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Abstract

Knowledge Graph-enhanced Large Language
Models (KG-Enhanced LLMs) integrate the lin-
guistic capabilities of LLMs with the structured
semantics of Knowledge Graphs (KGs), show-
ing strong potential in knowledge-intensive rea-
soning tasks. However, existing methods typ-
ically adopt query-driven iterative reasoning
from a local perspective, which limits their
ability to capture semantically distant but cru-
cial information, leading to dual bottlenecks
in efficiency and accuracy for complex multi-
hop tasks. To address this issue, we propose
MIA0G, a Multi-view Instructed Adaptive rea-
soning of LLM on KG, which is designed to
overcome the limitations of local exploration
by enabling LLMs to plan, evaluate, and adapt
reasoning paths from a global perspective. In-
stead of query-anchored exploration, MIAoG
first prompts the LLM to generate a multi-view
instruction set that outlines diverse potential
reasoning paths and explicitly specifies global
reasoning intentions to guide the model toward
coherent and targeted reasoning. During rea-
soning, MIAoG integrates a real-time introspec-
tion mechanism that evaluates the alignment
between the current path and the instructions,
adaptively pruning inconsistent trajectories to
enhance global consistency while maintaining
efficiency. Extensive experiments on multi-
ple public datasets show that MIAoG achieves
state-of-the-art performance in KG-enhanced
LLM reasoning, particularly excelling in com-
plex multi-hop scenarios. Our code is available
at https://github.com/ahu-zmh/MIAoG.

1 Introduction

Large Language Models (LLMs) have witnessed
rapid progress in recent years, showing remarkable
superiority in a wide spectrum of natural language
processing tasks (OpenAl, 2023; Touvron et al.,
2023; Zeng et al., 2024). Despite their success, they
continue to face fundamental challenges, among
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which hallucination remains a highly pervasive is-
sue (Ji et al., 2023; Ye et al., 2024). Especially in
complex scenarios requiring multi-hop reasoning
and deep understanding, LLMs often exhibit rea-
soning biases, leading to outputs that deviate from
factual correctness. To address these limitations,
the incorporation of knowledge graphs (KGs) has
emerged as a promising solution (Pan et al., 2024).
By representing knowledge in a structured form
through entities, attributes, and relationships, KGs
construct semantically rich and logically coherent
networks. This explicit structure provides LLMs
with a reliable external knowledge source, offer-
ing a principled approach to support complex rea-
soning and effectively mitigate hallucinations in
challenging tasks.

Building on this trend, Knowledge Graph-
enhanced Large Language Models (KG-Enhanced
LLMs) have become a rapidly growing research
direction, demonstrating immense potential in com-
plex knowledge-intensive reasoning and question
answering (QA) tasks. One common approach is
semantic parsing (Zhang et al., 2023; Xie et al.,
2022; Ye et al., 2022; Li et al., 2023), where an
LLM translates natural language questions into for-
mal KG queries (e.g., SPARQL). This allows pre-
cise execution over the KG but heavily depends
on the LLM’s ability to correctly align natural lan-
guage with the KG schema, which is often chal-
lenging for complex questions (Figure 1(a)).

Information retrieval is another approach that
retrieves relevant triples or subgraphs from the
KG through different retrieval strategies and inte-
grates them with the LLM for downstream reason-
ing (Jiang et al., 2023; Guan et al., 2024; Liu et al.,
2024; Wen et al., 2024). These methods anchor rea-
soning around a user query, prompting the LLM to
explore paths within the Knowledge Graph to find
evidence supporting the answer. While effective in
simpler tasks, they typically operate from a local
perspective—selecting the next hop based solely on
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https://github.com/ahu-zmh/MIAoG

Is Cixin Liu one of China's most influential science fiction writers?

Generate SPARQL query language for the problem.

SELECT ?author WHERE
{ 2author rdf:type dbo:ScienceFictionWriter . ?authori
i dbo:genre dbo:ContemporaryScienceFiction . ‘7aulhor§
dbo:influence ?influence . }
ORDER BY DESC(?influence) LIMIT 10
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said to be an influential science fiction writer. |

Figure 1: Different Methods of KG-enhanced LLM reasoning: (a) Semantic Parsing, which faces challenges in
effectively aligning natural language queries with the underlying KG; (b) Reasoning Path Exploration, which tends
to deviate from critical reasoning paths within the vast semantic search space; (c) Instruction-based Reasoning
Path Exploration, which, by leveraging clear and structured instructions, achieves both precision and depth in the

exploration process.

immediate neighbors. This lack of global foresight
limits their efficacy in complex multi-hop scenar-
ios involving semantically distant entities, where
models are prone to deviating from the optimal
path due to irrelevant graph distractions or query
misinterpretation. As illustrated in Figure 1(b),
when answering a question like "Is Cixin Liu one
of China’s most influential science fiction writers?",
the anchor entity "Cixin Liu" may connect to hun-
dreds of surrounding entities. In the absence of
task-oriented global guidance, the LLM is prone to
veering off critical reasoning paths within the vast
semantic search space, which in turn undermines
both the accuracy and efficiency of the reasoning
process. Although the latest methods (Sun et al.,
2024; Chen et al., 2024; Wang et al., 2025) ex-
pand the search space through techniques such as
beam search, self-correction, and relation abstrac-
tion, they still lack global planning, which limits
their effectiveness in handling multi-hop reasoning
tasks that span distant semantic contexts. More-
over, excessive reliance on search space expansion
leads to inefficient resource allocation and further
undermines the model’s generalization ability.

In response to the aforementioned challenges,
we propose MIAoG, a Multi-view Instructed Adap-
tive reasoning framework for KG-enhanced LLMs.
As illustrated in Figure 1(c), MIAoG departs from
conventional query-anchored reasoning by first
prompting the LLM to conduct a fine-grained,
multi-perspective semantic analysis of the query.
This results in a diverse set of high-level reason-

ing instructions that explicitly define the goals
and directions of the reasoning process, offering
a global planning view across multiple candidate
paths. Guided by these instructions, MIAoG en-
ables the LLM to iteratively explore the knowl-
edge graph along semantically meaningful reason-
ing trajectories. Crucially, the framework incor-
porates a real-time introspection mechanism that
continuously evaluates the alignment between each
reasoning path and the instruction set. Based on
these alignment scores, paths lacking support from
any instruction and instructions unsupported by all
paths are adaptively pruned, ensuring tight cou-
pling between planning and execution. This bidi-
rectional adaptation balances reasoning accuracy
with computational efficiency by preventing seman-
tic drift and redundant exploration. Extensive ex-
periments on three representative multi-hop KGQA
datasets demonstrate the effectiveness and robust-
ness of MIAoG in handling complex, multi-step
reasoning tasks. The main contributions are sum-
marized as follows:

* We propose a multi-view instructed KG-
enhanced LLM reasoning framework that
shifts reasoning from local query anchoring to
global planning, enabling semantically com-
prehensive and coherent multi-hop reasoning.

* We design a dynamic focusing mechanism
that continuously evaluates the alignment be-
tween reasoning paths and the instruction set,
enabling real-time pruning of both irrelevant
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paths and unsupported instructions. This en-
sures tight coupling between planning and ex-
ecution, effectively improving reasoning effi-
ciency and accuracy.

* We conduct extensive experiments on three
real-world KGQA datasets: CWQ, WebQSP,
and GrailQA. The results demonstrate the
effectiveness and efficiency of the MIAoG
paradigm we proposed for KG-enhanced
LLMs tasks.

2 Related Works
2.1 LLM Reasoning

In natural language processing, LLMs such as
GPT and GLM can handle diverse tasks with sim-
ple prompts. However, standard prompting of-
ten yields direct answers, neglecting the reasoning
steps behind complex problem-solving. Chain-of-
Thought (CoT) (Wei et al., 2022) addresses this
by deriving intermediate steps before producing
answers, making reasoning more transparent and
closer to human thinking. Building on this idea,
researchers have explored automated CoT construc-
tion using LLMs’ knowledge (Shao et al., 2023;
Shum et al., 2023), and proposed advanced strate-
gies such as self-consistency (Wang et al., 2023; Ze-
likman et al., 2022), thought trees (Yao et al., 2023),
thought maps (Besta et al., 2024), and weighted
CoT (Fang et al., 2025). These methods improve
reasoning robustness and interpretability, helping
models generalize better and reduce errors in multi-
step inference. Nevertheless, most still rely on
internal knowledge, lacking integration with ex-
ternal knowledge, which limits their reliability in
complex reasoning.

2.2 Reasoning over KGs

Despite their outstanding performance in NLP
tasks, LLMs still struggle with complex problems
such as multi-hop and knowledge-intensive rea-
soning. KGs, storing knowledge triples in graph
structures, are widely used to supplement LLMs.
KG-based QA mainly retrieves evidence subgraphs
and is generally divided into semantic parsing and
information retrieval.

Semantic parsing translates natural language into
KG-executable representations. Traditional meth-
ods construct query graphs via entity linking, at-
tribute recognition, and constraint mounting, or em-
ploy Encoder-Decoder models to transform parsing
into Seq2Seq problems with tree decoders (Lan and

Jiang, 2020; Zhang et al., 2023; Xie et al., 2022; Ye
et al., 2022). However, these approaches require
large annotated data and lack transferability. Re-
cent work (Li et al., 2023) explores using LLMs’ in-
context learning to generate graph queries directly,
but this overly depends on LLMs and struggles
with complex reasoning.

Information retrieval methods identify key en-
tities via neural networks and extract candidate
answers from KGs, reducing manual templates but
suffering from low interpretability and mediocre
performance. Recent works leverage LLMs to iter-
atively retrieve and generate interpretable evidence
subgraphs. Sun et al. (2024) proposed an infor-
mation interaction mechanism between KGs and
LLMs for step-by-step reasoning. To further en-
hance structured reasoning, Jiang et al. (2023) in-
troduced StructGPT with specialized interfaces and
iterative reasoning procedures. In parallel, meth-
ods such as PoG (Chen et al., 2024) and ReKnoS
(Wang et al., 2025) focus on adaptive and scal-
able graph reasoning through decomposition, self-
correction, or relation abstraction. However, de-
spite these advances, existing approaches still lack
explicit global planning and often rely on ineffi-
cient search space expansion, which hinders their
effectiveness in complex multi-hop reasoning. In
contrast, our framework introduces multi-view se-
mantic instructions and adaptive introspection to
provide global guidance while ensuring efficient
and accurate reasoning.

3 Methods

As shown in Figure 2, MIAo0G first prompts the
LLM to analyze the problem’s intentions and gen-
erate multi-view instructions, which guide iterative
exploration of reasoning paths on the KG. During
exploration, both paths and instructions are adap-
tively pruned to progressively refine objectives un-
til the LLM determines an answer. The process
consists of three stages: Instruction Generation,
Instructed Graph Exploration, and Answer Verifi-
cation with Reasoning Introspection.

3.1 Instruction Generation

Given a question (), we first utilize the natural lan-
guage processing capabilities of the LLLM to con-
duct multi-view analysis, generating a diverse set of
instructive reasoning opinions I = {i1,42,...,0,}.
Simultaneously, the LLM extracts an initial set of
subject entities F(©) = {ego), ego), s eg,g)} that
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Is Cixin Liu one of China's most influential science fiction writers?

1

J

_[ Instruction Generation
a)
b)
c)

You can search for Cixin Liu's occupation first, then search for his influence.
You can search for Cixin Liu's related works and their sales rankings.

You can search whether Cixin Liu's representative works have won well-known science fiction awards (such as the

Hugo Award, Nebula Award, etc.).

[ Instructed Graph Exploration }
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The Three Body Problem Instruction b)
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CiXin Liu --
CiXin Liu --
CiXin Liu --
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hasMasterpiece --

5

hasMasterpiece -- Instruction c)

o Not Enough Information
P Prune reasoning path 1 because it is not relevant to answering the question.
Prune guidance a) because it does not fit with any existing reasoning paths. 7

Instruct LLM to search relations and entities based on b) and ¢)
-

W —

e
satesNO 3 million
The Three Body
Problem AWardeqy,;
dWith Award time
- 2015
Awards
The \;]:t:}ilering writtenOn 2020 Relevant
Irrelevant
]|
v

The Three Body Problem -- salesVolume -- 3 million
The Three Body Problem -- awardedWith — Hugo Awards

The Wandering Earth -- awardedWith — Hugo Awards X

Instruction b)
Instruction c)

¢ Enough Information
According to the triple you provided, I think I have enough information to
answer the question.

Figure 2: The framework

are most relevant to (), serving as the starting points
for path reasoning. The reasoning process then it-
eratively explores KG under the guidance of I.

3.2 Instructed Graph Exploration

During the iterative process, we maintain a set
of reasoning paths P {p1,p2,...,pn}, each
starting from an entity in E(?). At the ¢-th iter-
ation (¢ > 1), the set of tail entities F(~1 =
egt_l) eg_l) 1)} from the current paths
are taken as starting points. For each entity in
E(#=1) we explore its associated relations and cor-
responding tail entities, appending the resulting
triples to extend the paths in P. After ¢ iterations,
each path in P comprises ¢ evidence triples. This
exploration process consists of two key compo-
nents: instruction-based relationship exploration
and instruction-based entity exploration.

5 g e ey

Instructed Relationship Exploration: At the ¢-
th iteration (¢t > > 0), we commence from the current

_{1’

entity eg ) e Bt ), we cons1der the complete set of
its incoming and outgoing relations from the KG,

entity set £(*) . ,e,(f)}. For each

overview of MIAo0G.
defined as:
Rl = (| (,r,) v (rel)).

Guided by the (potentially pruned) instruction
set I, the LLM filters and ranks these relations.
It assigns an importance score s,(r;) € [0, 1] to

each relation r; € R(egt)), selecting the top-K
relations to form a candidate relation set R®) =
00 DY) where K = max(1, |T)).
This process prioritizes relations that align with
the reasoning directions specified by the instruc-
tions.

Instructed Entity Exploration: For each se-
(®)

)]

lected relation T R(t) we retrieve the set of

all connected tail entities, denoted as £ (r§t)). The
LLM then evaluates each entity ¢; in this set un-
der the guidance of the instruction set [, assigning
an entity relevance score s.(¢;) € [0,1]. Simul-
taneously, the previously assigned relation score

sr(J()

for the candidate (eg )771](;) , €1) is computed as the
product of these scores:

) is recalled. A comprehensive triple score

suipte (e}, 7€) = 5, () - se(er). (@)
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The top-K triples across all explored (el(-t), rét))
pairs, ranked by syiple, are selected. The tail enti-
ties from these top- K triples form the new entity
set B+ = {e&tﬂ), egﬂ), . ,e,(fﬂ)} for the
next iteration, and the corresponding triples are
appended to the reasoning paths in P.

For simple questions, such as "Who influenced
xx?", the LLM may generate only a single instruc-
tion, quickly identifying the key relation (influ-
enced_by) and avoiding unnecessary computation,
which enhances reasoning efficiency. For more
complex multi-hop questions, the LLM initially ex-
plores a broader set of possible paths and, guided
by I', progressively focuses on the most promis-
ing ones. This adaptive adjustment strategy, driven
by real-time assessment of question complexity,
optimizes the reasoning path while improving the
generalization capability of the LLM.

3.3 Answer Verification and Reasoning
Introspection

At the end of each iteration, the LLM evaluates
whether the current reasoning paths, all grounded
in knowledge graph triples, are sufficient to answer
Q. To prevent hallucinations, MIA0G is explicitly
prompted to either rely on such verifiable evidence
or output "insufficient information." If the evidence-
supported paths are deemed sufficient, the LLM
generates a response. Otherwise, the instruction set
I and the reasoning path set P are pruned based
on the available reasoning clues, resulting in re-
fined subsets I’ (where |I'| < |I]) and P’ (where
|P’'| < |P)). In the early stages of reasoning, the
exploration breadth is intentionally large, allowing
the model to explore diverse potential directions.
As reasoning progresses, this breadth gradually nar-
rows through pruning, which removes redundant or
unpromising instructions and paths. This progres-
sive narrowing not only concentrates on the most
promising reasoning directions but also avoids un-
necessary computational overhead.

To achieve this, the LLM evaluates the alignment
between each instruction—path pair (¢, p) by assign-
ing an answerability score s(i,p) € [0,1]. This
score reflects the likelihood that path p will fulfill
the reasoning objective specified in instruction .
Based on these scores, a bidirectional pruning step
is applied:

Path pruning: A reasoning path p is discarded
if max;er s(i,p) < 7, where 7 is a predefined
threshold. This retains only paths showing promise

under at least one instruction and if all paths are
below the threshold, the path with the highest total
score is saved;

Instruction pruning: An instruction ¢ is dis-
carded if max,cp s(i,p) < 7. This removes in-
structions that no longer have supporting evidence
in the current paths, thereby refining the focus of
the subsequent exploration.

After pruning, we obtain the refined sets I’ and
P’, which are aligned to ensure that subsequent
reasoning focuses on evidence-supported directions
until a path sufficient to answer the question is
found or the maximum search depth is reached.
Detailed prompts are provided in Appendix F.

4 Experiments

4.1 Experimental Setup

Datasets & Evaluation Metrics : To demonstrate
the effectiveness of MIAoG on complex multi-
hop reasoning tasks, we employ three represen-
tative multi-hop KGQA datasets, including We-
bQSP (Yih et al., 2016), CWQ (Talmor and Be-
rant, 2018), and GrailQA (Gu et al., 2021), which
contain up to four-hop questions. We used Free-
base (Bollacker et al., 2008) as the data source.
Freebase is a large-scale, multi-domain knowledge
graph developed by Google, comprising over 250
million entities, thousands of relations, and at-
tributes such as dates, locations, and numerical
values. Built through collaborative and automated
processes, it inevitably contains incompleteness
and noise, serving as a challenging testbed for rea-
soning models under imperfect knowledge. For
all datasets, we adopt the exact match accuracy
(Hits@1) as the evaluation metric based on previ-
ous studies (Sun et al., 2024; Chen et al., 2024,
Wang et al., 2025).

Detail: In our experiments, we utilize ChatGPT
(gpt-3.5-turbo) and GPT-40 as backbone models
for fair comparison with other baselines. During
exploration, the temperature is set to a higher 0.6
to accommodate more diverse instructed opinions.
During inference, the temperature parameter is set
to 0 to ensure the accuracy of the inference. The
maximum token length limit for generation is 256.
In all experiments, we set the inference depth D to
3, and prompt the LLM to generate up to 3 instruc-
tions, as supported by our analysis in Appendix
B. For pruning, the threshold is fixed at 7 = 0.2
unless explicitly stated otherwise.
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GrailQA

Method WebQSP CWQ
overall L.LLD. Compositional Zero-shot
LLM only w/ ChatGPT
10 prompt (Brown et al., 2020)  63.3 37.8  29.6 23.1 19.8 31.2
CoT (Weietal., 2022) 61.8 382 28.1 223 21.2 32.1
SC (Wang et al., 2023) 61.2 40.1 29.8 245 23.0 30.1
Semantic Parsing
QGG (Lan and Jiang, 2020) 73.0 44.1 - - - -
Rng-kbqa (Ye et al., 2022) 76.2 - 68.8 86.2 63.8 63.0
KB-BINDER (Li et al., 2023) 74.4 - 58.5 - - -
Information Retrieval w/ ChatGPT
StructGPT (Jiang et al., 2023) 72.6 54.3 - - - -
ToG (Sun et al., 2024) 76.4 58.0 70.2 70.1 56.1 72.7
PoG (Chen et al., 2024) 82.0 632 76,5 763 62.1 81.7
ReKnoS (Wang et al., 2025) 81.9 63.1 76.8 765 63.0 81.2
MIAO0G (Ours) 82.3 65.8 772 78.0 65.1 82.1
Information Retrieval w/ GPT-40

StructGPT (Jiang et al., 2023) 79.5 64.7 - - - -
ToG (Sun et al., 2024) 83.6 71.0 82.1 794 67.3 86.5
PoG (Chen et al., 2024) 86.4 74.1 84.2 86.6 69.1 88.2
ReKnoS (Wang et al., 2025) 86.1 732 83.6 86.1 68.4 87.5
MIA0G (Ours) 86.8 749 849 87.2 70.2 89.0

Table 1: Performance comparison of different methods on WebQSP, CWQ and GrailQA.

4.2 Baselines

We compare MIAoG with widely used baselines
and state-of-the-art methods, which are mainly di-
vided into three categories: 1) Question answer-
ing based on the LLM’s own capabilities, includ-
ing standard prompting (10 prompt) (Brown et al.,
2020), Chain-of-Thought prompting (CoT) (Wei
et al., 2022), and Self-Consistency (SC) (Wang
et al., 2023). 2) Semantic parsing methods based
on traditional or LLM, including QGG (Lan and
Jiang, 2020), Rng-kbqa (Ye et al., 2022), and KB-
BINDER (Li et al., 2023). 3) LLM-based informa-
tion retrieval methods, including StructGPT (Jiang
et al., 2023), ToG (Sun et al., 2024), PoG (Chen
et al., 2024), and ReKnoS (Wang et al., 2025),
which are most similar to our work. The descrip-
tions of baselines are presented in Appendix A.

4.3 Main Result

As shown in Table 1, our method achieves the best
performance on all three datasets. First, compare
to using only the knowledge of the LLMs itself to

answer questions, MIAoG achieves a significant
improvement on all three datasets by retrieving ex-
ternal knowledge. This result highlights the impor-
tance of introducing external knowledge to allevi-
ate the hallucination of LLM. The semantic parsing
approach relies on transforming natural language
questions into structured query language, a process
that is relatively effective when the question struc-
ture is simple and the semantics are clear. However,
when face with questions like those in CWQ and
GrailQA, which involve multi-hop reasoning and
complex semantic relationships, the accuracy of se-
mantic parsing significantly declines, indicating the
insufficiency of these methods in handling complex
question parsing.

In the information retrieval paradigm, MIAoG
demonstrates a significant advantage over the clas-
sic ToG baseline. Its overall performance on We-
bQSP, CWQ, and GrailQA is 4.55%, 5.85%, and
4.9% higher than ToG, respectively. MIAoG also
maintains a sustained advantage when compared
to the latest strong methods like PoG and ReKnoS.
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Method WebQSP CWQ GrailQA Method WebQSP CWQ GrailQA
Llama3-8B MIAoG 823 658 77.2
CoT 541 341 281 w/o Instruction 77.9 572 69.2
MIAOG 65'8 46‘2 43'3 w/ BM25 58.3 542  60.5
Gain +11'7 +12'1 +20'5 w/ SentenceBRET 629 577 623
’ i ’ w/o Instruction pruning 81.7  64.5 75.5
Llama3-70B w/o Path pruning 823 656 77.1
CoT 60.1 42.3 29.2 ) )
MIAOG 737 585 54.5 Table 3: Performance after removing or replacing each
Gain +13.6  +16.2 +253 mechanism.
ChatGPT -0-ToG MIA0G MIA0G (w/o Pruning)
CoT 61.8 39.2 28.6 70
MIA0oG 82.3 65.8 77.2 < 6
Gain +20.5  +26.6 +48.6 DR
GPT-40 ©
CoT 67.1 453 343 = 40
MIA0G 86.8 74.9 84.9 30
Gain +19.7 +29.6 +50.6 2-3(32%)  4-5(54%)  6-7(13%) =8 (1%)

Table 2: Performances of MIAoG using different back-
bone models on three datasets.

Furthermore, it is noteworthy that MIAoG achieves
the most significant performance improvement on
the more complex multi-hop reasoning tasks within
the CWQ dataset. This is primarily attributed to
MIA0G’s design, where the macro-guided reason-
ing approach allows for deeper and more system-
atic reasoning on complex problems, effectively
helping LLMs overcome potential knowledge and
comprehension bottlenecks.

4.4 Backbone Models Comparison

Given that the core steps of MIAo0G largely rely
on the natural language processing capabilities
of LLMs, we evaluate the impact of backbone
models with different parameter sizes (including
Llama3-8B and Llama3-70B) across three datasets.
As shown in Table 2, integrating MIAoG’s rea-
soning module significantly enhances all LLMs.
Even with the smallest Llama3-8B, MIAoG sur-
passes GPT-40’s direct inference performance,
demonstrating strong compatibility and adaptabil-
ity across models of different scales.

Moreover, more powerful LLMs benefit more
from MIAo0G, demonstrating better synergy with
structured KG knowledge. For the complex and
diverse questions in CWQ and GrailQA, all mod-
els show larger gains compared to WebQSP, with

Problem Complexity

Figure 3: Performance comparison on the CWQ dataset
stratified by reasoning depth. Reasoning depth is de-
fined by the number of relations in the corresponding
SPARQL query. The percentages in the x-axis labels
indicate the proportion of questions falling within each
depth range.

GPT-40 achieving maximum improvements of 1.50
and 2.57 times, respectively. This indicates that
MIAOG not only ensures consistent improvements
across models of varying scales but also enhances
synergy with stronger LLMs when handling com-
plex multi-hop questions, underscoring its robust-
ness and scalability.

4.5 Ablation Study

To evaluate the effectiveness of multi-view instruc-
tions and adaptive focus, we conducted experi-
ments on three datasets. For multi-view instruc-
tions, we explored evidence paths without multi-
view instructions (w/o Instruction) and compared
conditions using BM25 and SentenceBERT as
pruning tools (w/ BM25 and w/ SentenceBERT) to
validate the effectiveness of different exploration
methods. For adaptive focus, we compared two
modes: one without instruction pruning (w/o In-
struction pruning) and one without path pruning
(w/o path pruning), to evaluate the impact of prun-
ing on performance.

Table 3 shows that both multi-view instructions
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Question: What is there to see and do in the location where the Maltese breed originated?

KB- Answer: [The generated SPARQL query language is not executable, and LLM refuses to answer.] I'm sorry, could you

BINDER

please first briefly introduce the origin of the Maltese breed so that I can answer your question more accurately. Thank you.

Paths Exploration: Maltese — biology.animal _breed.place of origin — Malta
— location.country.capital— Valletta — film.film_location.featured_in_films — Munich
i S ocation.location.events — Great Siege of Malta

ToG Answer: [No useful information was found in KG, LLM answered the question with its own knowledge] The Maltese dog
originated in Malta. Its capital, Valletta, has many historical sites worth visiting, such as sites related to the Great Siege of Malta
and the Megalithic Temple.

Instruction : [Explore fourist attractions, places of interest, and festivals in the region where the Maltese breed originated.]
Paths Exploration: Maltese — biology.animal_breed.place_of origin— Malta
MIAoG Fort Rinella «—location.country.tourist_attractions ™ Jocation. country.capital %

Answer: [Under the instruction of clear macro opinions, LLM can easily find the key relationship of “tourist_attractions”]
The Maltese breed originated in Malta, and Malta has a tourist attraction, Fort Rinella, so Fort Rinella can be a place to visit.

Figure 4: A typical case to compare different methods to answer the complex multi-hop question.

Method Tokens calls Time
ToG 7175 23.1 69.7
StructGPT 6325 12.8 29.1
PoG 5751 9.3 17.1
ReKnoS 4851 12.3 352
MIAo0G 4633 10.5 15.2

Table 4: Efficiency comparison between our proposed
MIAO0G and several baseline approaches.

and adaptive focus contribute positively to perfor-
mance, as their removal weakens results on com-
plex QA tasks. Furthermore, while multi-view anal-
ysis provides richer semantic information, simple
similarity-based pruning cannot replace LLMs’ se-
mantic understanding. In w/o Instruction pruning,
we observe that without pruning instructions, mis-
aligned guidance can adversely affect reasoning,
leading to erroneous directions. In w/o path prun-
ing, exploring multiple paths under clear instruc-
tion does not significantly boost performance but
reduces efficiency due to irrelevant explorations.
In contrast, MIAoG avoids incorrect path exten-
sions through adaptive pruning of instruction sug-
gestions, thereby substantially enhancing explo-
ration efficiency. A more detailed analysis of the
dynamic pruning behavior across datasets is pro-
vided in Appendix C, further illustrating MIAoG’s
ability to adjust its reasoning strategy based on
question complexity.

4.6 Impact of Reasoning Depth

To evaluate the model’s capability in complex sce-
narios, we stratified the CWQ dataset by reasoning
depth. As shown in Figure 3, the performance of
the baseline ToG drops significantly as depth in-
creases, suffering from error accumulation in blind

exploration. In contrast, MIAoG demonstrates su-
perior robustness, outperforming ToG by 9.7% at
depths of 8 hops or more.

Furthermore, the comparison with the w/o Prun-
ing variant (defined as removing the adaptive prun-
ing mechanism entirely, i.e., both instruction and
path pruning) reveals the critical role of our adap-
tive mechanism. While the impact of pruning is
marginal in shallow hops (+0.5%), the gap widens
significantly to 5.2% in deep reasoning (>8 hops).
This confirms that as the search space expands,
adaptive pruning becomes indispensable for main-
taining global consistency and correcting devia-
tions from the planned instructions.

4.7 Efficiency Analysis

To demonstrate the efficiency of our adaptive fo-
cusing algorithm, we performed a detailed analysis
of MIA0G against several other methods. The re-
sults presented in Table 4, which show the average
performance across all three datasets.

MIAO0G dramatically outperforms the classic
ToG method across all efficiency metrics. By em-
ploying an adaptive focusing algorithm to avoid ex-
ploring irrelevant paths—unlike ToG’s predefined
breadth—MIA0G achieves superior precision with
far fewer interactions. Specifically, it reduces av-
erage token consumption by 35.4%, cuts LLM in-
vocations by 54.4%, and slashes the average time
from 69.7 to a mere 15.2. Furthermore, when com-
pared to recent methods like StructGPT, PoG, and
ReKnoS, MIAoG maintains the highest overall ef-
ficiency. Although some competitors may slightly
edge it out on a single metric, MIAoG achieves
the lowest token consumption and the fastest time,
making it the most efficient method overall.
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4.8 Case Study

Figure 4 presents a typical complex multi-hop ques-
tion from the CWQ dataset, aimed at comparing the
performance and working mechanisms of MIAoG
and ToG, the most representative methods from
the Semantic Parsing (KB-BINDER) and Informa-
tion Retrieval (ToG) paradigms. In KB-BINDER,
due to the unexecutability of the SPARQL query
and the lack of information retrieved from the KG,
the LLM refuses to reply directly. Both ToG and
MIAOG correctly identify the origin of the Maltese
as Malta. However, when further exploring infor-
mation related to Malta, the ToG model struggles
to filter out the correct direction from nearly 200 re-
lationships, leading to reasoning bias. While other
approaches like PoG and ReKnoS also expand the
search space to enhance reasoning, they still en-
counter similar reasoning bias in complex multi-
hop tasks. In contrast, the MIAoG model, guided
by a clear perspective, quickly locates the key re-
lationship "tourist_attractions" and ultimately de-
duces Fort Rinella as the answer. Furthermore,
while ToG engages in extensive futile exploration
in incorrect directions when critical information is
missing, the MIAoG model effectively avoids re-
source wastage through introspection and pruning
mechanisms after each exploration, demonstrating
higher efficiency and accuracy.

5 Conclusion

We propose MIAo0G, a multi-view instructed adap-
tive reasoning framework that preprocesses user
queries with semantic analysis to generate multi-
view reasoning instructions, allowing LLMs to
navigate multi-hop reasoning paths precisely from
a macro perspective. During reasoning, MIAoG
adaptively focuses the exploration scope and re-
fines the direction, effectively avoiding unneces-
sary resource consumption and improving reason-
ing efficiency and accuracy. Results show that
MIAOG significantly reduces reasoning costs, out-
performs existing methods, and excels in complex
multi-hop tasks.

Ethical Statement

This work utilizes publicly available datasets and
does not involve personally identifiable informa-
tion. While our proposed MIAoG framework im-
proves reasoning efficiency and reduces computa-
tional costs, it relies on external Knowledge Graphs
that may contain factual errors or inherent biases.

Consequently, users should exercise caution and
verify outputs when deploying the model in sensi-
tive or high-stakes domains.

Limitations

The MIAoG framework, despite its strong perfor-
mance in multi-hop reasoning over Knowledge
Graphs (KGs), faces two main constraints. It’s
currently tailored for high-precision, single-answer
reasoning and primarily assessed using Hits@]1.
This narrow focus limits its applicability to more
complex scenarios that involve multiple valid an-
swers or demand a richer evaluation captured by
metrics like the Fl-score. Furthermore, while it
does improve efficiency with adaptive pruning,
MIAO0G’s iterative reasoning still generates non-
trivial computational overhead. Applying it to
large-scale KGs with millions of entities and rela-
tions could lead to practical latency and scalability
issues. Addressing both its limited scope of reason-
ing and its computational demands is essential for
broadening MIAoG’s utility and robustness.
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A Baseline Descriptions

We compared MIAoG with widely used baselines
and state-of-the-art methods, which are mainly di-
vided into three categories:

1) Question answering based on the LLM’s own
capabilities:

* IO (Brown et al.,, 2020): Standard input-
output prompts are used for direct input-
output testing of LLM.

¢ Chain of Thought (CoT) (Wei et al., 2022):
The LLM is encouraged to enhance its reason-
ing ability by generating a series of intermedi-
ate reasoning steps.

* Self-Consistency (SC) (Wang et al., 2023):
The answer is obtained by multiple sampling
iterations and voting.

2) Semantic parsing methods based on tradi-
tional or LLM:

* QGG: (Lan and Jiang, 2020): QGG proposes
a phased query graph generation method for
complex question answering. It integrates
early constraints to prune the search space,
boosting accuracy and efficiency in handling
constrained and multi-relationship queries.

* Rng-kbqa: (Ye et al., 2022): Rng-kbqa is a
knowledge base question answering method
that combines ranking and generation tech-
niques, improving performance through iter-
atively trained rankers and T5-based genera-
tors, especially adept at handling unseen KB
pattern problems.

* KB-BINDER: (Li et al., 2023): KB-Binder
method generates drafts of logical forms using
LLM, and combines with the knowledge base
for entity and relationship binding, achieving
few-shot context learning without training, ef-
fectively solving the entity and relationship
matching problem in knowledge base question
answering.

3) Information retrieval methods based on LLM:

e StructGPT: (Jiang et al., 2023): StructGPT
introduces a general framework that enables
large language models (LLMs) to perform rea-
soning over structured data such as knowledge
graphs, tables, and databases. The framework

employs specialized interfaces and an itera-
tive reading-then-reasoning (IRR) procedure
to facilitate structured data access and logical
inference.

ToG: (Sun et al., 2024): Think-on-Graph tech-
nique allows for tight coupling interaction
between LLMs and KGs, driving the LLM
agent to step-by-step search and infer the op-
timal answer on the associated entities of the
KG. This achieves traceability, error correc-
tion, and modification of knowledge.

PoG: (Chen et al., 2024): Plan-on-Graph
(PoG) achieves self-correcting and adaptive
reasoning by decomposing questions into sub-
objectives and leveraging large language mod-
els for adaptive path exploration, memory up-
dating, and self-reflection.

ReKnoS: (Wang et al., 2025): ReKnoS intro-
duces the concept of Super-Relations, which
groups and abstracts related relations in a
knowledge graph, enabling the simultaneous
representation and exploration of multiple re-
lation paths. This approach significantly ex-
pands the search space and improves the re-
trieval success rate.

B Effect and Robustness of Multi-view
Instructions

B.1 Impact of Number of Instructions

To investigate the impact of the number of multi-
view instruction on the performance of MIAoG,
we conducted experiments with settings where the
LLM was prompted to generate a maximum of 1-4
instruction. As shown in Figure 5, the performance
of MIAoG improves with increasing number of
instruction, accompanied by an expansion of the
maximum exploration breadth. However, when
the number of instruction exceeds 3, the marginal
benefit decreases; therefore, in all experiments, we
prompt the LLM to generate a maximum of 3 in-
struction.

B.2 Robustness to Imperfect Initial
Instructions

Given that our framework relies on the quality
of the initial multi-view instructions, one natural
concern is whether biases or errors in these early
instructions might negatively impact the reason-
ing process. To address this, MIAoG is designed
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Figure 5: The impact of the number of instructions on
performance.

Condition WebQSPCWQ
Baseline (3 LLM-generated) 82.3 65.8
Expanded Guidance (6 unfiltered) 81.2  64.9
Noisy Instructions Injected 80.5 62.8

Table 5: Performance of MIAoG under imperfect initial
instructions. The expanded and noisy settings introduce
redundant or irrelevant guidance to test robustness.

with two key mechanisms to ensure robustness: a
breadth-first exploration strategy in the early stages,
which prevents premature commitment to subopti-
mal paths, and an adaptive pruning mechanism that
continuously filters out irrelevant or misleading
instructions as reasoning progresses.

To further assess the system’s tolerance to noisy
or incomplete guidance, we conducted two stress-
test experiments:

* In the first setting, we expanded the number of
initial instructions from 3 to 6, all generated
by the LLM without filtering. Many of these
were redundant or only weakly relevant.

* In the second, we manually injected 3 unre-
lated instructions drawn from different ques-
tions.

As shown in Table 5, our adaptive pruning mech-
anism helps mitigate the impact of weak or mis-
leading instructions by gradually filtering them out,
allowing the model to focus on relevant reason-
ing paths. Although performance declines with
increased noise, the drop remains modest, demon-
strating MIAoG’s robustness under suboptimal
guidance.

C Dynamic Focusing and Pruning

C.1 Pruning Behavior under the Dynamic
Focusing Mechanism

We conducted a systematic and comprehen-
sive analysis of the dynamic focusing mech-
anism employed during the reasoning process
of MIAO0G. Figures 6 and 7 illustrate the fre-
quency of instruction and reasoning path prun-
ing performed by MIAoG across three benchmark
datasets—WebQSP, CWQ, and GrailQA—when
generating the final answer. The results indicate
that MIAoG actively performs both instruction and
path pruning in the majority of examples, clearly
demonstrating its ability to dynamically adjust the
reasoning process. However, the pruning behaviors
exhibit significant variation across different types
of questions.

Specifically, instruction pruning is most promi-
nent in the WebQSP dataset, which contains struc-
turally simpler and more direct questions. This can
be attributed to the clarity of objectives in such
questions, making redundant or non-essential in-
structions easier to identify and eliminate. In con-
trast, instruction pruning is less frequent in the
more complex CWQ dataset, which features multi-
hop reasoning tasks. These problems often require
guidance from multiple perspectives, and overly
aggressive pruning may hinder comprehensive ex-
ploration. In comparison, reasoning path pruning
is most frequent in the CWQ dataset. Multi-hop
questions inherently involve a larger search space
and higher uncertainty, increasing the likelihood of
encountering spurious or unproductive reasoning
paths. By leveraging the dynamic focusing mech-
anism, MIAoG effectively filters out these paths,
reducing reasoning bias and concentrating compu-
tational resources on more promising trajectories.

These findings suggest that MIAoG is capable
of adapting its pruning strategies based on ques-
tion complexity. While maintaining—or even im-
proving—answer accuracy (as shown in Table 3),
it significantly reduces unnecessary computation
by selectively pruning instructions and reasoning
paths. The dynamic focusing mechanism thereby
contributes to more efficient and robust reasoning,
offering a generalizable and effective solution for
complex multi-hop question answering tasks.

C.2 Reliability of Pruning

To further evaluate the effectiveness and safety of
our pruning strategy, we conducted a path-level
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Figure 6: Distribution of instruction pruning counts on WebQSP, CWQ, and GrailQA.
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Figure 7: Distribution of path pruning counts on WebQSP, CWQ, and GrailQA.
Dataset Correct Path Pruned (%) Method WebQSP GrailQA
WebQSP 1.7 QGG (Lan and Jiang, 2020) 73.0 -
CWQ 25 Rng-kbqa (Ye et al., 2022) 76.2 68.8
GrailQA 2.1 KB-BINDER (Li et al., 2023) 74.4 58.5
MIA0G (w/o Gold Entity) 82.1 77.0
Table 6: Proportion of correct reasoning paths pruned MIAoG (w/ Gold Entity) 82.3 77.2

during adaptive pruning across datasets.

analysis to assess the risk of mistakenly remov-
ing correct reasoning paths. As shown below, the
proportion of gold answer paths that were inadver-
tently pruned remains low across datasets:

As shown in Table 6, our pruning strategy is gen-
erally conservative and reliable, effectively filtering
out irrelevant or misleading paths while preserving
those that are essential for accurate reasoning in
the vast majority of cases.

D Impact of Entity Linking

To further address concerns regarding the reliance
on gold entity linking and to ensure a fair com-
parison with methods that do not use gold enti-
ties (e.g., QGG, Rng-kbqa, and KB-BINDER), we
also evaluated MIA0G in a setting without gold

Table 7: Performance comparison of MIAoG with and
without gold entities against semantic parsing baselines.

entities. In this scenario, we prompt the LLM to
identify candidate entities and perform iterative
reasoning to determine the correct starting points.
As shown in Table 7, MIA0oG maintains compa-
rable performance levels even without gold enti-
ties. This demonstrates that MIAoG’s effectiveness
stems from its robust reasoning mechanism rather
than a dependency on perfect entity linking, and
it continues to significantly outperform semantic
parsing baselines that do not use gold entities.

E Stability and Sensitivity Analysis

We assess the stability of the LLM’s scoring mech-
anism and the impact of the pruning threshold 7.
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Score Type Variance
Relation Score 0.0082
Entity Score 0.0065
Path Pruning Score 0.0042
Instruction Pruning Score 0.0049

Table 8: Variance of scoring components across five
independent runs.

Threshold (1) Hits@1 (%)
0.1 64.8
0.2 65.8
04 65.1
0.6 65.3
0.8 64.6

Table 9: Sensitivity analysis of the pruning threshold 7
on CWQ.

First, to address concerns regarding LLM
stochasticity, we measured the variance of different
scores across five independent runs on 200 random
CWQ samples. As shown in Table 8, the variances
are consistently low (< 0.01), confirming that the
scoring mechanism is stable and reliable.

Second, we evaluated the model’s sensitivity to
the pruning threshold 7. Table 9 demonstrates
that performance is robust within a reasonable
range. The optimal performance is achieved at
7 = 0.2; lower thresholds introduce noise, while
higher thresholds aggressively prune valid paths.

F Prompts

Here, we provide all the prompts used in MIA0G.

To facilitate LLM output parsing, we require LLM
to provide answers strictly in the way the examples
are output.

Query Instruction Generation

Please analyze and think about the problem from differ-
ent angles, give different instructions perspectives in con-
cise language, and tell me what information should be
unearthed to more effectively answer the question step by
step. Provide the one to three most important instructions
perspectives.

Example:
Question: {}
Instruction:

Table 10: Prompt for Query Instruction Generation.
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Entities Exploration

Please refer to the instruction provided about the problem(If
you think it helps you score the entity, otherwise ignore it),
score the entities’ contribution to the question on a scale
from O to 1 (the sum of the scores of all entities is 1).

Example:
Question: {}
Instruction: {}
Relation: {}
Entites: {}
Score:

Table 11: Prompt for Entities Exploration.

Relations Exploration

Please pick the 3 relations (separated by semicolons) that
contribute most to the problem from the relations I provide,
and rate their contribution on a scale of O to 1 (the sum of
the scores of 3 relations is 1).You can refer to the instruc-
tions if you think they are helpful.

Example:
Question: {}
Instruction: {}
Relation: {}
Entites:

Table 12: Prompt for Relations Exploration.

Reasoning Introspection

Given a question, the instruction to help answer the ques-
tion, and the retrieved knowledge graph triple paths (entity,
relation, entity), help me complete the following tasks.

Task 1: For each instruction and each path, assign an "an-
swerability score" between 0 and 1.

- 0 means the path is completely irrelevant to this instruction
and cannot help answer the question.

- 1 means the path is highly relevant and provides direct
evidence to support or refute the instruction in answering
the question.

- Values in between indicate partial relevance (the path may
provide indirect or weak support).

Example:
paths: {}
Instruction: {}
Score:

Table 13: Prompt for Reasoning Introspection.



Answer Verification

Given a question and the associated retrieved knowledge graph triplets (entity, relation, entity), you are asked to answer
whether it’s sufficient for you to answer the question with these triplets and your knowledge (Yes or No).

Example:

Question: {}
Knowledge Triplets: {}
Answer:

Table 14: Prompt for Answer Verification.

Answer

Given a question and the associated retrieved knowledge graph triplets (entity, relation, entity), you are asked to answer
the question with these triplets and your knowledge.

Example:

Question: {}
Knowledge Triplets: {}
Answer:

Table 15: Prompt for Answer.
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