured
knowledge from KGs for logical rule learning. CSRL achieves a
seamless integration of these two types of knowledge. On one
hand, it samples multiple instances of each rule based on the KG
structure and exploits LLMs to check the reliability of a rule based
on such multiple cases, thereby effectively reducing the effect of
hallucinations. On the other hand, CSRL utilizes commonsense
knowledge from LLMs to guide dynamic and efficient sampling of
useful path instances within KGs. Extensive results from quantita-
tive KG completion experiments and qualitative LLM/human-based
semantic assessments demonstrate that our algorithm not only
performs well on reasoning tasks but also offers greater reliability
and alignment with the real world. Our source code is available at:
https://github.com/PerseidsMeteorShower/CSRL.
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1 Introduction

Knowledge Graphs (KGs) provide an efficient means of storing [29],
managing [22], and interpreting [43] large volumes of information
in a structured way [9, 11, 14, 21]. This structured organization
makes KGs an excellent resource for extracting meaningful patterns,
which typically take the form of logical rules that can be applied to
infer potential relationships between entities [3, 23, 26]. A logical
rule can be represented as ry, < ry,, expressing that if r, occurs, ry,
can be inferred to be true. In this context, ry, is referred to as the rule
body and can comprise multiple atoms, denoted as rp, Arp, A.. . A1y,
Conversely, the relation ry, is the rule head. These logical rules are
crucial for various applications such as question answering [16, 17],
recommendation systems [32, 36], and semantic search [30, 31], by
enabling the discovery of new knowledge from existing data.

However, traditional algorithms for rule learning in KGs pri-
marily rely on co-occurrence patterns between the head and body
within the graph, and often ignore commonsense knowledge of the
real world [12, 18, 40]. While these methods can uncover associa-
tions, they often fall short to ensure the rationality and generaliz-
ability of the learned rules. Specifically, co-occurrence patterns in
KGs do not necessarily imply logical entailment between the head
and body, leading to rules that may fail to capture the basic facts
and do not align with common sense.
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Figure 1: Traditional algorithms often assume that frequently
co-occurring relationships in a KG represent valuable logi-
cal rules. However, some of these logical inferences do not
align with real-world common sense and logical entailment.
For example, the inference in (a) does not consider common
sense and does not reflect logical entailment. In contrast, the
inference in (b) is more reliable and aligns with real-world
common sense.

For example, consider the inference in Figure 1 (a): “If country
A has neighbor country B, and country B deals with country C,
then country A deals with country C”. This pattern is frequently
observed in KGs, but the occurrence of the rule head does not have a
logical entailment with the rule body. The reason for this pattern to
be often observed is simply because the rule head itself frequently
appears within the KG, leading to its co-occurrence with the rule
body. Conversely, the inference in Figure 1 (b), “If person D is the
mother of person E, and person E is the brother of person F, then
person D is the mother of person F” is a reliable inference. Tra-
ditional algorithms fail to distinguish which patterns of frequent
co-occurrence are trustworthy. Relying on unreliable rules for fur-
ther reasoning can be risky, undermining the original purpose of
rule learning: extracting rules to enhance the interpretation and
reliability of reasoning [6, 25].

Recent advancements in Large Language Models (LLMs) have
demonstrated their substantial capacity for commonsense knowl-
edge. Given that LLMs are trained on extensive real-world data, they
inherently capture and represent a wide range of commonsense
information [39, 45, 46].

Despite the potential of LLMs, existing methods that rely on
LLMs for reasoning often struggle with the issue of hallucinations
[24, 41, 42]. As Figure 2 shows, if we merely provide an LLM with
definitions of rules and relations, and prompt it to generate logical
rules based on these relations by itself, it will easily exhibit hallu-
cinations. This will lead to the production of factually incorrect
rules. Notably, this phenomenon occurs irrespective of the prompt
methods. Additionally, we provide two more kinds of errors that
frequently happen in Appendix F. Thus, in the absence of external
knowledge to provide further guidance, relying solely on LLMs for
rule generation is also unreliable.

Addressing hallucinations in LLMs is a challenging task as there
is no universally reliable method to verify whether the output is
factual. LLM may produce seemingly plausible but factually incor-
rect output, especially in the absence of explicit external guidance.
Structured information including entities and relationships in KGs
can be used to provide LLMs with such external guidance, reduc-
ing the likelihood of hallucinations. For every abstract rule, KGs
contain many different corresponding instances, not only making
the rule easier to understand for LLMs but also providing a rich
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<Preliminary Introductions.>

For example: Son (A, B) & Father (B, C) — Brother (A, C).

Based on the example above, please think step by step, and generate K rules with the
following relationships: Aunt, Brother, Daughter, Father, Husband, Mother, Nephew...

(i) 50 Rules at Once (ii)10 Rules at a Time + Multiple Runs

1. Daughter(A, B) & Mother(B, C) — Sister(A, C) 1. Sister(A, B) & Mother(B, C) — Aunt(A, C)

2. Brother(A, B) & Father(B, C) — Uncle(A, C) ‘/
Please generate 10 more rules.
14. Wife(A, B) & Husband(B, C) — Wife(A, C)

15. Father(A, B) & Son(B, C) — Brother(A, C)
x 3. Brother(A, B) & Sister(B, C) — Niece(A, C) x

Figure 2: Generating rules solely based on LLMs is prone to
hallucinations. We prompt a typical LLM (GPT-40) to gen-
erate simple 2-hop rules based on given relationships. The
prompt provides a comprehensive explanation of logical rule
to the LLM, supplemented with examples. The output shows
that the LLM easily produces rules with factual errors due
to hallucination. The exact prompt we use can be found in
Appendix G.2.

resource to guide the commonsense reasoning of LLMs based on
multiple cases, thus reducing the effect of hallucinations.

Since LLMs and KGs can mitigate the weaknesses of each other,
we propose the Commonsense and Structured knowledge inte-
grated Rule Learning framework (CSRL). It can effectively gener-
ate rational and trustworthy logical rules by enhancing the synergy
between the commonsense knowledge embedded in LLMs and the
structured knowledge derived from KGs.

CSRL achieves a close-knit integration of LLMs and KGs. On one
hand, CSRL harnesses the structured knowledge from KGs to guide
LLMs in a concrete and multiturn manner. Structured knowledge
in KG instantiates rules into different specific instances illustrating
varying cases. LLMs merely need to perform an easy and concrete
task, assessing whether the textual instances align with common
sense, consequently mitigating hallucinations. On the other hand,
CSRL utilizes the commonsense knowledge from LLMs to guide
effective and efficient KG exploration. Rules assessed as potentially
correct by LLMs are stored in a candidate set, directing a dynamic
sampling mechanism for further exploring useful structured knowl-
edge within KGs.

The rules learned by CSRL demonstrate state-of-the-art infer-
ence capabilities in KG completion tasks across multiple datasets.
Furthermore, given that the KG completion task is unable to seman-
tically evaluate the commonsense reliability of rules, we propose a
novel semantic assessment leveraging advanced LLMs, along with a
human assessment, to further evaluate the quality of learned rules.
CSRL demonstrates strong performance in both semantic reliability
assessments.

In summary, our contributions are three-fold:

o We identify the limitations of using KGs and LLMs independently
for logical rule learning. Rules derived solely from co-occurrence
patterns in KGs may fail to capture logical entailment, rendering
them unreliable. In contrast, relying exclusively on LLMs may
suffer from hallucinations, making the learned rules difficult to
trust as well. Instead, we propose a unified logical rule learning
framework CSRL. By effectively integrating the commonsense
knowledge in LLMs with the structured knowledge from KGs,
CSRL can leverage their strengths and mitigate each other’s
weaknesses.
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o CSRL seamlessly integrates commonsense knowledge with struc-
tured knowledge, allowing them to mutually enhance each other.
On one hand, we utilize the structured knowledge inherent in
KGs to instantiate rules from multiple cases, thereby leveraging
the commonsense knowledge of LLMs and reducing hallucina-
tions. On the other hand, we transform the commonsense assess-
ments from LLM to guide the efficient exploration of structured
knowledge within KG.

e We conduct comprehensive experiments on both standard KG
completion and LLM/human-based semantic assessments, demon-
strating the superior effectiveness of CSRL in reasoning on KG
while ensuring the semantic reliability of learned rules.

2 Related Works
2.1 Logical Rule Learning in KGs

Logical rule learning offers a solution to logical reasoning by deriv-
ing explicit rules from KGs and utilizing these rules for inference.
This approach enhances the interpretability and reliability of rea-
soning algorithms.

The core idea of rule learning in KGs is to automatically infer
logical rules that capture meaningful relational patterns among
entities [9, 37, 47]. Traditional methods, such as AMIE [8], define
rule scores according to the principle of confidence and further
enhance rule quality evaluation by employing the partial complete-
ness assumption to simulate negative examples. The rule mining
process is to search over the rule space and select the rules with
the highest score.

More recent neural approaches, such as DRUM [27], define log-
ical rules using a differentiable framework and employ low-rank
tensor approximations to estimate rule confidence, enabling more
efficient and scalable rule inference. RNNLogic [25] treats logical
rules as latent variables, simultaneously utilizing them for rule
generation and reasoning prediction, thus integrating rule learning
and inference into a unified process. NCRL [4] decomposes rule
bodies into smaller combinations and recursively merges them to
infer the rule head.

While these algorithms employ various methods to model logical
rules, they share a fundamental reliance on co-occurrence patterns
of relationships in KGs to evaluate rule plausibility. Consequently,
they can only measure the co-occurrence relationship, but fall short
of capturing true logical entailment. To address this limitation, we
incorporate commonsense knowledge from LLMs to better align
rule learning with real-world reasoning tasks.

2.2 Logical Reasoning based on LLMs

Recent advancements in LLMs have introduced novel methodolo-
gies for logical reasoning [1, 13, 35]. LLM-ERL [2] guides LLMs to
perform logical reasoning through two primary strategies: prompt-
ing the model to autonomously generate rules, and manually con-
structing a complex rule dataset. However, manually curating datasets
requires significant effort, and these generalized rule datasets may
perform poorly in domain-specific tasks. Moreover, the self-generated
rules from LLMs often lack reliability.

A more promising approach involves integrating LLMs with KGs.
RoG [20] first leverages LLMs to generate relation paths relevant to
the problem, identifies these paths in KGs, and then employs LLMs
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for reasoning based on these paths. While several algorithms follow
similar subgraph querying techniques, they do not fully prevent
LLMs from producing hallucinations due to a lack of interpretability
in the reasoning process. Furthermore, these methods are primar-
ily limited to querying KG and struggle to handle more complex
downstream tasks.

Conversely, rule-based reasoning offers better interpretability
and can extend beyond simple queries to applications such as KG
completion. ChatRule [19] exemplifies this by feeding closed loops
from KGs into LLMs, prompting LLMs to generate important rules,
and then calculating rule support within KGs. However, relying on
LLM:s to select important rules is unreliable, as LLMs lack consistent
evaluation criteria for evaluating rules, leading to unreliable outputs
and an increased risk of hallucination.

Thus, to enable effective logical rule learning with LLMs, it is
essential to provide them with external, structured guidance as a
reference and design mechanisms that ensure the generated rules
are both reliable and well-grounded. In this paper, we propose incor-
porating structured knowledge from KGs to mitigate hallucinations
and enhance the reliability of the reasoning process.

3 Preliminaries
3.1 Knowledge Graph

A knowledge graph can be represented as a mathematical structure
denoted by G = {&, R, O}. It consists of an entity set &, a relation
set R, and the observed fact set O C & x R x &. Each fact in O can
be donated by a triple (e;, rx, €j), where e;, e; € & and r € R.

3.2 Horn Rule

In first-order logic, a Horn rule can be defined as a combination of
the rule body and the rule head [4]:

(% Y) < 1y, (x,21) Ao Arp, (Zn-1,7) 1

where 1, = rp,(x,21) A ... A 1p,(2n-1,y) is the rule body and
ru(x, y) is the rule head. It can also be denoted as r = (rp, ).

However, the rule in symbolic logic is a concept at the schema
level, while in KG, we can only observe paths at the instance level.
Therefore, to establish a connection between KG and symbolic logic,
we define the relation path and the target relation within the KG.

For a path o = [(ei, 75,, €b,), (€b;, Tby» €by)s - (€11 Ty €j)] be-
tween two entities ¢; and e;, we remove all entities contained
within it and define r, = [r,,7s,,...75,] as the relation path,
which corresponds to the rule body in symbolic logic. For the triple
o = (ei, n, €), we eliminate the entities and define the single rela-
tion ry, as the target relation, which corresponds to the rule head in
symbolic logic.

Consequently, by combining them, we can finally define the rule
in KG as r = (ry, rp) and the instance as 1 = (op, op).

3.3 Logical Rule Learning

The objective of logical rule learning is to determine the confidence
score, denoted as p(r), for each rule r in the rule space to measure
its reliability. Rules with sufficiently high confidence are selected
as the final learned rules, which are subsequently employed for
downstream reasoning tasks.
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Figure 3: The overall framework: CSRL systematically fuses LLM commonsense and KG structure. KG instances are translated
into natural language for reliable LLM judgment, and LLM feedback dynamically guides efficient KG exploration. By aggregating
evidence from both, CSRL produces rules with high confidence in both commonsense and structured validity.

4 Methodology
4.1 Overall Framework

Traditional KG-based rule learning often tends to produce com-
monsense errors [4, 27], while LLM may output incorrect rules due
to hallucinations (as shown in Figure 2). Thus, we propose CSRL,
a framework that tightly integrates the strengths of both while
compensating for each other’s weaknesses. Specifically, the KG
provides structured knowledge to ground LLM reasoning, while
LLM filters and guide the exploration of KG for rules that align
with commonsense.

The overall structure of CSRL is shown in Figure 3.

Steps 1-3: KG-derived rules are instantiated as varing natural
language examples, allowing the LLM to assess their plausibility
based on multiple cases. Such varied and repeated interactions help
mitigate hallucinations caused by incorrect judgments from the
LLM. More details are presented in Section 4.2.

Steps 4: LLM judgments then form a candidate set that dynami-
cally guides KG sampling. Sampling is random but prioritizes rules
deemed more reliable in commonsense. This approach leverages
LLM’s commonsense knowledge to enable efficient exploration
without additional queries. Details are in Section 4.3.

Steps 5: Through iterative cycles, each rule accumulates both
structural and commonsense evidence. Its final confidence reflects
a blend of commonsense validation and structured pattern support.
Structured evidence is not isolated but integrated into the dynamic
sampling process, which further enhances the efficiency. Details of
this process are discussed in Section 4.4.

4.2 KG Leverages the Commonsense Knowledge
Embedded in LLMs

To minimize LLM hallucinations and effectively leverage its com-
monsense reasoning ability, CSRL instantiates each abstract KG

rule into multiple natural language examples which illustrating
different cases. By evaluating these natural language examples, the
LLM provides a more robust judgment of a rule’s reliability, reduc-
ing sensitivity to isolated errors. Besides, unlike some methods that
input symbolic triples into LLMs (which LLMs struggle to interpret),
CSRL translates rule instances into natural language, aligning with
LLM training data and further reducing chance of hallucinations.

For example, as shown in step 2 of Figure 3, an unreliable rule
“hasOfficialLanguage (x,z) « dealsWith (x,y) A hasOfficialLan-
guage (y, z)” is instantiated with two different sets of entities. Even
though LLM judges one case as correct, it can realize the other is
incorrect. This case also shows that the LLM uses commonsense
reasoning to assess logical validity, not just factual correctness,
since each statement is factually true but the logic is flawed. There-
fore, the LLM’s responses across different examples offer strong
commonsense validation.

4.3 LLM Guides the Efficient Exploration for
Structured Knowledge in KG

Traditional KG rule learning algorithms sample paths randomly
[5, 8], leading to uninformative patterns. In CSRL, sampling com-
bines randomness with a bias toward instances of rules that more
likely to be commonsense reliable. This dynamic sampling method
significantly improves efficiency while still exploring new rules.
While matching traditional random sampling in speed (2.69 x 107>
versus 2.79 X 107> s/instance), dynamic sampling learns more rules
with fewer instances, reducing LLM interactions which are the
biggest computation cost. Section 5.4 further shows how dynamic
sampling outperforms traditional sampling methods in efficiency.

As dynamic sampling process shown in Figure 4, CSRL maintains
two candidate sets: Cr for rules deemed plausible by the LLM, and
Cr for implausible ones. Each rule is tracked with the number
of positive (n”) and negative (nV) LLM judgments. Only when a
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rule has sufficient evidence is it moved to the result sets St and
Sr, reducing redundant LLM queries (details on this process are
provided in the next subsection).

Specifically, CSRL first samples an equal number of triples from
each relation type as anchors. For each anchor, when collecting
sequences of subsequent triples, the algorithm prioritizes instantiat-
ing rules from Cr. If no instances are found, it then samples random
instances using existing paths in the sequence. Each instance is
then evaluated by the LLM for reliability. If the rule already exists,
the corresponding n” or n" is updated. Otherwise, if this rule is
new, it will be added to Ct or Cp.

Overall, this dynamic feedback-driven approach quickly focuses
sampling on promising rules, while still allowing for the discovery
of new candidates.

Sampling Query
rando™ _ New r ‘ Vv
Suideq e Filter ‘—v
reC
' X X\
KG update
Move ¢ - ove © <

Figure 4: CSRL dynamically adjusts its sampling direction
under the guidance of the plausible rule set Cr, enabling it
to discover new rules while focusing on those likely to be
reliable. Verified rules in S; and Sy are filtered out to avoid
redundant LLM queries. The candidate sets Cr and Cr are
updated based on LLM judgments, and once fully verified,
their rules are moved to St or Sg.

4.4 Integrating Commonsense and Structured
Knowledge

4.4.1 Commonsense Confidence. Once a rule accumulates enough
evidence (exceeding threshold ¢€), it is moved to the trustworthy (St)
or unreliable (Sr) set, as detailed in Algorithm 1. This design pre-
vents redundantly LLM query and focuses resources on unresolved
rules in two main ways. First, since rules are removed from Cr,
they are no longer prioritized for instantiation. Second, as Figure 3,
if instances of rules in St and Sr are encountered again in random
sampling, they are filtered out and will not be sent to the LLM.

When a rule r; € Cr is moved, its commonsense confidence piC
is calculated as the fraction of positive LLM judgments among all
evaluated instances:

pi=ni/(nf +n). @

4.4.2  Structured Confidence. To incorporate structured evidence
without additional traversal, CSRL records occurrences of rules
when filtered out. Specifically, when instance of a rule r; € Sr
appears during random sampling and is filtered out, its occurrence
count n(r;) is still recorded. This allows structural learning without
extra graph traversal. The structured confidence p; of a rule r; =
(rn;»7v;) € ST measures how often the rule head occurs given the
body, reflecting statistical support from the KG.
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Algorithm 1 Update Two Candidate Sets and Two Result Sets.

Input: Plausible candidate set Cr, implausible candidate set C,
trustworthy set St, unreliable set S¢ , evaluation limit €
Output: Updated plausible candidate set Cr, implausible candidate
set Cp, trustworthy set St and unreliable set Sp
1: forruler; € Cr do

2 if nf) > ¢ then

3 p;{ = CommonsenseConfidence(r;)
4: CT, ST, SFZ Update(r,—, plc)

5: end if

6: end for

7: for rule r; € Cr do

8: if nf\’ > € then

9: Cr, Sp= Update(r;)

10: end if

11: end for

n(rhia rb,)
py = Wb )
n(ry;)
The final confidence p; of rule r; combines both sources, where
a balances commonsense and structured evidence.

pi=ax*p;+(1—a)xpj. O]

5 Experiments

To demonstrate the reliability and utility of the logical rules learned
by the CSRL algorithm for downstream tasks, we employ three
evaluation tasks: (1) Knowledge Graph Completion. This task in-
volves inferring missing entities based on queries such as (h,r, ?)
or (?,r,t). (2) Reliability Assessment via Advanced LLMs. Given
the lack of tasks for automatically semantically evaluating rule reli-
ability, we propose a new verification task. This task compares the
reliability of learned rules against random closed paths using ad-
vanced LLMs, thereby assessing the reliability of rules semantically.
(3) Human Evaluation. Additionally, we implement manual scoring
to verify the reliability of the logical rules, examining the likelihood
of their validity in real-world scenarios. Our algorithm achieves
SOTA across all these various tasks, underscoring the reliability
and practical value of CSRL.

5.1 Knowledge Graph Completion

Knowledge graph completion is frequently utilized by traditional
logical rule learning algorithms to evaluate learned rules. This
process involves the completion of KG by inferring missing enti-
ties based on a given query (h, r,?) or (?,r,t) using learned rules.
Forward-chaining algorithms [28] are commonly employed to infer
missing entities based on rules.

Datasets. For a comprehensive comparison with state-of-the-art
approaches, we apply our method on four widely-used datasets:
FB15k-237 [38], Family [10], WN18RR [7], YAGO3-10 [33]. The
statistics of them are shown in Appendix A.

Baselines. We compare our methodology with several state-of-
the-art algorithms. Traditional rule learning algorithms are solely
based on KGs, including Neural-LP [44], DRUM [27], RNNLogic
[25], RLogic [5] and NCRL [4]. Given the lack of rule learning
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Table 1: KG Completion. Apply MRR, Hit@1, and Hit@ 10 (%) as evaluation metrics.
Models FB15K-237 Family WN18RR YAGO3-10
MRR Hit@1 Hit@10 | MRR Hit@1 Hit@10 | MRR Hit@1 Hit@10 | MRR Hit@1 Hit@10
Neural-LP* 0.24 17.3 36.2 0.88 80.1 98.5 0.38 36.8 40.8 OOM OOM OOM
DRUM* 0.23 17.4 36.4 0.89 82.6 99.2 0.38 36.9 41.0 OOM OOM OOM
RNNLogic* 0.29 20.8 44.5 0.86 79.2 95.7 0.46 41.4 53.1 OOM OOM OOM
RLogic* 0.31 20.3 50.1 0.88 81.3 97.2 0.47 44.3 53.7 0.36 25.2 50.4
NCRL* 0.30 20.9 47.3 0.91 85.2 99.3 0.67 56.3 85.0 0.38 27.4 53.6
GPT-4o0 solely - - - 0.68 50.0 94.4 0.65 50.6 93.1 0.49 37.4 64.3
ChatRule(GPT-4) - - - 0.93 88.0 99.8 0.34 30.1 40.0 0.45 35.4 62.7
CSRL(GPT-3.5) | 0.42 32.2 60.7 0.86 73.6 99.7 0.71 60.1 95.6 0.49 37.4 71.5
CSRL(GPT-40) | 044 37.0 59.1 0.87 76.5 99.9 0.72  63.2 90.4 0.59 52.3 76.3

algorithms solely based on LLMs, we develop an experiment to
test the reliability of extracted rules with only LLMs. Using the
template in Appendix G.2, we prompt an advanced LLM, GPT-4o,
to generate rules based on relationships from KGs. This method
is consistent with the experimental setup illustrated in Figure 2 of
Section 1. We also involve ChatRule [19], which is a rule learning
algorithms that combine KGs with LLMs.

Evaluation Protocols. For each test triple, either the head or tail
entity is masked, and different algorithms are used to predict the
masked entity. We utilized the filter setting consistent with existing
research during the evaluation. The assessment metrics included
Mean Reciprocal Rank (MRR) and Hit@XK.

Implementation Details. In the graph completion task, GPT-40
(gpt-40-2024-08-06 API) and GPT-3.5 (gpt-3.5-turbo-0125 API) are
employed as the LLMs to evaluate instance reliability within the
CSRL algorithm. hyperparameter settings are obtained through
grid search and are the same across datasets. Dynamic sampling
is set with a reference degree of 1 — 7 = 1.0 to the candidate set,
and the threshold p§ for commonsense confidence of rules is 0.8.
The weight parameter « for balancing commonsense confidence
and structured confidence is 0.5, and the evaluation threshold € is
5. These hyperparameter settings are obtained through grid search
and are the same across all datasets. As shown in Section 5.4 and
Appendix B, they are not overly sensitive and can adapt to different
datasets without need of extensive adjustments.

Performance Analysis. The results of graph completion across
various datasets are presented in Table 1. [*]means the numbers are
taken from [4], OOM means out of memory on experiment machine.
For the LLM solely rule generation test, the output from the LLM
of FB15K-237 dataset contained numerous textual errors, making
it impossible to convert them into standard rules for reasoning.
ChatRule also cannot be applied to FB15K-237 since its prompt
exceeds the input limit of GPT. The best result of each dataset is
highlighted in bold.

CSRL outperforms other algorithms across multiple datasets. On
the FB15k-237, WN18RR, and YAGO3-10 datasets, CSRL surpassed
the previous state-of-the-art baselines. On the Family dataset, al-
though CSRL does not achieve the highest scores in MRR and Hit@1,
it exceeds existing algorithms in Hit@10. This demonstrates that
the algorithm effectively integrates commonsense knowledge from
LLMs with the structural knowledge of KGs, enabling the learned
rules to achieve good performance on reasoning task. Due to the
comprehensive integrated framework of CSRL, rules derived by it

exhibit strong logical coherence, surpassing not only KG or LLM
solely based algorithms but also those combining KG and LLM.

Notably, even when utilizing the less advanced GPT-3.5, CSRL
demonstrates impressive performance. This indicates that CSRL can
mitigate the hallucination of LLMs by using structured knowledge
from KGs to transform a single rule into multiple instances, as dis-
cussed in Section 4.2. Consequently, our method can achieve strong
performance even with less powerful LLMs, thereby reducing costs.
Hyperparameter Sensitivity. To further evaluate the sensitivity
of CSRL to hyperparameters, we conducted experiments on each of
them. The results show CSRL remains insensitive to hyperparame-
ter settings. The temperature parameter 7 is discussed in Section
5.4, as it relates to the algorithm’s efficiency. The detailed results of
other hyperparameters are provided in Appendix B.

5.2 LLM-based Semantic Assessment

Given the absence of automated methods for evaluating the semanti-
cal reliability of rules in past research, we propose a verification task
for rule reliability assessment using advanced LLMs. Specifically,
we employ the LLM to compare the reliability of algorithmically
learned rules against that of random rules extracted from randomly
sampled paths within KG. The evaluation algorithm ensures that
the random rules are not present in the learned rules. If the algo-
rithm produces reliable rules, learned rules should exhibit greater
logical coherence than random rules.

Table 2: LLM-based Semantic Assessment Accuracy (%)

Models Family WN18RR YAGO3-10 FB15K-237
NCRL 15.7 443 229 41.4
ChatRule (GPT-3.5) | 68.6 51.4 28.6 -
CSRL (GPT-3.5) 72.1 67.1 37.4 57.1

We leverage a zero-shot chain-of-thought prompting method,
following the suggestions from previous studies [34, 42]. Initially,
rules are transformed into textual inference sentences, and the
LLM is guided with detailed instructions to deliberate step-by-step,
selecting the more reliable inference between two options. If the
advanced LLM selects the learned rule as more reliable, we consider
this rule to be trustworthy. Detailed prompt for this process is
provided in Appendix G.3.

Then calculate the proportion of reliable rules among all evalu-
ated rules to get the accuracy, which can serve as the measure of
the overall reliability of learned rules:
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Acc = n(Reliable Rules) /n(All Evaluated Rules) (5)

Experimental Setup. In this semantic assessment task, we employ
the GPT-4o as the advanced LLM to evaluate 70 rules. We compare
our CSRL algorithm against the NCRL and ChatRule. We choose
these two algorithms for comparison because NCRL represents the
best-performing algorithm based solely on KGs, while ChatRule
combines both KGs and LLMs.

Given the use of GPT-4o for evaluation, we rerun ChatRule using

GPT-3.5 based on its recommended settings. The rules from CSRL
are also derived from GPT-3.5.
Comparing with Other Methods. The results of rule reliability
assessment across different datasets are presented in Table 2. Our
algorithm consistently achieves higher reliability scores comparing
other methods across all datasets. This is attributed to the effective
integration of commonsense knowledge inherent in LLMs with
the structured knowledge from KGs. On one hand, our method
successfully identifies factually and logically correct logical rules
within the KG rather than mere associative relationships through
commonsense knowledge. On the other hand, CSRL’s incorporation
of structured knowledge mitigates the potential hallucinations that
might arise when LLMs learn rules.

5.3 Human-based Semantic Assessment

In our study, we also employ a manual evaluation approach to
further verify the reliability of the learned rules. Raters assess the
reliability of the logic rules derived from the algorithm by assigning
scores. Specifically, this reliability refers to the likelihood of the
rule head occurring when the rule body is present.

A scoring scale from 0 to 5 is used, with 0 indicating that the
rule head cannot possibly occur. Besides, if the rule body itself is
unlikely to occur, the reliability of that rule is also assessed as 0.
None of the raters directly engage in this research or have ever seen
the original dataset before. The manual assessment is conducted
on rules about kinship learned from the Family dataset, which can
be relatively easy to assess with general human knowledge.

In evaluating the results, we apply the Kruskal-Wallis test and
Dunn’s test. Further details on the purpose and method of applying
these statistical algorithms can be found in Appendix C.1.
Experimental Setup. For the reasons previously discussed in
Section 5.2, the NCRL and ChatRule algorithms are used as bench-
marks. Based on the Family dataset, rules are learned through NCRL,
ChatRule, and our CSRL algorithms. Then 50 rules with confidence
greater than 0.5 are randomly selected for manual evaluation. A
significance level of 0.05 is applied.

Table 3: Post Hoc Multiple Comparisons on Manual Reliabil-
ity Evaluation Scores.

Models P-value Difference
NCRL - CSRL 7.64 X 1072 -144.3375295
NCRL - ChatRule | 9.81x 1079 -71.32140047
ChatRule - CSRL | 6.61 x 107%  -73.01612903

Comparing with Other Methods. Initially, we conduct an as-
sessment to determine whether the scores assigned by different
raters to the same algorithm results are consistent, ensuring the
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objectivity and validity of the ratings. Since the scores may not
conform to a normal distribution, we apply the Kruskal-Wallis test
rathor than the analysis of variance. As detailed in Appendix C.2,
the results of the Kruskal-Wallis test indicate no significant differ-
ences in the ratings among the three data groups from different
raters, suggesting that the scores are derived from samples of the
same distribution. So they are reliable and can truthfully reflect the
performance of three algorithms.

Then, we examine whether there are significant differences in
the scores among the three algorithms. The Kruskal-Wallis test
yields a test statistic H = 117.33 with a p-value of 3.33 x 10726,
which is less than 0.05, indicating significant differences in the
scores of rules learned by three algorithms.

Given these significant differences, Dunn’s test is conducted
for post hoc multiple comparisons, as shown in Table 3. Since the
pairwise p-values of the scores for the three algorithms are all
below 0.05, there are significant differences between their scores.
Specifically, the mean rank of the CSRL algorithm exceeds those of
NCRL and ChatRule, while ChatRule surpasses NCRL in mean rank.
Thus, it can be concluded that CSRL significantly outperforms Cha-
tRule in manual reliability evaluation, and ChatRule significantly
outperforms NCRL.

This outcome suggests that our approach effectively integrates
the structural knowledge from KG with the common-sense knowl-
edge from LLM, thereby leveraging both strengths while mitigating
their weaknesses, leading to more reliable rule generation.
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5.4 Efficiency of CSRL

CSRL utilizes candidate set guided dynamic sampling to efficiently
explore potentially commonsense-reliable structured knowledge on
the graph. As discussed in Section 4.3, dynamic sampling is so fast
that its cost is almost the same with traditional random sampling.
Consequently, the algorithm’s primary computational and time
costs come from the LLM itself. Therefore, the efficiency of the
algorithm largely depends on how effectively it can interact with
the LLM. Dynamic sampling can minimize the waste of sampling
associated patterns that are unreliable and merely coincidental. The
effectiveness of this mechanism can be observed if the algorithm
generates more rules with a given number of anchors when guided
by the candidate set Cr.

Figure 5 illustrates the relationship between the number of rules
learned by CSRL and the number of sampled anchors based on
the Family dataset. Different colored curves represent different
temperatures (1 — 7), which is the degree of dynamic reference to
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the candidate set Cr during sampling. When 1 -7 = 0, the sampling
algorithm reduces to traditional random sampling.

The figure shows that with the same amount of sampling, stronger
guidance from the candidate set can lead to more rules being learned.
This demonstrates the candidate set’s ability to leverage the com-
monsense knowledge from LLMs to guide the efficient exploration
of more reliable structured knowledge in KGs.

We further provide the experimental costs of CSRL on each
dataset in Appendix E, with expenses remaining below $1 for
most cases. The low cost is another advantage of CSRL’s efficiency.

5.5 Reliability of 1-hop Rules

To verify whether our algorithm has truly learned commonsense
reliable rules rather than just frequent co-occurrence patterns in KG,
the quality of the 1-hop logical rule can serve as a straightforward
metric. By integrating commonsense knowledge from LLMs, CSRL
effectively evaluates and learns reliable 1-hop rules (e.g., husband
« inv_wife) from KGs. Compared to rules of other lengths, it is
particularly hard to ensure the reliability of 1-hop rules based on
limited structured knowledge within KGs. 1-hop rules learned by
CSRL pose a positive impact on inference, as demonstrated by the
MRR values for KG completion.

In Figure 6, the x-axis represents the number of sampled anchors,
while the y-axis shows the MRR values for KG completion based
on the Family dataset. The yellow curve indicates the existence
of 1-hop rules, whereas the purple curve represents their absence.
We use the Family dataset since it contains many 1-hop spurious
relationships, such as Brother(x,y) «Sister(y, x). This makes it
suitable for evaluating whether our algorithm can effectively learn
reliable 1-hop rules. Unreliable 1-hop rules can disrupt the infer-
ence of other reliable rules significantly. By contrast, the figure
reveals that regardless of the sample size, 1-hop rules learned by
CSRL consistently positively contribute to inference. This indicates
that the rules derived by integrating commonsense knowledge are
reliable and beneficial.

5.6 LLMs Consistency

We conduct experiment on different LLMs also based on the KG
completion task with the Family dataset and GPT-4o. The results
are shown in Table 4.

Table 4: performance on different llms.

LLM MRR Hit@! Hit@10
GPT-40 0.87 76.5 99.9
Llama3-70B 0.86 75.3 99.1
Mistral-Large | 0.88 78.2 99.0
Qwen2.5-72B | 0.89 80.2 99.8

Comparing GPT, CSRL even perform better with Mistral and
Qwen2.5, and its performance are always stable. This is because
CSRL can reduce hallucination by multiple instantiations, which
shows the advance of CSRL compared to traditional methods. It is
because CSRL really achieves a seamless integration between LLMs
and KGs that we can overcome the challenges faced by traditional
methods such as LLM hallucination.

Qirui Hao et al.

5.7 Prompt Sensitivity

We evaluate the KG completion performance of rules learned using
various prompts, as outlined in Appendix D. The experiments are
conducted on the Family dataset utilizing GPT-40, with the results
summarized in Table 5. The Original prompt refers to the one used
in our paper. Prompt 1 modifies the order of the known information
and the query; prompt 2 requires the model to output explanations;
prompt 3 incorporates directional relationship terms.

The results show minimal variation across prompts, underscor-
ing the consistently of CSRL on different prompt. we believe CSRL
can address bias from prompts since it aggregates multiple instances
from KG for a single rule.

Table 5: performance on different prompts.

Prompt | MRR Hit@1 Hit@10
Original | 0.87 76.5 99.9
Prompt 1 | 0.87 76.4 99.6
Prompt 2 | 0.88 79.0 99.8
Prompt 3 | 0.86 74.9 99.7

5.8 Case Studies

5.8.1 Rules Learned and Rejected by CSRL. We examine the rules
learned by CSRL across various datasets and pick up some repre-
sentative rules. Both correct and incorrect rules determined by the
algorithm are presented in Table 6. CSRL can effectively refute many
rules that traditional algorithms fail to identify as lacking logical
entailment, such as sister(x, y) < inv_brother(x, z) A brother(z,y)
and dealsWith(x,y) « dealsWith (x,z)A dealsWith(z,y). There
is no logical entailment between the rule body and the rule head
of these rules, thus rendering the inference unreliable. However,
the relationships within these rules frequently co-occur, making
traditional algorithms that rely solely on association occurrences
within KG may erroneously assign them high confidence. In con-
trast, CSRL effectively leverages commonsense knowledge of LLMs,
enabling it to reject such rules.

Furthermore, the CSRL algorithm is capable of assigning low con-
fidence to dubious rules, such as aunt(x, y) < inv_nephew(x, z1)A
inv_uncle(zy, z2) A father(z,, y). This is attributed to its integration
of structured knowledge from KGs, allowing it to identify unreliable
rules based on their appearance patterns within KGs.

Table 6: Rules Learned and Rejected by CSRL.

Datasets Rules Confidences
brother(x, y) « son(x, z;)A mother(zy, z2) A brother(z;, y) High
Family aunt(x, y) < inv_nephew(x, z;)A inv_uncle(zy, z2) A father(z,, y) Low
sister(x,y) « inv_brother(x, z) A brother(z, y) Rejected
YAGO3-10 isPoliticianOf(x, y) « isPoliticianOf(x, z) A isLocatedIn(z, y) High
dealsWith(x, y) « dealsWith(x, z) A dealsWith(z, y) Rejected

6 Conclusions

Logical rule learning is essential for reasoning, yet KG-based meth-
ods relying on co-occurrence often yield unreliable rules. LLMs
provide commonsense knowledge but suffer from hallucinations.
We propose CSRL, a framework that integrates KGs’ structured
knowledge with LLMs’ commonsense to reduce hallucinations and
enhance rule reliability.
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A Datasets

We employ FB15K-237, WN18RR, YAGO3-10, and Family datasets in
our research. They serve as benchmarks for evaluating KG models.
Many state-of-the-art algorithms are currently developed based on
these datasets. Statistical details of these datasets are presented in
Table 1, including the number of relations, types of relations, and
number of entities contained within each.

e FB15K-237 [38] is a refined version of the original FB15k
dataset, designed to address issues of redundancy and leak-
age in training and test sets. It includes a broad range of
structured data, derived from various sources, including wiki
entries submitted by users. This dataset is widely used for
benchmarking due to its extensive coverage of relationships
and entities, making it a critical resource for developing and
testing knowledge graph embedding models.

e Family [10] exemplifies various familial relationships among
individuals. Its simplicity and intuitive nature make it an
excellent dataset for interpreting complex relationships in a
confined scope. This allows researchers to easily understand
and visualize how knowledge graph models learn and predict
familial connections.

e WNI18RR [7] is an essential dataset used for evaluating knowl-
edge graph models. It’s a revised version of WN18, created
to eliminate issues related to inverse relations that made the
original dataset easier to predict. WN18RR is structured to
serve as a dictionary and thesaurus, facilitating automatic
text analysis. Its entities represent linguistic concepts known
as word senses, and the relationships illustrate the lexical
connections among them.

e YAGO3-10 [33] is a subset of YAGO, a comprehensive se-
mantic knowledge base. It is compiled from multiple author-
itative sources such as Wikipedia, WordNet, WikiData, and
GeoNames, allowing it to integrate diverse types of infor-
mation into a single descriptive framework. This dataset is
widely leveraged to test knowledge graph models due to its
rich semantic structure and the vast quantity of included
facts, which offers a challenging platform for research in
knowledge representation.
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Table 1: Statistics of Data.

Datasets #Data  # Relation # Entity
FB15K-237 310,116 237 14,541

WN18RR 93,003 11 40,943
YAGO3-10 1,089,040 37 123,182

Family 28,356 12 3,007

B Hyperparameter Sensitivity

We conduct sensitivity tests for hyperparameters on the KG com-
pletion task with the Family dataset, based on GPT-4o.

The purpose of weight parameter « is simply to combine the
frequency of patterns within the KG with the commonsense from
LLM, so it is not sensitive when both confidence components are al-
ready present and accounted for. According to Figure 1, we can tell
that both commonsense confidence and structured confidence con-
tribute to the final performance, since the MRR of & = 0 (0.85) and
a =1 (0.84) are not good. Besides, a appears relatively insensitive
between 0.25 to 0.75.
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Figure 1: « balances two kind Figure 2: pf is the threshold of
of confidences. confidence.

For confidence threshold pg , The results are shown in Figure 2.
When p§ = 0.2, the threshold is too low, allowing unreliable rules to
be learned, which results in a lower MRR (0.84). As p( increases, the
algorithm’s performance improves. However, when p§ = 1, all rules
containing instance errors are completely eliminated. We consider
this approach overly strict, leading to a certain degree of decline
in MRR (0.85). Besides, within the range of p§ values from 0.4 to
0.8, the performance is relatively stable and not highly sensitive to
changes in pg.

Evaluation threshold € can balance the trade-off between quality
and efficiency. The results in Table 2 show that with ¢ = 2, more
rules are learned (369) with fewer queries (3642), but a higher error
rate (25 incorrect), resulting in poor performance (MRR = 0.82). With
€ = 10, fewer rules are identified (116) with more queries (8222),
and fewer errors (1), but performance is still suboptimal (MRR =
0.84). ¢ = 5 provides a better balance between rule quantity and
reliability, leading to improved performance. So setting € around 5
ensures rule reliability and prevents redundancy.

Table 2: € balances quality and efficiency.

Query Learned Incorrect

€ . MRR
times rules rules

2 3642 369 25 0.82

5 6283 241 3 0.87

10 | 8222 116 1 0.84




CSRL WWW ’26, April 13-17, 2026, Dubai, United Arab Emirates
Table 3: prompt for consistency study.
Prompt Content
Person <entity 1> has a relationship of “<relation 1>” with person <entity 2>. ....
Original | Based on the facts above, can we infer that person <entity 1> has a relationship of “<relation 4> with person <entity 4>?

Please answer with “Yes” or “No”. Do not output other words.

Based on the following information, can we infer that person <entity 1> has a relationship of “<relation 4> with person <entity 4>?

Prompt 1 | Person <entity 1> has a relationship of “<relation 1>” with person <entity 2>. ...

Please answer with “Yes” or “No”. Do not output other words.

Prompt 2 Sl G GNT
P Please answer with “Yes” or “No”.

Person <entity 1> has a relationship of “<relation 1>” with person <entity 2>. ....
Based on the facts above, can we infer that person <entity 1> has a relationship of “<relation 4>” with person <entity 4>?

Please provide the result in JSON format with the following structure: {“explanation” “Your explanation here”, “answer”: “Yes” or “No”}

Person <entity 1> is the <relation 1> of person <entity 2>. ...

Prompt 3 | Based on the facts above, can we infer that person <entity 1> is the <relation 4> of person <entity 4>?

Please answer with “Yes” or “No”. Do not output other words.

C Statistics Algorithms

C.1 Purposes and Methods of Statistics
Algorithms

In the human-based semantic assessment, we employ the Kruskal-
Wallis test to investigate two objectives: first, to demonstrate the
consistency of scores given by different raters for the same set of
rules; second, to identify whether there are significant differences
in scores among the three sets of rules.

The Kruskal-Wallis test is a non-parametric statistical method
used to determine if there are significant differences in the medians
of multiple independent samples. The test statistic H measures
the significance of differences between groups. A larger H value
indicates greater differences between groups. For p-value, The null
hypothesis posits that the medians of all groups are equal [15].

We utilize Dunn’s test for pairwise comparisons of the scores
of three rule sets to assess which set achieves the highest overall
scores.

Dunn’s test is a non-parametric post-hoc analysis used to identify
specific differences between pairs of group medians following a
significant Kruskal-Wallis test result.The test statistic Z measures
the significance of differences between pairs of groups. A larger
absolute Z value typically indicates greater differences between
the pairs. A negative Z value indicates that the median of the first
group is lower than the median of the second group. For p-value,
the null hypothesis posits that the medians of the pair of groups
being compared are equal [15].

C.2 Result of Kruskal-Wallis Test

We perform the Kruskal-Wallis test on scores given by different
raters to the same algorithm, to ensure raters provide consistent
scores and the ratings are valid. The test statistic H and the p-value
of three algorithms’ scores are shown in table 4

Table 4: Results of Kruskal-Wallis Test.

Models Test Statistic H  P-value
NCRL 2.952340399 0.085753
ChatRule (GPT-4) 0.257477501 0.879204
CSRL (GPT-40) 3.108556683 0.211342

D Prompt Sensitivity

The detailed prompts we used to test the prompt sensitivity of CSRL
are listed in Table 3

E LLM Cost Analysis

CSRL effectively reduces interaction costs with LLMs due to the
following advantages: (1) CSRL can dynamically adjust the sampling
direction under the guidance of the commonsense knowledge from
LLM:s to select more meaningful rules, reducing useless interactions.
(2) CSRL utilizes the structured knowledge from KGs to textualize
rules, thereby minimizing additional explanations in prompts. Table
5 presents the costs of rule learning across various datasets based
on GPT-40 and GPT-3.5. For GPT-40, we utilize the gpt-40-2024-
08-06 API in experiments, priced at $2.50 per million input tokens
and $10.00 per million output tokens. As for GPT-3.5, we use the
gpt-3.5-turbo-0125 API, with a cost of $0.50 per million input tokens
and $1.50 per million output tokens.

Notably, since the algorithm also performs well with GPT-3.5, it
is feasible to choose less powerful and cheaper LLMs in practical
applications. This approach ensures a cost-effective rule learning
process without compromising performance.

Table 5: costs of learning rules on datasets (in us dollars $).

LLMs | YAGO3-10 Family WN18RR FB15K-237
GPT-40 0.226 0.139 0.792 6.705
GPT-3.5 0.114 0.124 0.231 1.620

F Common Errors in Rules Generated Solely by
LLMs

There are two more kinds of common errors in rules generated
solely by LLMs. Firstly, LLMs tend to generate many relations that
do not exist in the KG due to hallucinations, rendering these rules
unusable for downstream tasks. For example, based on the Family
dataset, the LLM generates the rule brother(x,y) <« son(x,z)A
parent(z,y). Although it is logically valid, the dataset lacks the
parent relation, having only father and mother relations, which
prevents this rule from being applied to downstream tasks based
on this dataset.

Secondly, LLMs may misinterpret the meanings of relations due
to hallucinations. For instance, based on the YAGO3-10 dataset, the



WWW ’26, April 13-17, 2026, Dubai, United Arab Emirates

LLM generates the rule isConnectedTo(x,y) < wasBornIn(x,z)A
hasOfficialLanguage(z, y). Here, the LLM assumes isConnectedTo
means a connection between people and objects, but in fact, it refers
to a hierarchical relationship between institutions.

G Prompt Templates

G.1 Prompt for LLMs Evaluation based on
Instances

We utilize the prompts below to transform triples into text, guiding
LLMs in assessing instances of logical rules. Although the textual
content varies slightly across different datasets due to differing
contexts, the underlying structure remains consistent. Terms cor-
responding to the Family, WN18RR, YAGO3-10, and FB15K-237
datasets are People, Concept, <empty>, and Entity. In a relation-
ship where “inv_” is present, the order of the two entities will be
reversed.

Prompt for CSRL

<Term> <entity 1> has a relationship of “<relation 1>”
with <Term> <entity 2>.

<Term> <entity 2> has a relationship of “<relation 2>”
with <Term> <entity 3>.

<Term> <entity 3> has a relationship of “<relation 3>”
with <Term> <entity 4>.

Based on the facts above, can we infer that <Term> <entity
1> has a relationship of “<relation 4>” with <Term>
<entity 4>?

Please answer with “Yes” or “No”. Do not output other
words.

G.2 Prompt for Rule Generation by LLMs solely

Here is the prompt for the example we use in Section 1 and Section
5.1 to generate rule based solely on LLMs. To ensure comprehensive
guidance, we use a "step-by-step” zero-shot prompting approach
and provide a detailed explanation of the rules, along with examples.

Prompt for LLM Generating Rule Solely

Logical rules can be expressed in the form: Rule Body 1 (A,
B) & Rule Body 2 (B, C) — Rule Head (A, C). This means
that if the conditions in the rule bodies are satisfied, then
the rule head will occur.

For example: Son (A, B) & Father (B, C) — Brother (A, C).
It means if A is the son of B and B is the son of C, then A
is the brother of C.

Based on the example above, please think step by step
and generate 100 rules with the following relationships:
aunt, brother, daughter, father, husband, mother, nephew,
niece, sister, son, uncle, wife, inv_aunt, inv_brother,
inv_daughter, inv_father, inv_husband, inv_mother,
inv_nephew, inv_niece, inv_sister, inv_son, inv_uncle,
inv_wife. ‘Inv_’ means inverse relationship.

Qirui Hao et al.

G.3 Prompt for LLM-based Semantic
Assessment

Here is the prompt used in our experiments for automated seman-
tic reliability assessment based on high-performance LLMs. The
meanings of terms are the same as those in Appendix G.1.

Prompt for Assessment

A, B, C, D, E, F are entities. Which of the following two
logical inferences is more reliable?

Option 1:

<Term> A has a relationship of “<relation 1>” with
<Term> B.

<Term> B has a relationship of “<relation 2>" with
<Term> C.

So we can infer that <Term> A has a relationship of
“<relation 4>” with <Term> C.

Option 2:

<Term> D has a relationship of “<relation 5>” with
<Term> E.

<Term> E has a relationship of “<relation 6>” with
<Term> F.

So we can infer that <Term> D has a relationship of
“<relation 8>” with <Term> F.

Think step by step to assess whether these two options
are reasonable reasoning. Firstly, for each option, judge
whether the inference in the last sentence is reliable based
on what is known in previous sentences. Then, compare
the reliability of the two options and choose the higher
option.

Please answer with “Option 1” or “Option 2”. Output in
JSON format, for example: “Explanation”: “”, “Answer (Op-

2 @

tion 1 or Option 2)”:
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