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Abstract

Knowledge Bases (KBs) play a key role in
various applications. As two representative
KB-related tasks, knowledge base completion
(KBC) and knowledge base question answer-
ing (KBQA) are closely related and inherently
complementary with each other. Thus, it will
be beneficial to solve the task of joint KBC
and KBQA to make them reinforce each other.
However, existing studies usually rely on the
small language model (SLM) to enhance them
jointly, and the large language model (LLM)’s
strong reasoning ability is ignored. In this pa-
per, by combining the strengths of the LLM
with the SLM, we propose a novel framework
JCQL, which can make these two tasks enhance
each other in an iterative manner. To make
KBC enhance KBQA, we augment the LLM
agent-based KBQA model’s reasoning paths by
incorporating an SLM-trained KBC model as
an action of the agent, alleviating the LLM’s
hallucination and high computational costs is-
sue in KBQA. To make KBQA enhance KBC,
we incrementally fine-tune the KBC model by
leveraging KBQA’s reasoning paths as its sup-
plementary training data, improving the ability
of the SLM in KBC. Extensive experiments
over two public benchmark data sets demon-
strate that JCQL surpasses all baselines for both
KBC and KBQA tasks.

1 Introduction

Knowledge Bases (KBs) storing enormous factual
triples such as Wikidata (Vrandečić and Krötzsch,
2014), DBpedia (Lehmann et al., 2015), and Free-
base (Bollacker et al., 2008), play a key role in var-
ious applications (Zhou et al., 2026). One of their
main downstream applications is knowledge base
question answering (KBQA), which is a significant
research area that utilizes KBs to provide precise
answers to natural language questions. However,
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these KBs are often greatly incomplete (Liu et al.,
2022b, 2023, 2016, 2026). Along this line, the task
of knowledge base completion (KBC), which aims
to infer the missing triples for a KB, can help to
improve the performance of KBQA. Meanwhile,
KBQA can help KBC since the new knowledge
inferred from KBQA can be used to complete the
KB. It can be seen that KBC and KBQA are closely
related and inherently complementary with each
other (Liu et al., 2022a). Thus, it will be benefi-
cial to solve KBC and KBQA jointly to make them
reinforce each other.

To our best knowledge, only two existing stud-
ies have attempted to integrate KBC and KBQA
tasks by leveraging the small language models
(SLMs) such as BERT (Devlin et al., 2019) and
T5 (Raffel et al., 2020). The first approach Bi-
Net (Liu et al., 2022a) proposes a multi-task learn-
ing framework that shares an embedding space to
facilitate latent feature exchange between these
two tasks. However, this method requires man-
ual annotation of reasoning paths (i.e., relation se-
quences of questions (Liu et al., 2022a)) in the
embedding space to construct training data, which
is time-consuming and labor-intensive. The sec-
ond work, KGT5 (Saxena et al., 2022) formulates
KBC and KBQA as seq2seq tasks. Specifically,
KGT5 first pre-trains T5 for KBC and then fine-
tunes it for KBQA, enabling knowledge integration
between tasks through shared parameters. While
this method is simple and intuitive, it overlooks
the potential enhancing effect of KBQA on KBC.
Notably, it is worth mentioning that the previous
two studies are both based on SLMs, failing to use
the abilities of large language models (LLMs) such
as GPT-4 (Achiam et al., 2023) and LLaMA (Tou-
vron et al., 2023). These LLMs exhibit superior
reasoning abilities that can retrieve relevant triples
from the KB to generate the needed reasoning paths
through exploration and reasoning (Sun et al., 2024;
Luo et al., 2025). A heuristic way to integrate KBC
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and KBQA tasks employing the LLM is establish-
ing an iterative workflow, e.g., first executing an
LLM-based KBC method to complete the KB, then
running an LLM-based KBQA method, and sub-
sequently leveraging newly acquired knowledge
from KBQA’s reasoning paths to populate the KB,
which can be used as the input of the next round
of KBC. However, this workflow suffers from two
limitations: (1) the cost overhead from frequent
LLM calls; (2) results provided by LLMs are not
precise due to the LLM’s hallucination issue.

The above analysis reveals fundamental limita-
tions in using either SLMs or LLMs in isolation
for solving KBC and KBQA jointly. Interestingly,
we observe complementary strengths: LLMs can
potentially address BiNet’s manual annotation re-
quirement through their reasoning abilities, while
SLMs can help mitigate LLMs’ high computational
costs and hallucination issues. Therefore, an effec-
tive integration strategy to combine the strengths of
LLMs and SLMs can better enable mutual enhance-
ment between the two tasks (Fan et al., 2024).

To address the above issues, we propose a novel
framework JCQL to Jointly solve KBC and KBQA
by combining the LLM and the SLM, which can
integrate LLM’s implicit parametric knowledge
and KB’s explicit structured knowledge. For KBC,
JCQL trains an SLM by retrieving relevant triples
from the KB for each triple as contextual informa-
tion. For KBQA, for each question, JCQL extracts
the LLM’s reasoning paths by using the correspond-
ing answer as the supervision to prompt the LLM to
act as an agent in step-by-step reasoning. In order
to integrate KBC and KBQA into a unified frame-
work to enhance each other, JCQL employs two key
mechanisms: (1) the SLM-trained KBC model is
integrated as an action within the LLM agent’s rea-
soning process, converting structured knowledge
into parametric knowledge to alleviate the LLM’s
hallucination and high computational costs issue in
KBQA (a.k.a KBC → KBQA); (2) KBQA’s reason-
ing paths are utilized as the supplementary train-
ing data to fine-tune the KBC model based on the
incremental learning technique, converting para-
metric knowledge into structured knowledge to im-
prove the ability of the SLM in KBC (a.k.a KBQA
→ KBC). Through the above iterative process,
the KBC model augmented by KBQA’s reasoning
paths becomes stronger, and KBQA’s reasoning
paths incorporating the KBC model are more likely
to be high quality. Ultimately, JCQL can predict en-
tities via the fine-tuned SLM and generate answers

to questions via the LLM agent incorporating the
fine-tuned SLM as an action, respectively.

Our main contributions can be summarized as
follows: (1) to the best of our knowledge, this is
the first framework combining the LLM and the
SLM to enhance the task of joint KBC and KBQA;
(2) to make KBC enhance KBQA, we augment the
LLM agent by incorporating an SLM-trained KBC
model as an action, which can alleviate the LLM’s
hallucination and high computational costs issue
in KBQA; (3) to make KBQA enhance KBC, we
incrementally fine-tune the KBC model by leverag-
ing LLM-generated reasoning paths from KBQA
as supplementary training data, which can improve
the ability of the SLM in KBC; (4) a thorough ex-
perimental study over two public benchmark data
sets under different settings shows our proposed
framework significantly outperforms all baseline
methods for both tasks.

2 Preliminaries and Task Definition

A KB can be represented as G = {E,R, F}, where
E is the set of entities, R is the set of relations,
and F = {⟨h, r, t⟩|h, t ∈ E, r ∈ R} is the set
of triples. Given a KB, KBC aims to infer miss-
ing triples based on the existing information in
the KB. Specifically, KBC consists of three cat-
egories of sub-tasks: (1) given a query ⟨h, r, ?⟩,
complete the corresponding tail entity t; (2) given
a query ⟨?, r, t⟩, complete the corresponding head
entity h; (3) given a query ⟨h, ?, t⟩, complete the
relation r between h and t. KBQA aims to iden-
tify a set of entities AQ ⊆ E to answer the given
questions Q based on G. Following (Liu et al.,
2022a), we call the entities mentioned in ques-
tions as topic entities, denoted as EQ ⊆ E. Ide-
ally, each question q ∈ Q can be mapped to a
set of reasoning paths Pq in the KB, where pq =
{⟨e1, r1, e2⟩, ⟨e2, r2, e3⟩, . . . , ⟨ed−1, rd−1, ed⟩} is
a unique reasoning path in Pq.

Definition 1 (Joint knowledge base completion
and question answering). Given a set of train-
ing triples for the KBC task and a set of training
questions for the KBQA task, it is required to out-
put answers to test triples for the KBC task and
answers to test questions for the KBQA task.

3 The Framework: JCQL

The overall framework JCQL is shown in Figure 1.
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KBC via SLM
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Observation 1: Woodrow Wilson, educated at, Davidson College
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Action 2: Complete[Woodrow Wilson | educated at]
Observation 2: Woodrow Wilson, educated at, Princeton 
University
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Princeton University is also the school attended by Woodrow 
Wilson. I need to conduct further analysis to determine if 
there are other possible institutions.
Action 3: Generate[which additional educational institutions 
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Figure 1: Overview of our framework JCQL.

3.1 KBC via SLM
Previous studies (Saxena et al., 2022; Yao et al.,
2019) demonstrate that SLMs can complete miss-
ing triples by learning semantic information from
KBs. Inspired by this, we train an encoder-decoder
Transformer model (with a similar architecture as
T5) using the cross-entropy as the loss function to
solve the KBC task. Specifically, the generation
process of this SLM can be formalized as follows:

P(Y |[U ;D; T ]) =

l∏

i=1

P(yi|y<i, [U ;D; T ]), (1)

where l is the length of sequence, [U ;D; T ] is the
input sequence to the encoder of the SLM for each
training triple ⟨h, r, t⟩, ";" is the concatenation op-
eration between texts, U denotes the concatenation
of h and r, and Y is the surface form of t. We
obtain h’s descriptive text as D from the KB, pro-
moting the SLM to understand the entity better and
alleviate the entity ambiguity issue. T is the con-
text consisting of related triples to U . Specifically,
we rank the one-hop neighborhoods of h based
on a co-occurrence score S(r, r̂) between r and
neighboring relations r̂ and subsequently select the
triples with high scores to construct the context set
T . Formally, S(r, r̂) is defined as follows:

S(r, r̂) =
∑

e∈E
I(r ∈ Re ∧ r̂ ∈ Re), (2)

where Re denotes the set of all relations incident
to entity e ∈ E . I(·) denotes the indicator func-

tion and ∧ denotes the logical conjunction. This
score represents the frequency of r and r̂ sharing a
common entity in the KB.

3.2 KBQA via LLM

Inspired by (Sun et al., 2024), we utilize an LLM
as the agent for KBQA. The LLM operates in
an iterative cycle of three alternating states, i.e.,
thought, action, and observation to drive au-
tonomous reasoning. During the reasoning pro-
cess, the LLM continuously explores the KB and
generates the reasoning process, dynamically in-
tegrating structured knowledge from the KB. To
enable the LLM to access the KB and alleviate the
KB’s incomplete issue, we define the agent’s action
space consisting of the following three categories
of actions: (1) search(entity). This action can
return the most relevant entities from the neigh-
bors of the target entity based on some relevant
relations from all triples associated with the target
entity in the KB selected by the LLM (detailed in
Appendix). (2) generate(sub-question). The
LLM is prompted to analyze the last thought to
generate a sub-question. Based on the sub-question,
this action retrieves related triples via BM25 algo-
rithm (Robertson and Zaragoza, 2009) from pre-
vious observations (i.e., action execution results),
and then prompts the LLM to generate new triples
beyond the KB via the LLM’s parametric knowl-
edge. Yet, the LLM may frequently return unre-
liable triples (e.g., inverted head-tail entity pairs
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and synthesized relationships unsupported by the
KB). To solve this issue, JCQL prompts the LLM
to correct these triples based on the description and
schema of relationships (detailed in Appendix). (3)
finish(e1, e2, . . . , en). This action returns an en-
tity list as final answers, marking the completion
of the reasoning process.

Like ReAct (Yao et al., 2023; Wang et al., 2026),
we treat the action execution results as observations
and the entire reasoning process as a sequence of
actions with corresponding observations. Specifi-
cally, the agent generates a thought to analyze the
current state of the reasoning process before taking
action and receives the observation after taking ac-
tion. Formally, the interaction trajectory at step i
can be represented as:

Ci = (q, Eq, τ0, α0, o0, . . . , τi−1, αi−1, oi−1),
(3)

where q denotes a question, Eq denotes q’s topic
entity set, αi ∈ {search, generate, finish}, oi
denotes the observation, and τi denotes the thought.
Based on this interaction trajectory, the generating
process for the subsequent thought τi and action αi

can be formulated as follows:

P(τi|Ci) =

|τi|∏

j=1

P(τ ji |Ci, τ
<j
i ), (4)

P(αi|Ci, τi) =

|αi|∏

z=1

P(αz
i |Ci, τi, α

<z
i ), (5)

where τ ji and |τi| are the j-th token and the length
of τi, αz

i and |αi| denote the z-th token and the
length of αi. The LLM repeats this iterative process
until it obtains adequate information and outputs
final answers in the form of finish.

3.3 Joint Training for KBC and KBQA
KBC → KBQA. To alleviate potential errors
caused by the LLM’s hallucination in KBQA,
we augment the LLM agent by integrating an
SLM-trained KBC model as an action within the
agent’s reasoning process. Specifically, in addi-
tion to the three actions search, generate, and
finish, we add an additional action denoted as
complete(entity, relation). This action first
converts the head entity and the relation into the
input format of our SLM-trained KBC model and
leverages this KBC model to predict entities. This
mechanism creates a tight coupling between KB’s
explicit structured knowledge and LLM’s implicit

parametric knowledge to make the answer results
more accurate. Although we constrain the LLM
to generate the relation appearing in observations
via the design of a specific prompt (detailed in Ap-
pendix), it may still generate some relations beyond
the scope of the KB. To address this issue, we link
the relation generated by the LLM to the most rele-
vant one within the KB based on BM25 scores. In
practice, a simple approach of determining whether
to call the complete action is to set a threshold on
the SLM’s decoding probability. However, such
threshold is often difficult to obtain. Therefore, we
still adopt Formula 5 to calculate the probability of
invoking the action complete.

KBQA → KBC. In order to make KB more com-
plete to assist KBQA, we parse the reasoning paths
of KBQA as the supplementary training data to
fine-tune the KBC model. As shown in the right of
Figure 1, given a question-answer pair, we leverage
the answers as the supervision to guide the LLM to
perform step-by-step reasoning, which makes the
LLM agent generate more comprehensive and ac-
curate triples by actively exploring multiple reason-
ing paths. Specifically, when the reasoning process
of a question q is finished, we first compare pre-
dicted answers with golden answers and filter the
incorrect predicted answers with the corresponding
observations from the reasoning process Cq gener-
ated by the LLM agent. Next, we extract all triples
from the reasoning process, including all observa-
tions returned from the actions search, complete,
and generate. Then, we construct a reasoning sub-
graph Gq based on the extracted triples, and search
for the paths through Breadth-First Search (BFS)
from the topic entity to the answer entity in Gq. For
each entity on the path, we use triples consisting
of it and its one-hop neighborhoods to expand the
paths. Ultimately, we prompt the LLM to select
the triples most relevant to the question based on q
and the current paths. The triples selected by the
LLM are regarded as the final reasoning paths Pq

of KBQA to fine-tune the SLM.
Based on the above two mechanisms, JCQL’s

overall training process is depicted in Algorithm
1. First, in PRETRAIN({⟨h, r, t⟩},MS), JCQL
pre-trains a KBC model via the SLM MS based
on the KBC training set {⟨h, r, t⟩} (introduced
in Section 3.1). Next, in AGENT(q, aq, eq,MS),
given a question-answer pair from KBQA’s train-
ing set, the LLM agent incorporates the pre-
trained MS to perform reasoning step-by-step
to obtain the interaction trajectory Cq. Sub-
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sequently, in PARSE(Cq,ML), JCQL leverages
the LLM ML to extract the reasoning paths Pq

based on Cq (introduced in Section 3.3). In
INCFINETUNE({⟨h, r, t⟩}, Pq,MS), the triples of
Pq are utilized to fine-tune MS in real time. Note
that each reasoning path contains only a small num-
ber of triples, which include those in the KBC’s
training set used for pre-training (i.e., triples re-
turned from the action search) and supplementary
triples provided by ML (i.e., triples returned from
actions complete and generate). To mitigate the
issue of catastrophic forgetting, we employ a sim-
ple incremental learning technique known as expe-
rience replay (Mnih et al., 2013) to combine triples
in reasoning paths with few triples drawn uniformly
at random from replay memory and apply mini-
batch updates to all these samples to fine-tune MS .
In practice, we store all triples of the KBC’s train-
ing set in the replay memory. To reduce training
time, we sample only ten triples for each triple in
reasoning paths. Thus, by fine-tuning MS continu-
ously based on the incremental learning technique,
KBC and KBQA can mutually influence each other,
in the sense that the KBC model augmented by
KBQA’s reasoning paths becomes stronger, and the
reasoning paths of KBQA incorporating the KBC
model are more likely to be high quality. To further
enhance performance, we can use more advanced
incremental learning methods (Jia et al., 2025), but
this is not the focus of our paper.

3.4 Inference

Given the query ⟨h, r, ?⟩ from the KBC’s test set
and the fine-tuned SLM, JCQL first converts it into
the input sequence of the SLM (introduced in Sec-
tion 3.1). Then, JCQL samples R sequences from
SLM’s decoder. Based on the pre-constructed map-
ping dictionary (e.g., {Justin Bieber: Q34086}),
the output sequences that do not contain KB enti-
ties are filtered. Thus, for each remaining output
sequence, we assign a score to the corresponding
entity ID based on the probability of decoding the
sequence. Simultaneously, we assign a negative
infinity score for each entity ID that is not in the
output sequences. In this way, the top k predicted
entities can be returned. Given KBQA’s test ques-
tions and the fine-tuned SLM, JCQL obtains the
answers via the LLM agent without gold answers
as the supervision, which is the only difference
from the training phase. The results of the action
finish(e1, e2, . . . , en) will serve as final answers.
Prompts used here can be found in Appendix.

Formally, the calls to the LLM for the whole in-
ference process are |Q| · L ·N , where |Q| denotes
the number of questions, L denotes the maximum
number of thought for each question, and N de-
notes the maximum number of action calls to the
LLM for each question. JCQL first calls the LLM
during the action search execution phase to select
relevant relations. The second call may occurs dur-
ing the action generate execution phase, which
can generate and correct new triples through the
LLM. Thus the value of N is 2. To reduce the
inference time, L is set to 10.

Algorithm 1 JCQL
Input: The KB G, KBQA’s training set {Q,AQ, EQ},

KBC’s training set {⟨h, r, t⟩ ∈G}, an SLMMS , an
LLMML

Output: The fine-tunedMS

1: MS ← PRETRAIN({⟨h, r, t⟩},MS)
2: for {q, aq, eq} ∈ {Q,AQ, EQ} do
3: // KBC→ KBQA
4: Trajectory Cq ← AGENT(q, aq, eq,MS)
5: // KBQA→ KBC
6: Paths Pq ← PARSE(Cq,ML)
7: MS ← INCFINETUNE({⟨h, r, t⟩}, Pq,MS)
8: end for

4 Experimental Study

4.1 Experiment Settings
Data Sets. In the experiments, we utilize two com-
mon benchmark data sets, WebQuestionSP (We-
bQSP) and Complex WebQuestion (CWQ). We-
bQSP has 4, 000 questions, which consist of both
one-hop and two-hop questions. CWQ contains
about 30, 000 questions, which include questions
requiring composite reasoning and superlative rea-
soning. Following ToG (Sun et al., 2024), we use
Wikidata as the background KB. To reduce cost
in evaluating our joint task, following (Liu et al.,
2022a), we restrict the KB used in this paper to a
subset of Wikidata for the evaluation of all methods
by encompassing all triples within two hops of any
entity mentioned in WebQSP/CWQ. This scope is
small yet enough, covering over 99% of question
answers of WebQSP/CWQ. Thus, we can obtain
the corresponding background KB for WebQSP
and CWQ respectively. For each KB, we randomly
sample 20, 000 triples to construct the validation
set, 20, 000 triples to construct the test set, and the
remaining triples to construct the training set. Fol-
lowing (Liu et al., 2022a), for each training set,
we randomly delete 50% and 70% edges as two
challenge settings of our work, i.e., 50% KB and
30% KB respectively. The statistics of these data
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Method WebQSP (30% KB) WebQSP (50% KB) CWQ (30% KB) CWQ (50% KB)

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

TransE (NeurIPS’13) 0.032 0.000 0.043 0.090 0.051 0.011 0.068 0.130 0.047 0.011 0.062 0.121 0.052 0.012 0.067 0.133
DistMult (ICLR’15) 0.112 0.079 0.125 0.176 0.166 0.118 0.182 0.260 0.100 0.070 0.111 0.161 0.153 0.107 0.169 0.243
ComplEx (ICML’16) 0.119 0.085 0.132 0.183 0.178 0.127 0.200 0.277 0.106 0.074 0.119 0.166 0.158 0.110 0.177 0.252
RotatE (ICLR’19) 0.055 0.023 0.062 0.124 0.055 0.024 0.062 0.125 0.058 0.027 0.064 0.125 0.047 0.024 0.061 0.125
SimKGC (ACL’22) 0.456 0.377 0.493 0.605 0.480 0.400 0.518 0.632 0.451 0.360 0.493 0.625 0.466 0.375 0.510 0.642
KGT5 (ACL’22) 0.517 0.484 0.536 0.580 0.543 0.509 0.565 0.610 0.503 0.467 0.524 0.569 0.536 0.501 0.559 0.602
BiNet (SIGKDD’22) 0.152 0.123 0.177 0.181 0.166 0.138 0.195 0.195 0.158 0.113 0.170 0.178 0.178 0.139 0.210 0.210
CSProm-KG (ACL’23) 0.416 0.360 0.448 0.518 0.432 0.375 0.466 0.538 0.400 0.343 0.433 0.506 0.421 0.363 0.454 0.529
DIFT (ISWC’24) 0.515 0.457 0.540 0.625 0.536 0.474 0.563 0.649 0.504 0.438 0.530 0.634 0.521 0.454 0.547 0.651
IVR (NeurIPS’24) 0.266 0.201 0.299 0.385 0.343 0.270 0.382 0.479 0.255 0.188 0.290 0.379 0.337 0.264 0.378 0.472
GoldE (ICML’24) 0.162 0.116 0.182 0.251 0.207 0.152 0.232 0.309 0.163 0.116 0.184 0.252 0.200 0.145 0.226 0.302
RAA-KGC (AAAI’25) 0.318 0.245 0.342 0.448 0.321 0.251 0.349 0.457 0.329 0.261 0.355 0.458 0.330 0.260 0.358 0.466
SATKGC (WWW’25) 0.491 0.409 0.531 0.645 0.510 0.427 0.554 0.669 0.476 0.394 0.515 0.630 0.503 0.419 0.546 0.661
JCQLBART−small 0.585 0.553 0.609 0.640 0.609 0.577 0.633 0.664 0.559 0.526 0.583 0.616 0.612 0.581 0.636 0.665
JCQLFlan−T5−small 0.590 0.559 0.612 0.646 0.621 0.591 0.645 0.675 0.583 0.552 0.606 0.637 0.610 0.578 0.633 0.664
JCQLT5−small 0.603 0.572 0.628 0.652 0.630 0.599 0.652 0.693 0.588 0.556 0.612 0.645 0.614 0.583 0.634 0.670

Table 1: Performance on the KBC task. The best results are indicated in bold. The second best results are underlined.

sets are available in Appendix. We make the data
sets and source code used in this paper publicly
available for future research1.
Evaluation Measures. For KBC, we adopt the
evaluation measures mean reciprocal rank (MRR)
and Hits@i (i ∈ {1, 3, 10}), which are the same as
KBC studies (Bordes et al., 2013; Trouillon et al.,
2016). For KBQA, following (Sun et al., 2024;
Xu et al., 2024), we adopt the same evaluation
measure Hits@1. Please refer to Appendix B for
more details.
Setting Details. In Section 4.2, we fix GPT-4o-
mini as the LLM and show the performance of
JCQL with T5-small, Bart-small (Lewis et al.,
2020), and Flan-T5-small (Chung et al., 2022) as
the SLMs. In Section 4.3, we fix T5-small as the
SLM and show the performance of JCQL with
Qwen3-30B-A3B (Zhang et al., 2025), LLaMA3.1-
70B, and GPT-4o-mini as the LLMs. We adopt
GPT-4o-mini as the LLM and T5-small as the SLM
in other experiments. The maximum size of T , The
maximum token length, LLM’s temperature param-
eter, sampling size, and SLM’s temperature are
set to 20, 256, 0.7, 500, and 1 respectively. For
the KBQA task, the number of triples returned by
the SLM k is set to 5. JCQL is optimized by us-
ing Adafactor with a batch size of 64. For the
learning rate, we use the relative learning rate with
the warmup initialization method. These hyper-
parameters are applied uniformly across all data
sets. Inspired by (Sun et al., 2024), we use Re-
FinED (Ayoola et al., 2022) to perform entity link-
ing for all questions. It is guaranteed that there is
at least a path between topic entities and answer

1https://github.com/ldp2211479/JCQL

Method WebQSP CWQ

w/o KB

GPT-4o-mini 0.677 0.421
CoT (NeurIPS’22) 0.646 0.446
SC (ICLR’23) 0.643 0.464

w/ KB

30% KB 50% KB 30% KB 50% KB

DECAFAns (ICLR’23) 0.419 0.487 0.295 0.312
KGT5 (ACL’22) 0.201 0.208 0.248 0.261
BiNet (SIGKDD’22) 0.166 0.177 0.183 0.208
KG-CoT (IJCAI’24) 0.230 0.265 0.097 0.165
ToG (ICLR’24) 0.457 0.706 0.360 0.328
GoG (EMNLP’24) 0.684 0.693 0.476 0.477
PoG (NeurIPS’24) 0.668 0.688 0.400 0.423
LMP (ACL’25) 0.716 0.725 0.381 0.401
PDRR (AAAI’26) 0.687 0.690 0.469 0.471
JCQLQwen3−30B−A3B 0.668 0.676 0.422 0.427
JCQLLLaMA3.1−70B 0.697 0.705 0.460 0.469
JCQLGPT−4o−mini 0.730 0.738 0.502 0.508

Table 2: Performance on the KBQA task in terms of
Hits@1. The best results are indicated in bold. The
second best results are underlined.

entities, which is the same as the previous joint
KBC and KBQA study (Liu et al., 2022a). For
questions without topic entities, JCQL answers via
CoT (Wei et al., 2022), which is the same setting
as the previous KBQA study (Sun et al., 2024).

4.2 Knowledge Base Completion

For this task, we compare JCQL with 13 SOTA
methods including TransE (Bordes et al., 2013),
DistMult (Yang et al., 2015), ComplEx (Trouil-
lon et al., 2016), RotatE (Sun et al., 2019), IVR
(Xiao and Cao, 2024), GoldE (Li et al., 2024a),
SimKGC (Wang et al., 2022), CSProm-KG (Chen
et al., 2023), DIFT (Liu et al., 2024), RAA-KGC
(Yuan et al., 2025), SATKGC (Ko et al., 2025), Bi-
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Figure 2: Ablation study on the LLM’s reasoning paths for the task of KBC.

Method WebQSP CWQ

30% KB 50% KB 30% KB 50% KB

JCQL 0.730 0.738 0.502 0.508
JCQL w/o generate 0.706 0.722 0.482 0.490
JCQL w/o complete 0.691 0.696 0.473 0.475

Table 3: Ablation study on the SLM for the task of
KBQA in terms of Hits@1.

Net (Liu et al., 2022a), and KGT5 (Saxena et al.,
2022) on predicting tail entities. Their descriptions
are presented in Appendix. Each baseline’s perfor-
mance is reproduced via its open-source solution
under its default parameters. From the results on
both data sets under different settings (i.e., 50%
KB and 30% KB) in Table 1, it can be seen that
JCQL using different SLMs achieves the best per-
formance compared with 13 baselines in terms of
all evaluation measures, demonstrating the effec-
tiveness of JCQL for the KBC task.

4.3 Knowledge Base Question Answering

For this task, in addition to BiNet and KGT5,
we use other baselines including GPT-4o-mini,
Chain-of-Thought (CoT) (Wei et al., 2022), Self-
Consistency (SC) (Wang et al., 2023), KG-CoT
(Zhao et al., 2024), ToG (Sun et al., 2024), PoG
(Chen et al., 2024), LMP (Wan et al., 2025), PDRR
(Zhu et al., 2025), GoG (Xu et al., 2024) and a vari-
ant DecAFAns (i.e., DecAF only using generated
answers) of DecAF that does not need SPARQL
queries (Yu et al., 2023). The descriptions of them
are presented in Appendix. For each baseline, the
performance is reproduced via its open-source so-
lution under its default parameters. Note that for
all baselines except BiNet and KGT5, we adopt
GPT-4o-mini as the LLM. From the results on
both data sets under different settings (i.e., 50%
KB and 30% KB) in Table 2, it can be seen that
JCQLGPT−4o−mini achieves the best performance,

outperforming all baselines that also employ GPT-
4o-mini. Additionally, the variants based on
open-source LLMs (i.e., JCQLLLaMA3.1−70B and
JCQLQwen3−30B−A3B) also exhibit highly compet-
itive results.

4.4 Ablation Study

Effect Analysis of the LLM’s Reasoning Paths
in KBC. To validate the effectiveness of KBQA
in enhancing KBC for JCQL, we conduct a statis-
tical analysis of KBC’s test triples and KBQA’s
reasoning paths in Appendix. The analysis results
show that the intersection of triples involved in the
reasoning paths of the KBQA task and the KBC’s
test triples is relatively small, which may limit the
enhancement of KBQA to KBC. Based on this
observation, we first adopt the BFS method to iden-
tify the triples that form the shortest path for each
KBQA’s training question over the complete KB.
Then, according to the generated triples of all train-
ing questions, we filter the triples that belong to
the corresponding KBC training set and use the
remaining triples to test the performance of JCQL
without reasoning paths. As shown in Figure 2(a)-
(d), it can be seen that without reasoning paths, the
performance of JCQL declines by at least 8 per-
centages on both data sets under different settings
for the KBC task. Overall, the LLM can improve
the SLM’s reasoning ability in KBC, especially for
KBC test triples existing in the reasoning paths of
KBQA training questions.
Effect Analysis of the SLM in KBQA. To verify
the importance of the SLM in KBQA, we remove
complete and generate from the LLM agent’s ac-
tion set, respectively. Generate prompts the LLM
to generate missing triples, while complete gen-
erates triples with a fine-tuned SLM. As shown in
Table 3, we can see that the absence of complete
causes a more substantial performance decline in
JCQL than the absence of generate, which vali-
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Figure 3: Parameter study over WebQSP and CWQ under different settings.

Data set Method 30% KB 50% KB

LLM call Time (s) LLM call Time (s)

CWQ

ToG 18.5 33.7 18.2 32.7
GoG 7.9 26.3 7.7 26.1
PoG 11.7 42.6 9.7 42.8
LMP 11.4 59.4 11.3 58.8

PDRR 8.6 49.5 7.6 45.8
JCQL-SLM 8.2 28.4 8.0 27.2

JCQL 7.3 25.3 7.2 20.9

WebQSP

ToG 17.5 26.6 15.2 23.9
GoG 5.9 16.8 6.0 16.2
PoG 6.8 31.0 5.4 26.2
LMP 5.4 22.1 5.5 21.3

PDRR 7.5 33.1 7.6 31.6
JCQL-SLM 5.8 17.4 5.8 17.2

JCQL 5.1 16.6 5.2 15.9

Table 4: Efficiency study on the task of KBQA.

dates the point that the SLM can indeed alleviate
the hallucination to enhance the performance by
providing much more accurate tail entities to gen-
erate more reliable reasoning paths.

4.5 Efficiency Study

We study the efficiency of JCQL, JCQL-SLM (i.e.,
JCQL w/o complete), and some SOTA baselines
(i.e., ToG, PoG, LMP, PDRR, and GoG). As shown
in Table 4, JCQL achieves the best performance
in terms of LLM call (i.e., the average number
of LLM calls for each question) and Time (i.e.,
inference time) on both data sets under different
settings. Furthermore, JCQL outperforms JCQL-
SLM, demonstrating the effectiveness of the SLM
for alleviating the LLM’s high computational costs
issue.

4.6 Parameter Study

In order to comprehensively understand the per-
formance characteristics of JCQL, we conduct the
sensitivity analysis to assess how parameter R (the
number of sequences from the decoder of the SLM)
influences JCQL’s performance on the task of KBC.
Figure 3 shows the performance of JCQL with

parameter R = {100, 200, 300, ..., 1000} on We-
bQSP and CWQ. From the trend shown in Figure 3,
we can see that when the number of sequences in-
creases, the performance improves rapidly at lower
values, then grows slowly at high values until it
stabilizes on both data sets.

5 Related Work

KBC methods often contain two categories of stud-
ies: (1) structure-based methods (Bordes et al.,
2013; Yang et al., 2015; Trouillon et al., 2016; Sun
et al., 2019; Xiao and Cao, 2024; Li et al., 2024a);
(2) semantic-based methods (Wang et al., 2022;
Chen et al., 2023; Saxena et al., 2022; Liu et al.,
2022a, 2024). Note that all above methods often
rely on offline training with static KBs, resulting
in limited scalability, while JCQL uses LLM’s rea-
soning paths to fine-tune an SLM to update the KB
dynamically with the incremental learning tech-
nique.

KBQA receives a lot of attention recently. Some
studies adopt information retrieval-based methods
(Li et al., 2024b; Zhao et al., 2024). ToG (Sun
et al., 2024) and PoG (Chen et al., 2024) attempt to
treat the LLM as an agent to interactively explore
relation paths step by step in the KB and perform
reasoning based on the retrieved paths. GoG (Xu
et al., 2024) uses the LLM’s internal knowledge
and the external knowledge in the KB to reason.
However, when relations are lacking, GoG often
relies on the LLM’s internal knowledge, potentially
leading to hallucination. In contrast, JCQL embeds
a fine-tuned SLM-based KBC model as an action
into the LLM agent to generate missing triples,
effectively mitigating hallucination issues.

Joint KBC and KBQA methods receive limited
attention so far. BiNet (Liu et al., 2022a) con-
verts the question into a relationship path by BERT
and jointly deals with KBC and KBQA through
a shared embedding space and an answer scor-
ing module. KGT5 (Saxena et al., 2022) converts
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triples into a simple input sequence to pre-train T5
for KBC, and fine-tunes it using question and an-
swer pairs for KBQA. Both methods ignore LLM’s
reasoning ability, while JCQL combines the LLM
and the SLM to integrate the knowledge from the
LLM and the KB to solve these two tasks jointly.

6 Conclusion

In this paper, we propose a novel framework JCQL,
which can resolve KBC and KBQA simultaneously
and make the two tasks reinforce each other by
combining strengths of the LLM and the SLM. In
this framework, LLM’s parametric knowledge and
KB’s structured knowledge can be integrated in an
iterative manner. Extensive experiments over two
public benchmark data sets have demonstrated the
effectiveness of JCQL against many SOTA KBC
and KBQA methods.

Limitations

Limitations of JCQL are listed as follows. (1) For
KBC, the SLM’s context is constructed from the
one-hop neighborhoods of the head entity. For
some challenging queries, this simple context may
not provide sufficient information. (2) For KBQA,
JCQL integrates LLM’s parametric knowledge and
KB’s structured knowledge. In future work, we will
explore more useful information from the search en-
gine and the integration of multiple KBs to provide
more actions for the LLM agent. (3) The current
version of JCQL employs a simple and efficient
experience replay strategy. We intend to explore
more sophisticated incremental learning techniques
to further enhance performance.
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A Statistics of KBs

KBC Task. The statistics of KBs are shown in
Table 5 and Table 6. Note that isolated nodes refer
to nodes that do not have any edges connecting to
other nodes, and these nodes maintain self-loops
(edges pointing to themselves). We retain those
samples which have isolated entities (entities with-
out any neighboring nodes). For the entity e that
is an isolated node, we add a triple, represented as
⟨e, noop, e⟩.

Data set Entities Relations Train Valid Test Isolated nodes

WebQSP 749,492 1,251 1,714,822 20,000 20,000 130,179
CWQ 672,970 1,232 1,479,924 20,000 20,000 119,654

Table 5: Statistics of the 50% KB for the two data sets.

Data set Entities Relations Train Valid Test Isolated nodes

WebQSP 749,492 1,251 1,217,899 20,000 20,000 267,114
CWQ 672,970 1,232 1,060,601 20,000 20,000 244,439

Table 6: Statistics of the 30% KB for the two data sets.

KBQA Task. The statistics of the KBQA data
sets used in this paper are shown in Table 7. Note
that QA pairs in the training set without topic enti-
ties are removed. It can be seen that simply using
the operation edge traverse on the complete KB
could achieve nearly 100% accuracy.

Data set Answer format Train Test Coverage Licence

WebQSP Entity/Number 2777 3531 0.992 CC Licence
CWQ Entity 23013 1639 0.997 -

Table 7: Statistics of KBQA data sets. Coverage refers
to the accuracy of subgraph matching.

Reasoning Paths. The statistics of reasoning
paths are shown in Table 8. In both KBQA data
sets, the inference paths involve less than 1% of the
KBC test triples, indicating that even if the KBQA
reasoning path is fully learned, its impact on the
KBC test set remains minimal.

Data set Numberpath Numbertest Numbertest/Numberpath

WebQSP 8,623 27 0.31
CWQ 39,776 73 0.18

Table 8: Statistics of the reasoning path. Numberpath
denotes the number of triples in the inference paths.
Numbertest denotes the number of triples belonging to
inference paths within the KBC test set.

B Supplementary Experiment Settings

Evaluation Measures. For KBC, we adopt the
evaluation measures mean reciprocal rank (MRR)
and Hits@i (i ∈ {1, 3, 10}). MRR is calculated
by averaging the reciprocal ranks of true tail en-
tities over all test triples. Hits@i evaluates the
proportion of true tail entities in the top i predic-
tions. For KBQA, we adopt the evaluation measure
Hits@1.(the proportion of true answers in the top 1
predictions) to evaluate all methods.
KBC task. For DIFT, we utilize SimKGC as the
pre-trained KBC model. For IVR, we use ComplEx
as the backbone. For BiNet, we utilize the BFS
method to construct relational paths.
KBQA task. For ToG and GoG, we change the
prompt to adapt to Wikidata. For BiNet, we adopt
the same setting as introduced above.

C Baselines

C.1 KBC Methods
For this task, we compare JCQL with eleven SOTA
approaches as follows:

• TransE (Bordes et al., 2013) computes the can-
didate tail entity’ score by representing relation-
ships as vector translations.

• DistMult (Yang et al., 2015) uses a bilinear scor-
ing function with a diagonal relationship matrix
to calculate scores of candidate tail entities.

• ComplEx (Trouillon et al., 2016) extends Dist-
Mult by embedding entities and relations in a
complex space.

• RotatE (Sun et al., 2019) obtains the score of tail
entities by defining the relationship as rotations
to capture a wider range of relational patterns.

• IVR (Xiao and Cao, 2024) represents entities and
relationships as embedding matrices and com-
putes scores using a tensor decomposition model.

• GoldE (Li et al., 2024a) computes the score of
tail entities by applying hyperbolic orthogonal
transformations to head entities and calculating
the inner product with tail entities to capture hier-
archical and geometric structures in knowledge
graphs.

• SimKGC (Wang et al., 2022) leverages con-
trastive learning to optimize query embeddings
derived from BERT, and computes the scores of
candidate tail entities using the cosine similarity.
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T D WebQSP (30% KB) WebQSP (50% KB) CWQ (30% KB) CWQ (50% KB)

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

! ! 0.603 0.572 0.628 0.652 0.630 0.599 0.652 0.693 0.588 0.556 0.612 0.645 0.614 0.583 0.634 0.670
! % 0.566 0.533 0.583 0.626 0.598 0.565 0.620 0.657 0.530 0.496 0.552 0.595 0.582 0.548 0.605 0.643

% ! 0.581 0.550 0.603 0.634 0.603 0.572 0.626 0.656 0.570 0.539 0.590 0.625 0.598 0.568 0.620 0.650

% % 0.517 0.485 0.537 0.581 0.544 0.509 0.565 0.610 0.503 0.467 0.524 0.569 0.536 0.501 0.559 0.602

Table 9: Ablation study of the effect of the input sequence form of the SLM.

• CSProm-KG (Chen et al., 2023) uses the em-
bedding of entities and relationships to generate
conditional soft prompts, which are then entered
into the frozen SLM to predict the tail entity.

• DIFT (Liu et al., 2024) predicts candidate tail
entity by a pre-trained KBC model and refines
the selection process with LLaMA.

• SATKGC (Ko et al., 2025) proposes a subgraph-
aware training framework that incorporates struc-
tural inductive biases into SLMs by utilizing
random-walk based subgraph sampling as mini-
batches and employing contrastive learning to
prioritize topologically hard negatives based on
shortest path distances.

• RAA-KGC (Yuan et al., 2025) proposes a
relation-aware anchor enhancement strategy that
utilizes neighbors of the head entity sharing the
same relation as context.

• BiNet (Liu et al., 2022a) converts multi-hop ques-
tions into relational paths via an encoder-decoder
structure and utilizes a shared embedding space
with an answer scoring module for joint optimiza-
tion of KBC and KBQA.

• KGT5 (Saxena et al., 2022) integrates KBC and
KBQA tasks into a unified framework by con-
verting the query and the question into a simple
input sequence form and fine-tuning the model
T5.

C.2 KBQA Methods
For this task, in addition to BiNet and KGT5, we
use other baselines as follows:

• GPT-4o-mini is adopted under the standard
prompting(Brown et al., 2020) without requir-
ing the KB.

• Chain-of-Thought (CoT) prompt (Wei et al.,
2022) solves questions through step-by-step rea-
soning without requiring the KB.

• Self-Consistency (SC) (Wang et al., 2023) can
generate multiple candidate answers via CoT and
select the most consistent answer.

• KG-CoT (Zhao et al., 2024) leverages a step-by-
step graph reasoning model to perform reasoning
over KBs and generates chains of knowledge
with high confidence for LLMs based on the rea-
soning paths.

• ToG (Sun et al., 2024) explores relation paths
within KBs through iterative interactions with
the LLM and let the LLM derive final answers
based on the retrieved paths.

• PoG (Chen et al., 2024) adaptively explores and
self-corrects reasoning paths to efficiently answer
questions by leveraging guidance, memory, and
reflection.

• GoG (Xu et al., 2024) retrieves triples from the
KB and generates novel triples through the LLM
to answer complex questions in the incomplete
KB.

• LMP (Wan et al., 2025) adapts the message pass-
ing paradigm to the textual domain by iteratively
condensing neighborhoods into hierarchical se-
mantic facts, enabling LLMs to digest structural
knowledge for effective reasoning.

• PDRR (Zhu et al., 2025) employs a semantic
parsing-inspired framework to predict question
types and decompose them into structured triples,
enabling flexible planning for both chain and
parallel reasoning over KGs.

D Supplementary Experimental Results

D.1 Effect Analysis of the Input Sequence
Form of the SLM

To verify the effectiveness of two kinds of infor-
mation (i.e., entity description D and context T )
introduced in Section 3.3, we remove them from
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Figure 4: Efficiency study of the training process on WebQSP.
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Figure 5: Performance of JCQL with different sample numbers in experience replay.

JCQL. As shown in Table 9, without D and T ,
the performance of JCQL declines for KBC task
on both data sets under different settings, which
demonstrates the effectiveness of them.

D.2 Efficiency Study of Training Process
In this subsection, we study the efficiency of
JCQL’s training process under different settings.
Figure 4(a) and Figure 4(b) plot the total run-
ning time on WebQSP under different settings i.e.,
30% and 50% of the KB, respectively. From the
results, we can see that the total running time
is approximately linear to the number of ques-
tions in the training data set, which is consistent
with calls to the LLM described in Section 3.4.
Note that the running time of PARSE(Cq,ML)
and INCFINETUNE({⟨h, r, t⟩}, Pq,MS) is neg-
ligible compared with AGENT(q, aq, eq,MS).
Therefore, the training time mainly depends on
AGENT(q, aq, eq,MS).

D.3 Performance of JCQL with different
sample size in experience replay.

To explore the influence of the sample size in expe-
rience replay on JCQL’s performance, we conduct
experiments with the size set to {0, 5, 10, 15, 20}.

As shown in Figure 5, JCQL’s performance im-
proves with the sample size. This suggests that
our experience replay strategy can effectively miti-
gate catastrophic forgetting in SLM. It also demon-
strates that performance growth diminishes when
the sample size exceeds 10. To balance perfor-
mance and computational cost, we set the sample
size to 10.

E Prompt List

E.1 Prompts for JCQL

As shown in Prompt 1, the prompt is designed to
extract the reasoning process of KBQA.

Prompt 1. The Prompt for the Training Phase of
JCQL

• Instruction:

Solve a question answering task with inter-
leaving Thought, Action, Observation steps.
Thought can reason about the current situation,
and Action can be four types:
(1) Search[entity1 | entity2 | ...], which searches
the exact entities on Wikidata and returns their
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one-hop subgraphs. You should extract all
concrete entities appeared in your last thought
without redundant words, and you should always
select entities from topic entities in the first
search.
(2) Complete[head entity | relation], which
completes tail entities based on the head entity
and relationships.
(3) Generate[subquestion], which generates
some new triples related to your last thought. The
subquestion should be a one-hop question.
(4) Finish[answer1 | answer2 | ...], which
summarizes the answers from the triples and
returns the true answers. You should reason about
the answer based on the known triples. Firstly,
you need to summarize all possible answers
appeared in the known triples. Secondly, you
should compare them with the reference answers.
Finally, you should return all the true answers.
If you don’t know the answer, please return
Finish[unknown].
You should generate each step without redundant
words.

• Example:

Question: where did woodrow wilson go
to school?
Topic Entity: [Woodrow Wilson]
Answer: Davidson College | University of
Virginia School of Law | Princeton University |
Johns Hopkins University
Thought 1: The task requires identifying
educational institutions attended by Woodrow
Wilson. Based on the question, I will focus on
gathering educational institutions linked to him.
Action 1: Search[Woodrow Wilson]
Observation 1: Woodrow Wilson, educated at,
Davidson College
Woodrow Wilson, employer, Bryn Mawr College
Woodrow Wilson, educated at, University of
Virginia
Thought 2: While Davidson College and the
University of Virginia are identified, I suspect
there are more institutions. I will use the
"Complete" action with "Woodrow Wilson"
and the relation "educated at" to find additional
schools.
Action 2: Complete[Woodrow Wilson | educated
at]

Observation 2: Woodrow Wilson, educated at,
Princeton University
Thought 3: The result of Complete Action
shows that Princeton University is also the school
attended by Woodrow Wilson. I need to conduct
further analysis to determine if there are other
possible institutions.
Action 3: Generate[which additional educational
institutions are linked to Woodrow Wilson?]
Observation 3: Woodrow Wilson, educated at,
Johns Hopkins University
Thought 4: Firstly, I have gathered four edu-
cational institutions associated with Woodrow
Wilson: Davidson College, University of Virginia,
Princeton University, and Johns Hopkins Univer-
sity. Secondly, I compare them completely with
the reference answers. The University of Virginia
School of Law is missing.
Action 4: Finish[Davidson College | University
of Virginia | Princeton University | Johns Hopkins
University]
Observation 4: Davidson College | Princeton
University | Johns Hopkins University

As shown in Prompt 2, the prompt is designed to
executive reasoning for KBQA via the agent. The
blue font denotes the retrieved answers, the red font
denotes the action generate, and the green font
denotes the action complete.

Prompt 2. The Prompt for the Inference Phase
of JCQL

• Instruction:

Solve a question answering task with inter-
leaving Thought, Action, Observation steps.
Thought can reason about the current situation,
and Action can be four types:
(1) Search[entity1 | entity2 | ...], which searches
the exact entities on Wikidata and returns their
one-hop subgraphs. You should extract all
concrete entities appeared in your last thought
without redundant words, and you should always
select entities from topic entities in the first
search.
(2) Complete[head entity | relation], which
completes tail entities based on the head entity
and relationships.
(3) Generate[subquestion], which generates
some new triples related to your last thought. The
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subquestion should be a one-hop question.
(4) Finish[answer1 | answer2 | ...], which
summarizes the answers based on all the known
triples. You should reason about the answer
based on the known triples. If you don’t know
the answer, please return Finish[unknown].
You should generate each step without redundant
words.

• Example:

Question: Which one of Shakespeare’s
parents worked as a business person?
Topic Entity: [William Shakespeare]
Thought 1: I need to find Shakespeare’s parents
firstly.
Action 1: Search[William Shakespeare]
Observation 1: Judith Quiney, father, William
Shakespeare
Thought 2: The search results did not provide
specific information about William Shakespeare’s
parents or their occupations. Therefore, I need to
identify Shakespeare’s father.
Action 2: Generate[who are William Shake-
speare’s father?]
Observation 2: William Shakespeare, father,
John Shakespeare
Thought 3: I could find the father of William
Shakespeare is John Shakespeare. I need to
identify Shakespeare’s mother then.
Action 3: Generate[who are William Shake-
speare’s mother?]
Observation 3: William Shakespeare, mother,
Mary Shakespeare
Thought 4: According to the generate results,
I can find the father of William Shakespeare
is John Shakespeare and the mother is Mary
Shakespeare. So next I will search for some
information about their occupations.
Action 4: Search[John Shakespeare | Mary
Shakespeare]
Observation 4: John Shakespeare, child, Joan
Shakespeare
Mary Shakespeare, spouse, John Shakespeare
Mary Shakespeare, occupation, writer
Thought 5: I find the occupation of Mary
Shakespeare is writer, but the search results did
not provide specific information about John
Shakespeare’s occupations. Therefore, I need to
identify his business-related activities.

Action 5: Complete[John Shakespeare | occupa-
tion]
Observation 5: John Shakespeare, occupation,
merchant
John Shakespeare, occupation, politician
Thought 6: John Shakespeare is identified as
William Shakespeare’s father with occupations
as a glove maker and a local government
official. This connects him to the business realm.
Therefore, I can summarize the answers.
Action 6: Finish[John Shakespeare]

E.2 Supplementary Prompts for JCQL

As shown in Prompt 3, the prompt is designed
to select entities that are most related to the last
thought based on the description of entities. Dur-
ing the reasoning, LLM may generate ambiguous
entity names. With Prompt 3, LLM will select the
suitable entity.

Prompt 3. The Prompt for Entity Selection

• Instruction:

Given entities and their descriptions, please
select the entity that is most related to the thought.

• Example:

Thought: Based on the given observation,
I need to find out who the leader of America is.
Entity Name: Libya
Candidate Entities:
Q30: country primarily located in North America
Q106315054: vocal track by Donna Fargo; 1974
studio recording
Q99281400: country of the United States of
America as depicted in Star Trek
Answer: Q30

As shown in Prompt 4, the prompt is designed
to select relations that are most related to the last
thought in the action search.

Prompt 4. The Prompt for Relation Selection

• Instruction:

Please select 3 relations that most relevant
to the thought and rank them.
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• Example:

Thought: The task requires identifying ed-
ucational institutions attended by Woodrow
Wilson. I will focus on gathering educational
institutions associated with him.
Entity Name: Woodrow Wilson
Relations: sibling, award received, signatory,
owned by, doctoral student, spouse, member
of, educated at, child, occupation, described
by source, archives at, topic’s main category,
member of political party, place of burial,
successful candidate, father, residence, employer,
named after, work location, writing language,
position held, sex or gender, candidate, given
name, family name, candidacy in election
Answers: educated at, employer, named after

As shown in Prompt 5, the prompt is designed
to generate new triples that are most related to the
sub-question in the action generate. The pink font
indicates the supervision in the training phase of
the KBQA task.

Prompt 5. The Prompt for Triple Generation

• Instruction:

Given the existing triples, please think step
by step and generate new triples related to the
current question.

• Example:

Question: what are the types of govern-
ment in the United States?
Hint: federal republic | constitutional republic |
presidential system
Known Triples: """
United States of America, instance of, country
United States of America, instance of, constitu-
tional republic
United States of America, has cabinet, United
States Cabinet
United States of America, basic form of govern-
ment, republic
"""
Generated Triples: """
1. United States of America, instance of, federal
republic
2. United States of America, instance of,

Democratic Republic
3. United States of America, basic form of
government, presidential system
"""

We first link the relations within the generated
triples to the canonical relations in the background
KB using the BM25 algorithm. As shown in
Prompt 6, the prompt is then designed to modify
the triples generated by LLM. The LLM often fre-
quently generates unreliable triples. For instance,
this prompt may allow the LLM invert head-tail en-
tity pairs, such as modifying ⟨Pak Pong-ju, head of
government, North Korea⟩ into ⟨North Korea, head
of government, Pak Pong-ju⟩. Specifically, as a pre-
processing step, for each relation in the background
KB, the description and schema are obtained by
retrieving the original description from Wikidata
and extracting multiple corresponding triples from
the background KB. Subsequently, the original de-
scription and these triples are input into the LLM
to generate refined description and to summarize
the schema from the triples.

Prompt 6. The Prompt for Triple Modification

• Instruction:

Please modify the known triples based on
the descriptions and schemas of the relations.
You should generate triples without redundant
words.

• Example:

Question: who is ruling north korea now?
Known Triples: """
North Korea, office held by head of state, Kim
Il-sung
North Korea, office held by head of state, Kim
Jong-un
Pak Pong-ju, head of government, North Korea
"""
Descriptions: """
1. office held by head of state: This relation links
a geographical or political entity...
2. member of political party: This relation
connects individuals to the political parties...
3. head of government: This relation links a
specific location—such as a city, municipality...
4. head of state: This relation links a geographical
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input ⟨ Justin Bieber, father, ? ⟩

sequence

predict tail: Justin Bieber | father
entity description: Justin Bieber [Canadian singer (born 1994)]
related relationship: father
context: ⟨ Justin Bieber | mother | Pattie Mallette ⟩ ⟨SEP ⟩ ⟨ Justin Bieber | sibling |
Jazmyn Bieber⟩ ⟨SEP ⟩ ...

output Jeremy Bieber

Table 10: A typical case of input sequences and corresponding output for the SLM.

entity, such as a country or state...
"""
Schemas: """
1. office held by head of state: [Location], office
held by head of state, [Political Office]
2. member of political party: [Human], member
of political party, [Political Party]
3. head of government: [Location], head of
government, [Human]
4. head of state: [Location], head of state,
[Human]
"""
New Triples: """
1. North Korea, head of state, Kim Il-sung
2. North Korea, head of state, Kim Jong-un
3. North Korea, head of government, Pak Pong-ju
"""

As shown in Prompt 7, the prompt is designed
to select the triples most relevant to the question to
construct reasoning paths.

Prompt 7. The Prompt for Path Generation

• Instruction:

Considering the known triples and relations,
please select the triples and relations that are
relevant to the questions and answers.

• Example:

Question: which one of Shakespeare’s
parents worked as a business person?
Answer: John Shakespeare
Topic entity: William Shakespeare
Known triples: """
William Shakespeare, field of work, acting

William Shakespeare, field of work, poetry
William Shakespeare, field of work, theatre
William Shakespeare, father, John Shakespeare
William Shakespeare, mother, Mary Shakespeare
Mary Shakespeare, spouse, John Shakespeare
Mary Shakespeare, occupation, writer
John Shakespeare, occupation, merchant
John Shakespeare, occupation, politician
"""
Related relations: father, mother, occupation
Related triples: """
William Shakespeare, father, John Shakespeare
William Shakespeare, mother, Mary Shakespeare
Mary Shakespeare, occupation, writer
John Shakespeare, occupation, merchant
John Shakespeare, occupation, politician
"""

F Case Study

Comparison between generate and complete
under 50% KB. JCQL treats LLM as both agent
and KB, generating new triples from the internal
knowledge of the LLM. However, when triples are
missing, action generate over-relies on the LLM’s
internal knowledge, increasing the risk of halluci-
nation. To alleviate this issue, our approach incor-
porates the SLM, ensuring that predicted relations
and entities are assigned unique IDs. As shown in
Table 11, action generate incorrectly generates re-
lationships and entities that do not exist in the KB.
In contrast, JCQL generates valid entities through
its action complete.

A typical case of input sequences and corre-
sponding output for the SLM. table 10 shows
a typical case of input sequences and corre-
sponding output for the SLM. Given the query
⟨Justin Bieber, father, ?⟩, JCQL obtains triples
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with the one-hop neighborhoods of the head entity
Justin Bieber uniformly, at random and without
replacement. Finally, we concatenate them with
⟨SEP ⟩.

G Supplementary Setting Details

In all experiments, the depth of exploration is set
to 10 to avoid endless exploration. The maximum
token length for generation is set to 512. All ex-
periments are conducted on a server with an In-
tel(R) Xeon(R) Silver 4310 CPU (2.10GHz), 256
GB RAM memory, and an NVIDIA RTX A6000
GPU.

H Broader Impact

By performing KBQA and KBC jointly, JCQL en-
hances the complex reasoning abilities of the KB-
augmented LLM and improves the performance of
the SLM when faced with incomplete KBs. Fur-
thermore, other broader impacts of JCQL are listed
as follows. (1) The proposed framework JCQL
is flexible. For KBQA, we can choose any KBC
model to complete missing triples for any KB. (2)
JCQL can generate reasoning paths based on input
questions and update the KB in real time using in-
cremental learning techniques, demonstrating its
real-time performance and the ability of lifelong
learning. (3) From a long-term perspective, the
LLM’s reasoning paths generated from continuous
increasing of question-answer pairs strengthen the
KBC model, which in turn improves the reasoning
capability of LLM.
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Question what type of government did soviet union have?

JCQL w/o
complete

Thought 1: I need to find out what type of government the Soviet Union had.
Action 1: Search[Soviet Union]
Observation 1: soviet union, history of topic, history of the soviet union
soviet union, legislative body, supreme soviet of the soviet union
soviet union, official religion, state atheism

Thought 2: The Soviet Union had a legislative body called the Supreme Soviet, which
implies a type of government. I need to generate more information about the government
structure of the Soviet Union based on this observation.
Action 2: Generate[type of government of the Soviet Union]
Observation 2: soviet union, ideological basis, Marxism-Leninism
soviet union, type of government, one-party socialist republic

Thought 3: The Soviet Union is characterized as a one-party socialist republic based on
its ideological basis of Marxism-Leninism.
Action 3: Finish[one-party socialist republic]

JCQL w/o
generate

Thought 1: The question requires identifying the type of government in the Soviet
Union. I should gather information regarding the political structure and governance of
the Soviet Union.
Action 1: Search[Soviet Union]
Observation 1: Soviet Union, foundational text, Declaration of the Creation of the Union
of Soviet Socialist Republics
Soviet Union, foundational text, Treaty on the Creation of the Union of Soviet Socialist
Republics
Soviet Union, legislative body, Supreme Soviet of the Soviet Union
member of the Supreme Soviet of the Russian Soviet Federative Socialist Republic,
country, Soviet Union

Thought 2: The current information provides some context about the Soviet Union
but lacks specific details about its type of government. I need to find the governance
structure of the Soviet Union.
Action 2: Complete[Soviet Union | instance of]
Observation 2: Soviet Union, instance of, country
Soviet Union, instance of, socialist state

Thought 3: The results indicate that the Soviet Union was a socialist state. This clarifies
the type of government. Therefore, I can summarize the answers.
Action 3: Finish[socialist state].

Table 11: The comparison between generate and complete under the setting i.e., 50% KB.
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