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Abstract

Large Language Models (LLMs) can match lo-
cal semantic clues in knowledge graphs (KGs),
but complex KGQA often requires satisfy-
ing the full dependency structure of a ques-
tion. Existing retrieval-based methods there-
fore risk producing reasoning paths that look
plausible at each step but violate the query’s
global intent. We propose Guiding Graph,
a schema-light query-structure interface that
turns KGQA from open-ended semantic traver-
sal into structure-constrained query comple-
tion. A Guiding Graph exposes the enti-
ties, placeholders, and global dependencies
that KG exploration must preserve, serving as
an operational interface between natural lan-
guage and graph traversal. The interface is
training-free by default through prompt-based
construction, and can optionally be strength-
ened with a cold-start fine-tuned constructor
trained from limited bootstrapped supervision.
Given the constructed Guiding Graph, explo-
ration is governed by target selection from
the query structure, structure-guided pruning
before semantic matching, and target-scoped
semantic alignment under the current Guid-
ing Graph triple. Experiments on WebQSP,
CWQ, and a domain-specific agricultural KG
show that explicit query-structure guidance im-
proves accuracy, robustness, and efficiency,
with especially clear benefits for multi-hop rea-
soning and smaller LLMs.

1 Introduction

Grounding Large Language Models (LLMs) with
knowledge graphs (KGs) has become a promis-
ing way to reduce hallucination and support
knowledge-intensive question answering (Zhang
et al., 2019; Yao et al., 2019; Wang et al., 2021;
Luo et al., 2024). For complex KGQA, how-
ever, the retrieved facts must be not only semanti-

cally relevant, but also structurally consistent with
the dependencies implied by the question. This
requirement is especially important in multi-hop
questions, where a locally plausible relation may
lead to a path that violates another constraint in
the query. As illustrated in Figure 1, the key fail-
ure is often not weak semantic matching alone, but
the lack of an explicit global query structure that
constrains local retrieval decisions.

Existing KG-grounded LLM reasoning meth-
ods expose a trade-off between precision, flexibil-
ity, and supervision. Executable query generation
can be precise, but is sensitive to schema variation
and parsing errors (Hu et al., 2023; Wang et al.,
2023b). Iterative KG exploration is more flexi-
ble, but often makes locally semantic decisions
that do not preserve the query’s global dependen-
cies (Li et al., 2024; Zhao et al., 2023; Sun et al.,
2024; Chen et al., 2024; Tao et al., 2025; He et al.,
2025). Learned structural methods can encode
such dependencies, but usually require substantial
domain-specific supervision (Zhuang et al., 2024;
Li et al., 2023b; Zhang et al., 2022; Mavroma-
tis and Karypis, 2025). These trade-offs motivate
an explicit query-structure interface that is opera-
tional enough to guide KG traversal, while remain-
ing lightweight enough to transfer across schemas
and domains.

We propose Guiding Graph, an explicit query-
structure representation for KGQA. A Guiding
Graph is a schema-light, machine-operable inter-
face: it does not compile the question into a com-
plete executable program, but exposes the entities,
placeholders, and dependencies that KG explo-
ration must preserve. With this interface, KGQA
is reformulated from open-ended semantic traver-
sal into structure-constrained query completion,
where local retrieval decisions are scoped by the
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Figure 1: Motivating example comparing (a) whole-question semantic matching, which yields locally correct but
globally inconsistent reasoning, and (b) step-wise matching guided by target constraints from the Guiding Graph,
producing both local and global correctness. The displayed path illustrates the grounding/exploration process; the
formal dependency constraints of the Guiding Graph are defined in Section 3.2.

global dependency pattern of the question.
Given a constructed Guiding Graph, our ex-

ploration algorithm maps it onto the KG through
target-guided expansion. At each step, it deter-
mines the next target, prunes structurally invalid
candidates before LLM scoring, and scopes se-
mantic matching to the current Guiding Graph
triple. This keeps local decisions compatible with
the overall query structure, reducing semantic drift
and cumulative multi-hop errors. The interface
is training-free by default, and can optionally be
made more robust through cold-start fine-tuning
with limited bootstrapped supervision.

The contributions of this paper are as follows:

1. We introduce Guiding Graph, a schema-
light query-structure interface for structurally
consistent KGQA. It is training-free by de-
fault and can be optionally strengthened with
a cold-start fine-tuned constructor.

2. We design a structure-constrained KG explo-
ration algorithm that maps the Guiding Graph
onto the KG through target selection, early
structural pruning, and target-scoped seman-
tic alignment.

3. We evaluate on WebQSP, CWQ, and a
domain-specific agricultural KG, demonstrat-
ing gains in accuracy, robustness, and ef-
ficiency, especially for multi-hop reasoning
and smaller LLMs.

2 Related Work

2.1 LLM Reasoning with Prompt

Structured prompting improves LLM reasoning by
decomposing complex problems into intermediate
states. Representative methods include Chain-of-
Thought (Wei et al., 2022), decomposition-based
prompting (He et al., 2021), Tree-of-Thought (Yao
et al., 2023), Graph-of-Thought (Besta et al.,
2024), Plan-and-Solve (Wang et al., 2023a), self-
consistency (Wang et al., 2023c), Least-to-Most
prompting (Zhou et al., 2023), and Program-Aided
Reasoning (Gao et al., 2023). These methods orga-
nize reasoning in natural language or program-like
traces, but their intermediate states are not neces-
sarily tied to KG entities or reusable graph con-
straints. Our work inherits the benefit of explicit
intermediate structure while making that structure
directly operational for KG exploration.
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2.2 Question Answering with
KG-Augmented LLM

LLM-KG integration methods either inject KG
structure during training (Zhang et al., 2019;
Liu et al., 2020; Zhuang et al., 2024; Li et al.,
2023b) or use KGs dynamically at inference
time. Inference-time approaches include prompt-
or query-based use of KG facts (Li et al.,
2023a; Baek et al., 2023), retrieval-augmented sys-
tems (Wang et al., 2023b; Hu et al., 2023), graph-
retrieval methods (Mavromatis and Karypis, 2025;
Long et al., 2025; Sui et al., 2025), and KG-
agent frameworks that iteratively explore graph
neighborhoods, such as ToG (Sun et al., 2024),
PoG (Chen et al., 2024), FiSKE (Tao et al.,
2025), FastToG (Liang and Gu, 2025), and ReKG-
MCTS (Song et al., 2025). These systems demon-
strate the value of grounding LLMs in external
graphs, but many still rely on locally selected re-
lations or learned retrieval structures during traver-
sal. Guiding Graph follows the inference-centric,
structure-aware line of KGQA, while introducing
a schema-light query-structure interface that con-
strains traversal without compiling the whole ques-
tion into a target-schema-specific program.

3 Method

3.1 Task Definition

We study Knowledge Graph Question Answering
(KGQA) with explicit global structural guidance.
Given a natural language question Q and a knowl-
edge graph KG = (V, E), where E ⊆ V ×R× V ,
the goal is to retrieve a query-specific set of KG
triples that can ground answer generation.

From Q we construct a Guiding Graph GG =

(VGG, EGG). Its nodes are entities or placeholders
mentioned in the question, and its edges encode de-
sired relations and dependencies among them. KG
exploration grounds the Guiding Graph by map-
ping its nodes to KG entity candidates and align-
ing its edges with semantically compatible KG
triples.

The key constraint is structural consistency: if
multiple Guiding Graph edges share a node, their
grounded KG triples must share the corresponding
grounded entity or candidate set. The output is a
query-specific grounded subgraph, represented as
a set of KG triples, which is provided to the LLM
for final answer generation.

3.2 Guiding Graph Construction

Guiding Graph construction converts a natural-
language question into the schema-light query-
structure interface used by exploration. The in-
terface provides step-wise target constraints and
encodes dependency patterns rather than KG-
specific predicates, allowing the same representa-
tion to transfer across domains with different re-
lation names or schemas. We use prompt-based
construction as the default training-free instantia-
tion, with an optional cold-start fine-tuned variant
for improved construction robustness. Figure 2 il-
lustrates the construction process.

Prompt-Based Construction. The default con-
structor uses an LLM without task-specific train-
ing. It hierarchically processes the input ques-
tion in three stages: 1. transform elliptical or
under-specified questions into complete declara-
tive statements; 2. extract fine-grained elements
and categorize them into specific keywords, which
usually denote named entities, and generic key-
words, which usually denote concepts or rela-
tion clues; 3. infer semantic relations among
the extracted keywords to capture the dependen-
cies needed for constrained exploration. To in-
stantiate Guiding Graph triples, we map specific
keywords to entity nodes and use generic key-
words as relation or placeholder cues, resolving
co-reference and ambiguous generic terms accord-
ing to the extracted dependencies. The final out-
put is a list of Guiding Graph triples in the form
(subject, relation, object), where nodes may be
specific entities or generic placeholders. Full op-
erational heuristics and prompt templates are pro-
vided in Appendix A7 and Appendix A8.
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Optional Cold-Start Fine-Tuned Construction.
The same interface can optionally be optimized to
reduce prompt-chaining errors in keyword classifi-
cation, intermediate formatting, or graph construc-
tion. Instead of requiring a separately annotated
dataset, we use the training-free system itself as a
cold-start data generator. Using only the training
split, we run the full training-free pipeline and se-
lect 250 questions for which the system returns the
correct answer; their generated Guiding Graphs
are treated as high-confidence training targets. We
further manually correct 50 failed cases, resulting
in 300 question–Guiding Graph training pairs.

Using this bootstrapped data, we merge
the information-extraction and graph-construction
prompts into a single instruction and fine-tune an
LLM to map each question directly to the final
Guiding Graph triples while keeping the output
format unchanged. The default and optional con-
structors therefore share the same schema and feed
into the same KG exploration algorithm, so the
framework remains training-free by default while
offering a self-bootstrapping path when higher
construction robustness is desired.

3.3 Knowledge Exploration

We design the knowledge exploration process
around the Guiding Graph to ensure that every
step adheres to the global structural constraints
derived from the query. As illustrated in Figure 3,
entities and relations in the Guiding Graph are pro-
gressively mapped to their counterparts in the KG
through iterative, target-guided expansion. This
process incrementally builds a KG subgraph that
is both structurally consistent with the Guiding
Graph and semantically aligned with the original
query. The exploration loop repeats three opera-
tions until all reachable Guiding Graph nodes are
grounded or no valid expansion remains: it se-
lects an ungrounded target adjacent to the current
grounded frontier, constructs a structurally valid
candidate set for that target, and uses target-scoped
semantic alignment to update the grounding dictio-
nary and collected triples. The prompts used are
shown in Table A9 A10 A11.

3.3.1 Initialization and Iterative Target
Selection

Under the principle of Global Structural Con-
straint, initialization anchors the exploration in
the global query structure encoded in the Guid-
ing Graph. We first take all entities e ∈ Vspec

GG

originating from specific keywords (Section 3.2)
and perform string-based retrieval in the KG. Any
matched KG entities are recorded in the initial
mapping dictionary:

M = {e ∈ Vspec
GG 7→ KG entities},

where M(e) denotes the set of KG entities cur-
rently associated with e. Restricting starting
points to this subset avoids the pitfall that generic
keywords often map to concept-type KG nodes,
which can mislead subsequent reasoning. The dic-
tionary M is then progressively expanded during
exploration: in each round, the current target en-
tity selected from the Guiding Graph is resolved
to one or more KG entities and added to M.

Exploration begins from the specific-origin en-
tities already anchored in M and proceeds it-
eratively. In each iteration, the target entity
target_e ∈ VGG is determined by finding a
triple pattern in the Guiding Graph of the form
(current_e, r, target_e) , where current_e ∈
VGG has been mapped in M and target_e has not.
Here r denotes the relation connecting current_e
and target_e in the Guiding Graph. This ensures
expansion only occurs from known anchors to-
ward unexplored nodes, confining the search to
subspaces defined by the connected structure of
the Guiding Graph and preserving both local and
global consistency.

3.3.2 Structure-Guided Early Pruning
In each exploration round, the selected target_e
inherits global structural constraints from the
Guiding Graph through its mapped neighbors.
These constraints define the structural subspace in
which the next grounding must lie. We therefore
perform model-free pruning before semantic eval-
uation, removing KG candidates that violate this
structural pattern. This pre-semantic filtering re-
duces noise and LLM cost while increasing the
likelihood that later semantic alignment remains
globally coherent.

Let ΓKG(x) denote the neighborhood function
returning KG entities adjacent to a given KG en-
tity x. In implementation, this neighborhood re-
spects the direction of the corresponding Guiding
Graph edge; we omit direction in the notation for
simplicity. Let Nmapped

GG (target_e) be the set of
Guiding Graph neighbors of target_e that have
been mapped to one or more KG entities in M.
When a neighbor rel_e in this set maps to multiple
KG entities M(rel_e) = {m1,m2, . . . }, we first
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take the union of their KG neighborhoods as the
structural support for that neighbor:

U(rel_e) =
∪

m∈M(rel_e)

ΓKG(m).

The structure-guided candidate set is then obtained
by taking the intersection over all such neighbor
unions:

E ′
cand =

∩

rel_e∈Nmapped
GG (target_e)

U(rel_e).

This formulation implicitly includes current_e as
one of the mapped neighbors. The pruning step is
designed for scalability in large KGs, where high-
degree entities can produce hundreds or thousands
of adjacent candidates. Because the filtering is
performed through set operations before any LLM
scoring, it avoids applying model-based semantic
ranking to the full neighborhood and reduces the
need for heuristic candidate truncation. If the fi-
nal intersection E ′

cand is empty, which may occur
when KG incompleteness prevents strict structural
alignment, we trigger dynamic branch selection.
In this fallback, each U(rel_e) is treated as an alter-
native structurally supported branch, and the LLM
selects the branch whose context is most relevant
to the current Guiding Graph triple. The selected
branch is retained for continued exploration, while

the others are pruned. Thus the pruning is con-
ditionally complete with respect to the currently
mapped Guiding Graph constraints: any candidate
that satisfies all mapped-neighbor constraints re-
mains in the intersection. Dynamic branch selec-
tion is used only when the strict intersection is
empty, providing a fallback rather than arbitrary
termination.

3.3.3 Target-Scoped Semantic Alignment

Existing traversal methods often perform seman-
tic pruning in multiple stages, such as relation
matching followed by entity-level matching. With-
out an explicit target context, such pruning is
applied to large candidate pools and may dis-
card valid nodes early, propagating errors to later
hops. In contrast, each exploration round in our
method is scoped by the Guiding Graph triple
(current_e, r, target_e): M(current_e) is al-
ready grounded, while r and target_e jointly de-
fine the semantic target to resolve. After structure-
guided pruning, this context allows us to align re-
lations in a single step over a compact candidate
set.

Concretely, given E ′
cand, we gather KG re-

lations R connecting any e′ ∈ E ′
cand to

M(current_e). We then prompt the LLM to di-
rectly identify the (current_e, can_r, target_e)
triple whose relation can_r ∈ R best matches
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(current_e, r, target_e) from the Guiding Graph.
Let r̂ be the chosen relation; we update the map-
ping as:

M(target_e) = E ′
cand ∩ Γr̂

(
M(current_e)

)
,

where Γr̂(x) denotes the set of KG entities con-
nected to x via relation r̂. When its input is an
entity set, Γr̂ is applied to each entity and the re-
sults are unioned. Since the relation space is much
smaller than the entity space, and the candidate en-
tities have already been structurally filtered, this
target-scoped relation alignment is both efficient
and less prone to semantic drift.

Multiple parallel branches may arise from multi-
hop combinations of nodes. Branches that fail
to yield any new candidate entities in the current
iteration–thus breaking the structural connectiv-
ity prescribed by the Guiding Graph–are removed
from the search space, ensuring that subsequent
exploration focuses on structurally feasible map-
pings.

4 Experiments

4.1 Experimental Settings

Datasets and Evaluation Metrics. We evalu-
ate the proposed paradigm using two external
knowledge bases: the open-source Freebase (Bol-
lacker et al., 2008) and a self-constructed domain-
specific knowledge graph. Details of the latter, re-
ferred to as the Agricultural Knowledge Graph, are
provided in Appendix A.2.

Freebase provides a large and relation-rich
testbed for knowledge-dense KGQA. We conduct
experiments on two QA sets with Freebase as the
external knowledge base: WebQSP (Yih et al.,
2016) and CWQ (Talmor and Berant, 2018). For
CWQ, we follow the commonly adopted LLM-
based KGQA evaluation protocol used by ToG,
PoG, and related work. In this protocol, each
evaluation instance contains a single string-valued
answer, and the metric is exact match / Hits@1.
Consequently, partial and complete matching are
equivalent for CWQ under this protocol.

We evaluate multi-answer questions through
two distinct metrics: (1) partial match, where suc-
cess requires retrieval of at least one correct an-
swer, and (2) complete match, which necessitates
identification of all correct answers. For single-
answer evaluation instances, these two metrics re-
duce to the same criterion.

Baselines. We compare our method with a
variety of approaches, including two knowledge-
free prompting methods (IO (Brown et al., 2020),
CoT (Wei et al., 2022)); four finetuned KB-
QA models (RoG (Luo et al., 2024), GCR
(Luo et al., 2025), GNN-RAG (Mavromatis and
Karypis, 2025), EPERM (Long et al., 2025)); and
several non-finetuned knowledge-enhanced meth-
ods such as FastToG (Liang and Gu, 2025), ReKG
(Song et al., 2025), StructGPT (Jiang et al., 2023),
KB-BINDER (Li et al., 2023a), ReKnos (Wang
et al., 2025), FiDeLis (Sui et al., 2025), ToG
(Sun et al., 2024), PoG (Chen et al., 2024), and
FiSKE (Tao et al., 2025). Table 1 combines quoted
numbers from prior work for broad context with
controlled reruns for the closest graph-exploration
baselines under the same evaluation protocol.

4.2 Performance Comparison

The results of WebQSP and CWQ are shown in
Table 1. On WebQSP, our approach with Llama3-
8B-Instruct substantially outperforms the graph-
exploration baselines evaluated with the same
model, achieving performance competitive with
methods that rely on much larger LLMs. This
highlights a practical advantage of explicit query-
structure guidance: it reduces the burden on the
LLM by converting broad semantic exploration
into constrained structural completion. With
DeepSeek-V3 (DeepSeek-AI, 2024), our method
achieves competitive partial-match performance
and the best complete-match result among the
compared non-finetuned methods, suggesting that
structure-guided exploration is especially helpful
for retrieving comprehensive answer sets.

Compared to WebQSP, CWQ contains more
compositional multi-hop questions. On CWQ, our
method achieves the strongest result among the
compared non-finetuned methods and improves
substantially over the controlled graph-exploration
baselines PoG and FiSKE. This pattern supports
our central claim: when the question contains
nontrivial dependencies, explicitly preserving the
query structure is more reliable than selecting
locally plausible triples from fine-grained clues
alone.

Overall, the gains are most pronounced in set-
tings where structural consistency matters: com-
plete answer retrieval, compositional questions,
and smaller LLMs that benefit from a narrower
and better constrained search space.
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Method WebQSP CWQ
partial complete Hits@1

without external knowledge
IO prompt (Brown et al., 2020) w/DeepSeek-V3 63.3 35.3 44.8
COT (Wei et al., 2022) w/DeepSeek-V3 70.5 41.4 46.7

with finetuning
RoG (Luo et al., 2024) w/Llama2-7B 85.7 – 62.6
GCR (Luo et al., 2025) w/Llama3.1-8B+ChatGPT 92.6 – 72.7
GNN-RAG (Mavromatis and Karypis, 2025) w/Llama2-7B 85.7 – 66.8
EPERM (Long et al., 2025) w/Llama2-7B 88.8 – 66.2

without finetuning
FastToG (Liang and Gu, 2025) w/GPT-4o-mini 65.8 – 45.0
FastToG (Liang and Gu, 2025) w/Llama3-70B 66.4 – 46.2
ReKG (Song et al., 2025) w/Llama3-8B 72.2 – 59.8
ReKG (Song et al., 2025) w/Llama3-70B 78.9 – 64.4
StructGPT (Jiang et al., 2023) w/GPT-3.5 72.6 – 54.3
KB-BINDER (Li et al., 2023a) w/GPT-3.5 74.4 – –
ReKnos (Wang et al., 2025) w/GPT-3.5 81.1 – 58.5
FiDeLis (Sui et al., 2025) w/GPT-4-turbo 84.4 – 71.5
ToG (Sun et al., 2024) w/Llama3-8B 55.6 32.3 –
ToG (Sun et al., 2024) w/GPT-3.5 76.2 – 57.1
PoG (Chen et al., 2024) w/Llama3-8B 63.4 34.4 –
PoG (Chen et al., 2024) w/DeepSeek-V3 80.9 60.7 55.7
FiSKE (Tao et al., 2025) w/Llama3-8B 70.8 40.4 –
FiSKE (Tao et al., 2025) w/DeepSeek-V3 82.5 61.1 50.2
Ours w/Llama3-8B 79.3 54.1 56.7
Ours w/DeepSeek-V3 81.8 64.5 71.8

Table 1: Results for WebQSP and CWQ. Bold results indicate the best performance among methods without
finetuning.

Dataset Method LLM Call Input Token Output Token Total Token

WebQSP
PoG 11.3 6590.2 427.0 7017.2

FiSKE 7.9 3079.0 1379.7 4458.7
Ours 8.6 3264.5 584.0 3848.5

CWQ
PoG 23.4 15483.4 694.8 16178.2

FiSKE 9.4 3578.8 1828.7 5407.5
Ours 10.2 4052.0 708.6 4760.6

Table 2: Efficiency Comparison Across Datasets.

4.3 Computational Cost

We conducted an efficiency study of our method,
with results shown in the Table 2. Overall, our
analysis reveals that our approach demonstrates
comprehensive advantages over PoG in both the
number of LLM calls and total token consumption.
On WebQSP (dominated by single-hop questions),
our method shows modest improvements, while
on CWQ (containing primarily multi-hop ques-
tions), it achieves significant gains, highlighting
its superior capability in handling complex prob-
lems. We attribute this to PoG’s reliance on heav-
ily constrained prompts with strict rules to govern
LLM outputs, whereas our approach embeds con-
straints primarily within the designed strategies
rather than the prompts. This distinction may ex-
plain why our method is more friendly to smaller
LLMs.

4.4 Construction Quality and Robustness

We next examine the Guiding Graph as a struc-
tural interface. Table 3 evaluates whether op-
tional constructor refinement can improve this in-
terface without changing downstream exploration.
The refinement uses 250 high-confidence Guid-
ing Graphs produced by the training-free pipeline
on the training split, plus 50 manually corrected
failed cases. Using Qwen3-8B for the full pipeline
improves from 60.6 to 69.4 after refinement, show-
ing that bootstrapped structural supervision bene-
fits smaller models. In the hybrid setting, using the
refined constructor only for Guiding Graph con-
struction while keeping DeepSeek-V3 for explo-
ration and answering improves performance from
71.8 to 73.7. This supports our design choice
that construction quality can be enhanced as an
optional robustness mechanism while the explo-
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Setting GG Constructor Exploration/Answering Hits@1

Training-free pipeline DeepSeek-V3 prompting DeepSeek-V3 71.8
Unfine-tuned Qwen3-8B pipeline Qwen3-8B prompting Qwen3-8B 60.6
Fully fine-tuned pipeline Fine-tuned Qwen3-8B Fine-tuned Qwen3-8B 69.4
Hybrid pipeline Fine-tuned Qwen3-8B DeepSeek-V3 73.7

Table 3: Effect of optional constructor refinement on CWQ.

ration algorithm remains unchanged. This separa-
tion indicates that the Guiding Graph constructor
can be improved independently of the LLM used
for graph exploration and answering. This sug-
gests that errors in the query-structure interface,
rather than only downstream KG exploration, are
a meaningful source of failure. Fine-tuning details
are provided in Appendix A.5. In addition to these
end-task and perturbation analyses, Appendix A.3
reports a direct manual audit of generated Guid-
ing Graphs, judging construction quality indepen-
dently of final QA accuracy.

We further test robustness to imperfect Guid-
ing Graphs through controlled perturbations. The
perturbations replace specific entities or generic
concepts with synonyms, insert a perturbed du-
plicate triple, or remove a peripheral triple. De-
tailed results are reported in Table 4. The results
show that generic-concept substitutions have lit-
tle impact, while errors affecting specific anchors
or removing triples cause larger drops, consistent
with the role of anchors and structural connectiv-
ity in our exploration process. This is expected be-
cause specific entities seed the initial KG retrieval,
whereas generic concepts are later interpreted un-
der target-scoped semantic alignment. Triple re-
moval is more harmful because it can permanently
block an otherwise valid reasoning path.

Variant Partial Match

Original Guiding Graph 71.8
Specific-Entity Substitution 66.5
Generic-Concept Substitution 71.1
Triple Insertion 68.9
Triple Removal 63.2

Table 4: Ablation study on the robustness of the Guid-
ing Graph.

4.5 Studies on starting points
We evaluated the impact of starting point retrieval
on our method’s performance (Table 5). When
no specific keyword can be linked to a KG entity,
our method falls back to a direct LLM response
rather than forcing unreliable graph exploration.

Filtered-CWQ removes such cases and therefore
estimates performance when the structural inter-
face has valid KG anchors. The improvement on
Filtered-CWQ shows that starting-point quality re-
mains an important practical factor; it also sepa-
rates failures caused by entity linking from fail-
ures of the structure-guided exploration algorithm
itself.

4.6 Ablation Studies
We conducted ablation experiments (Table 6) to
evaluate the effects of Structure-Guided Early
Pruning (with dynamic branch selection) and
Target-Scoped Semantic Alignment.

For structural alignment, we tested (1) remov-
ing the module entirely, and (2) disabling dynamic
branch selection. For semantic alignment, rich tar-
get phrases were replaced with single clues. Re-
sults show that reduced semantic context markedly
lowers performance, confirming the role of pre-
cise semantics in pruning. Removing structural
alignment decreases both accuracy and efficiency,
while disabling dynamic selection slightly cuts to-
kens but costs accuracy–justifying the small over-
head. In summary, the ablation experiments con-
firm the contribution of each component to the ro-
bustness and efficiency of the final model.

5 Conclusion

We presented Guiding Graph, a schema-light
query-structure interface for KGQA. By expos-
ing the entities, placeholders, and dependencies
that KG exploration must preserve, Guiding Graph
turns open-ended semantic traversal into structure-
constrained query completion. The exploration al-
gorithm maps this interface onto the KG through
target selection, structure-guided early pruning,
and target-scoped semantic alignment, keeping lo-
cal decisions compatible with the global query
structure. The framework is training-free by de-
fault through prompt-based construction, with an
optional cold-start fine-tuned constructor for im-
proved construction robustness. Experiments on
WebQSP, CWQ, and a domain-specific agricul-
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Dataset Method LLM Call Input Tok. Output Tok. Total Tok. Partial Complete

CWQ Ours 10.2 4052.0 708.6 4760.6 0.7179 0.7179
Filtered-CWQ Ours 12.0 4875.4 769.9 5645.3 0.7460 0.7460

Table 5: Experimental results regarding starting points. In Filtered-CWQ, questions without identifiable starting
points were removed. In our approach, such questions are directly answered by the LLM.

Variant partial match LLM Call Input Token Output Token Total Token

Ours 71.8 10.2 4052.0 708.6 4760.6
w/o Target-Scoped Semantic Alignment 53.8 7.9 2908.5 591.1 3499.6
w/o Structure-Guided Early Pruning 67.9 11.6 4761.9 829.5 5591.4
w/o Dynamic Branch Selection 69.2 10.0 3983.8 701.4 4685.2

Table 6: Ablation Studies on CWQ set.

tural KG demonstrate gains in accuracy, robust-
ness, and efficiency, with particular improvements
in multi-hop reasoning and smaller-LLM settings.
These results suggest that explicit query-structure
interfaces are a useful abstraction for connecting
LLM reasoning with structured external knowl-
edge.

Limitations

The quality of the Guiding Graph remains impor-
tant because construction errors can propagate to
downstream exploration. The prompt-based con-
structor preserves the fully training-free setting,
but may still suffer from entity extraction or de-
pendency prediction errors. The cold-start fine-
tuned constructor reduces this issue with only lim-
ited manual correction, but it still depends on the
availability of training questions and answer su-
pervision to identify high-confidence cases. Fu-
ture work will investigate self-correction and un-
certainty estimation mechanisms that further im-
prove construction quality with less manual inter-
vention.
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A Appendix

A.1 LLM Usage Statement

The large language model was used solely for
grammar checks and polishing, and no other pur-
poses.

A.2 Experiment of Agricultural

The agricultural knowledge graph we constructed
contains over 500,000 entities and 1.4 million
triples. Compared to general-purpose knowledge
graphs like Freebase, while the number of enti-
ties is relatively modest, its relational structure re-
mains highly complex. Within agricultural knowl-
edge graphs, diverse relationships can exist be-
tween different nodes, allowing for multiple pos-
sible pathways between the same pair of nodes. In
contrast, general knowledge graphs often exhibit
a simpler structure, where there might be only a
single pathway between different nodes. This dif-
ference in relationship variety leads to varying lev-
els of structural complexity. Based on this, we de-
veloped both single-hop and multi-hop question-
answering datasets. These datasets have been re-
leased on the National Agriculture Science Data
Center platform and are publicly accessible for re-
search use.

The experimental results on the agricultural
dataset are presented in the Table A1. For fair
comparison, we equipped PoG with the same
fine-grained information extraction method as
ours, since its original implementation relies on
dataset-provided topic entities which are unavail-
able in agricultural QA sets. Our method demon-
strates significant improvements over existing ap-
proaches, particularly for multi-hop question an-
swering, where the advantage reaches remarkable
levels. A notable observation reveals that while
existing methods show substantial performance
gaps between single-hop and multi-hop QA tasks,
our approach consistently maintains high perfor-
mance across both scenarios. This demonstrates
our method’s superior capability in handling com-
plex problems within knowledge-intensive graphs,
as also evidenced in Table 1.

The efficiency comparison is shown in Table
A2, on the agricultural dataset, our method re-
quires slightly fewer LLM calls than PoG, while
the token consumption by the LLM is significantly
reduced. FiSKE demonstrates high efficiency on
WebQSP and CWQ, but incurs significant compu-
tational overhead when handling the structurally

complex agricultural dataset. In contrast, our ap-
proach consistently achieves stable and superior
performance across all datasets.

A.3 Manual Audit of Guiding Graph
Construction

To directly inspect the construction quality of
Guiding Graphs independently of final QA accu-
racy, we manually audited 50 randomly sampled
CWQ cases. Each generated Guiding Graph was
labeled as Good, Partial, or Bad according to
whether it preserved the intended compositional
structure and relation constraints.

As shown in Table A3, 92% of the sam-
pled cases preserve at least the main composi-
tional skeleton. The main remaining construc-
tion errors involve temporal or superlative con-
straints, answer-type selection, and occasional
over-specific entity identification. Table A4 pro-
vides representative examples.

A.4 Same-Backbone Stability Check
To complement the main comparison with a con-
trolled run-to-run stability check, we evaluated
ToG, PoG, FiSKE, and our method with the same
DeepSeek-V3 backbone on the same random sub-
set of 100 questions for three runs. As shown in
Table A5, the advantage of our method is substan-
tially larger than the observed run-to-run variance.

A.5 Fine-Tuning Details for Guiding Graph
Construction

We fine-tune the unified Guiding Graph con-
structor with supervised fine-tuning using Lla-
maFactory. The base model is Qwen3-8B, and
the output target is the final Guiding Graph
triple sequence used by the exploration module.
We use LoRA rather than full-parameter fine-
tuning to keep the adaptation lightweight. The
main training configuration is summarized in Ta-
ble A6. For multi-GPU training, we launch the
run through the distributed launcher by enabling
FORCE_TORCHRUN=1; for single-GPU training, we
set CUDA_VISIBLE_DEVICES=0.

We evaluate two ways of using the fine-
tuned constructor. Before fine-tuning, Qwen3-8B
achieves 60.6 on CWQ when used for the full
pipeline. In the fully fine-tuned pipeline, the fine-
tuned Qwen3-8B model is used for Guiding Graph
construction, graph exploration, and answer gen-
eration, improving performance to 69.4 on CWQ.
In the hybrid pipeline, the fine-tuned Qwen3-8B
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Method 1-Hop Query Multi-Hop Query
Partial Complete Partial Complete

IO prompt (Brown et al., 2020) w/DeepSeek-V3 35.8 22.1 12.4 6.6
CoT (Wei et al., 2022) w/DeepSeek-V3 37.2 23.3 12.8 7.1
PoG (Chen et al., 2024) w/DeepSeek-V3 67.7 62.6 23.9 13.0
FiSKE (Tao et al., 2025) w/DeepSeek-V3 71.1 62.8 28.3 12.9
Ours w/DeepSeek-V3 89.9 75.8 81.8 56.8

Table A1: Results for the agricultural graph.

Dataset Method LLM Call Input Token Output Token Total Token

agr-one-hop
PoG 5.6 2233.9 217.4 2451.4

FiSKE 5.9 - - -
Ours 4.6 1000.0 294.4 1294.4

agr-multi-hop
PoG 6.9 3243.6 379.6 3623.3

FiSKE 13.1 - - -
Ours 4.1 975.5 380.7 1356.2

Table A2: Efficiency Comparison on agricultural dataset.

Label Count Interpretation

Good 28/50 Preserves the intended compositional
structure

Partial 18/50 Preserves the main skeleton with
imperfect constraints

Bad 4/50 Misses a key entity, answer type, or
dependency

Table A3: Manual audit of Guiding Graph construction
on 50 randomly sampled CWQ cases.

model is used only for Guiding Graph construc-
tion, while graph exploration and answer genera-
tion still use DeepSeek-V3; this setting achieves
73.7 on CWQ. These results indicate that the op-
tional fine-tuned constructor improves the struc-
tural interface, while stronger general-purpose
LLMs can still be retained for downstream explo-
ration and answering.

A.6 Prompt Templates
The prompts for Guidance Graph construction in-
cludes ‘information extraction’ A7 and ‘GG con-
struction’ A8. The prompts for Knowledge Ex-
ploration includes ‘relation pruning’ A9, ‘choose’
A10 and ‘answering’ A11. The prompt ‘choose’ is
for dynamic branch selection. When you need to
switch between different datasets, you only need
to modify the examples in the prompts.
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Type Question Generated Guiding Graph Analysis

Good What’s the currency of the country that includes
the location of Buenos Aires?

[(Buenos Aires, is located in, country); (country,
has currency, currency)]

The graph preserves both the intermediate node
and the two-hop relation constraints.

Partial What is the most recent event in which the sports
team owned by James L. Dolan won the
championship?

[(sports team, owned by, James L. Dolan); (sports
team, won, championship); (championship, in,
event)]

The main dependency structure is preserved, but
the temporal/superlative constraint is not
explicitly represented.

Bad What does the Missouri River bisect in the
Central Time Zone?

[(Missouri River, bisects, Central Time Zone)] The graph over-compresses the relation and
misses the answer target node.

Table A4: Representative Guiding Graph construction cases from the manual audit.

Method Run 1 Run 2 Run 3 Mean ± Std

Ours 72 73 70 71.7 ± 1.5
PoG 55 57 55 55.7 ± 1.2
ToG 50 55 48 51.0 ± 3.6
FiSKE 48 50 51 49.7 ± 1.5

Table A5: Same-backbone repeated-run stability check
on a random subset of 100 questions using DeepSeek-
V3.

Item Setting

Base model Qwen3-8B
Training framework LlamaFactory
Training stage SFT
Fine-tuning method LoRA
LoRA rank 16
LoRA target modules all
Template qwen3_nothink
Cutoff length 2048
Per-device batch size 2
Gradient accumulation steps 16
Learning rate 1.0 × 10−4

Scheduler cosine
Warmup ratio 0.1
Epochs 10
Precision FP16
Data loader workers 0
Pin memory false

Table A6: Fine-tuning configuration for the unified
Guiding Graph constructor.
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information extraction

Rephrase the question as a statement, ensuring:
1. **All explicit and logically implied information is included** (e.g., location, time, scope if hinted in the question).
2. Split compound noun phrases into individual entities.
3. Classify each entity as generic/specific.
Do not answer the question.
question: What team did Payton Manning’s father play for?
answer:
statement: Identify the team payton manning’s father played for.
entities:
- team (generic)
- payton manning (specific)
- father (generic)
question: what did james k polk do before he was president?
answer:
statement: Identify the job of James K. Polk before he became president.
entities:
- job (generic)
- James K. Polk (specific)
- president (generic)
question: Where did the "Country Nation World Tour" concert artist go to college?
answer:
statement: Identify the college attended by the concert artist of the "Country Nation World Tour."
entities:
- college (generic)
- Country Nation World Tour (specific)
- concert artist (generic)
Now answer with the format of the example above. Be brief and precise.
question: {}
answer:

Table A7: information extraction.

GG construction

Please analyze the relationships between the following entities in the given sentence.
Represent each relationship as a triple in the format (subject, relation, object).
These keywords can be used as entities or relationships in the triples, but please do not modify the keywords.
If a generic keyword and another keyword refer to the same entity, the generic keyword should be treated as a relation rather
than an entity.
sentence: Identify the father of Keyshia Cole.
generic keywords: father
specific keywords: Keyshia Cole
answer:
triples: [(father, of, Keyshia Cole)]
sentence: Identify the main trading partner of China that appointed Abdelaziz Bouteflika to a governmental position.
generic keywords: main trading partner; governmental position
specific keywords: China; Abdelaziz Bouteflika
answer:
triples: [(main trading partner, of, China), (main trading partner, appointed to governmental position, Abdelaziz Bouteflika)]
Now answer with the format of the example above. Be brief and precise.
sentence: {}
generic keywords: {}
specific keywords: {}
answer:

Table A8: GG construction.
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relation pruning

Select the most semantically matching relation from the candidate relations to replace the
given relation in the theme information while maintaining its essential meaning.
Rate it on a scale of 0 to 10. Be brief and precise.
Rate it on a scale of 0 to 10. Be brief and precise. Below is an example:
theme information: main spoken language of country
relation: of
candidate relations: [’language.human_language.main_country’,
’language.human_language.human_language’,
’language.human_language.language_family’,
’language.human_language.iso_639_3_code’,
’base.rosetta.languoid.parent’,
’language.human_language.writing_system’,
’base.rosetta.languoid.languoid_class’]
assess:
- ’language.human_language.human_language’ can perfectly replace the relation, (9) score.
- ’language.human_language.main_country’ can replace the relation, (8) score.
- other relations are not related to any information in the sentence, (0) score.
Now answer with the format of the example above. Be brief and precise.
theme information:{}
relation: {}
candidate relations: {}
assess:

Table A9: relation pruning

choose

Based on the target sentence below, determine which of the provided pieces
of knowledge better matches the target sentence.
Be brief and precise.
Target sentence: Identify the country that Turkey trades with which contains the Annaba Province.
Knowledge 1: country location.adjoining_relationship.adjoins turkey
Knowledge 2: country location.contain.contains Annaba
Answer: Knowledge (2) better matches the target sentence.
Target sentence: {}
Knowledge 1: {}
Knowledge 2: {}
Answer:

Table A10: choose.

answering

Please answer the question. Triples are available for reference.
If there are not enough information in the triples, please answer with your own knowledge.
question: Which place is the madam satan located?
triplets: [(’madam satan’, ’film.film.country’, ’the USA’), (’madam satan’, ’film.film.language’, ’English’)]
answer: ’madam satan’ is located in ’the USA’.
question: {}
triplets: {}
answer:

Table A11: answering.
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