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Abstract

Large language models (LLMs) often hallu-
cinate in question answering (QA) tasks due
to a lack of factual knowledge. While inte-
grating knowledge graphs (KGs) with LLMs
has alleviated this issue, existing methods suf-
fer from poor generalization or low reason-
ing efficiency, and critically, they overlook the
learning and reuse of reasoning paths from
past experiences. To address these challenges,
we introduce Thought-Action Graph (TAG),
a structured repository of reasoning experi-
ences. TAG decomposes successful LLM-
KG interaction trajectories into fine-grained
semantic operators, which are stored in TAG
constructed by the thought layer and action
layer. Building upon TAG, we propose a novel
KGOQA paradigm —TAG-Reasoning (TAGR).
TAGR first retrieves and assembles reasoning
blueprints from TAG, and then guides LLMs
to efficiently execute on KG according to them.
Through this approach, TAGR transforms the
computationally expensive online exploration
process of LLMs into an offline process of TAG
retrieval and assembly. Experimental results on
multiple KGQA benchmarks demonstrate that
TAGR significantly outperforms state-of-the-
art methods across key metrics, while drasti-
cally reducing the number of LLM calls and
generated tokens. This work” opens new av-
enues for building continual learning, efficient,
and faithful KGQA systems.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable performance across a wide range of
natural language processing (NLP) tasks (Brown
et al., 2020; Zhao et al., 2023; Qiao et al., 2023).
However, when confronted with complex questions,
LLMs often suffer from hallucinations and a signif-
icant drop in accuracy due to their lack of factual
*Corresponding author.

fCode is available at https://github.com/THUqizx/
Thought-Action_Graph_Reasoning

knowledge (Hu et al., 2023; Huang et al., 2023).
To address this issue, a growing body of research
integrates knowledge graphs (KGs) with LLMs
(Sun et al.; Luo et al., 2024a; Pan et al., 2024). In
this paradigm, KGs provide factual information
to support the LLM’s reasoning process, aiming
to achieve faithful reasoning in knowledge graph
question answering (KGQA) (Peng et al., 2024;
Han et al., 2025).

KGs organize world knowledge in a structured
form, enhancing the reasoning capabilities of
LLMs through various methods (Bollacker et al.,
2008). Current methods for KG-augmented LLM
reasoning can be broadly categorized into two
types: 1) Retrieval-based methods: These ap-
proaches retrieve relevant information from KGs
and inject it into the LLM’s reasoning process as
part of the prompt (as illustrated in Figure 1(a))
(Lietal., 2023; Dehghan et al., 2024; Yang et al.,
2024b); and 2) Agent-based methods: These meth-
ods treat LLLMs as agents that iteratively interact
with the KG to identify a suitable reasoning path
(as depicted in Figure 1(b)) (Sun et al.; Luo et al.,
2024a; Dong et al., 2025; Jiang et al., 2025).

However, both methods mentioned above have
limitations. Retrieval-based methods rely too heav-
ily on the quality of the retriever, making it dif-
ficult to generalize to unseen questions or con-
cepts. Agent-based methods require multiple calls
to LLMs to interact with the KG, resulting in low
efficiency. Whether retrieval-based or agent-based,
neither of these approaches fully considers a key
research aspect in KGQA: learning reusable rea-
soning paths from historical tasks and achieving
sustained adaptation and evolution based on past
successful experiences. Existing approaches typi-
cally treat each question as an isolated query, ini-
tiating their reasoning process from scratch. This
results in a lack of capability to identify and reuse
solution patterns from similar problems. There-
fore, these approaches are difficult to accumulate
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Figure 1: Three frameworks for implementing KGQA via LLMs: (a) Retrieval-based methods; (b) Agent-based

methods; (¢) TAG-based methods.

effective reasoning strategies and cannot quickly
call and adjust previously validated path templates
when facing new questions or complex multi-hop
queries. This limits the potential for overall perfor-
mance generalization and efficiency improvement
(Shen et al., 2025; Jiang et al., 2025).

Drawing inspiration from past experiences to
guide LLM reasoning research, we attempt to im-
plement similar capabilities in KGQA. We intro-
duce the Thought-Action Graph (TAG), which is
a framework aimed at achieving this goal. At its
heart, TAG distills and codifies reusable reasoning
logic from successful LLM-KG interaction traces.
Specifically, TAG deconstructs complex interaction
sequences into a set of fine-grained, semantically
explicit fundamental operators. These operators
are systematically organized within a structured
graph, which in turn forms a dynamic and search-
able repository of reasoning experience. As a result,
when encountering new queries, TAG will guide
LLM to explore KG and arrive at the final answer.

As illustrated in Figure 1(c), the TAG-based
KGQA process comprises two key stages. First,
for a given question, the approach constructs meta-
action-chains (MACs) from the TAG to guide the
LLM’s exploration of KG. Subsequently, the LLM
follows this structured sequence of actions to per-

form reasoning efficiently over the KG. Unlike
retrieval-based approaches that are constrained by
static training data and exhibit limited generaliza-
tion, TAG decomposes unseen natural language
questions into a sequence of known, empirically
validated basic operations. This enables LLMs
to maintain reliable and faithful reasoning when
faced with novel concepts or complex queries. In
addition, compared with agent-based approaches
that require multiple trial and error interactions,
TAG-based KGQA fundamentally eliminates the
extensive trial-and-error costs in LLMs exploration
by proactively providing reasoning blueprints for
LLMs, significantly improving computational effi-
ciency and the stability of answer generation. The
main contributions of this work are summarized as
follows:

1. We propose the novel concept of a Thought-
Action Graph (TAG) and design dedicated
methods for its construction and retrieval. The
TAG decomposes past interaction trajectories
between LLMs and KGs into a series of fine-
grained, semantically explicit fundamental
reasoning operators, stored in a structured
graph format.

2. We introduce TAG-Reasoning (TAGR), a
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Figure 2: An example of TAG construction. (a) First, we
from the data. (b) Then, we use GPT-40-mini to convert

locate the question, topic entity, answer, and SPARQL
SPARQL into MAC. A complete MAC starts from the

topic entity and ends at answers after multiple steps. (c) Finally, we post-process the MAC by decomposing it into
basic nodes and edges in TAG and linking them into the TAG.

new TAG-based paradigm for KGQA. TAGR
proactively provides structured reasoning
blueprints for LLMs from TAG, named
meta-action-chains (MACs). It transforms
the costly trial-and-error interaction between
LLMs and KGs into an efficient process of
TAG retrieval and combination, which signifi-
cantly reduces the number of LLM calls and
ensures the efficiency of KGQA.

. We conduct experiments on multiple KGQA
reasoning benchmarks. The results demon-
strate that our proposed TAGR outperform
traditional methods on several key metrics.
This validates the effectiveness of TAG and
the superiority of TAGR.

2 Related Work

LLM Reasoning. Extensive research has explored
the reasoning methods of LLMs. Post-training is
a targeted approach to enhance LLMs reasoning
ability (Tie et al., 2025). Reinforcement learn-
ing is currently a popular research topic, encour-
aging LLMs to engage in deeper thinking during
reasoning (Schulman et al., 2017; Rafailov et al.,
2023; Shao et al., 2024). Notably, recent advances
have focused on utilizing process-based rewards
to guide models through multi-step logic, ensur-
ing that each intermediate step aligns with factual
constraints (Lightman et al., 2023). In addition
to training LLMs, Chain-of-Thought indicates the
importance of prompts in LLMs reasoning (Wei
et al., 2022). Furthermore, Tree-of-Thought and
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Graph-of-Thought explicitly transform the reason-
ing process of LLMs into tree and graph structures,
enabling the model to navigate complex search
spaces through backtracking and look-ahead strate-
gies (Yao et al., 2023; Besta et al., 2024). Self-
consistency guides LLMs to generate multiple rea-
soning trajectories and select the optimal answer
among them (Wang et al., 2022). Moreover, some
approaches leverage external feedback loops to it-
eratively refine these trajectories, further bridging
the gap between neural generation and symbolic
execution.

KG-enhanced LLM Reasoning. Although
LLMs can reason independently, they still suffer
from knowledge gaps and hallucinations. KG-
enhanced LLM reasoning is a way to alleviate the
above problems. KD-CoT provides additional in-
formation for CoT in LLMs reasoning by retrieving
factual knowledge from KG (Wang et al., 2023).
RoG constructs the entire process as a pipeline
of planning-retrieval-reasoning, retrieves reasoning
paths from KG to guide LLMs reasoning (Luo et al.,
2024a). GFM-RAG and GNN-RAG achieve effec-
tive retrieval of KG through graph neural networks
(Luo et al., 2025b; Mavromatis and Karypis, 2024).
StructGPT and ToG consider LLMs as agents, guid-
ing them to continuously interact with KG during
LLMs reasoning process to obtain answers (Jiang
et al., 2023; Sun et al.). EoG introduces reinforce-
ment learning into the process of exploring KG in
LLMs, achieving autonomous exploration in LLMs
inference process (Yan et al., 2026).

Reasoning from Experiences. So far, there
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Figure 3: The TAG Retrieval Strategy. Step 1-2 retrieves the abstract operational blueprint of the query from the
thought layer. Step 3-4 retrieves the specific parameters needed to implement abstract operational blueprint from the
action layer. Step 5 composes the thought layer and the action layer to obtain a complete thought-action subgraph.

have been attempts to abstract problem-solving
processes from past experience and use them to
guide future reasoning. AWM generates workflows
by extracting reusable processes from the agent’s
past reasoning, and then integrates these workflows
into a knowledge base to guide future task solving
processes (Wang et al., 2024).

3 Preliminaries

Knowledge Graph. A KG G is composed of a
large number of triples, which are formalized as
G=A{(e,r,e') CE X R x E}. £ and R represent
sets of entities and relationships, where extracted
from texts or knowledge bases. The triple (e, 7, e)
is the most basic unit of KGs, representing the rela-
tionship between entity e and ¢’ with r. Multiple
connected triples in G form a path, multiple paths
form a subgraph, and multiple subgraphs form a
complete KG.

Knowledge Graph Question Answering.
KGQA aims to retrieve precise answers to natu-
ral language questions by querying KGs. KGQA
has gradually shifted from traditional pipeline to
LLM-based question answering paradigm. Given a
question (), the naive method retrieves relevant sub-
graph G, from G. The LLM then interprets ) and
G, to produce a structured query (e.g., SPARQL) or
directly generates answers .A. The LLM effectively

acts as a semantic parser and reasoner, bridging
the gap between natural language and structured
knowledge.

4 Approach

In this section, we introduce the proposed TAG,
including its construction, retrieval strategy, and
TAG-based reasoning.

4.1 TAG Construction

Schema. TAG requires a specialized structure to
explicitly reveal the reasoning process of LLMs on
KGs. We design the TAG, denoted as G 4 with
a two-layer architecture: a thought layer and an
action layer, as shown in Figure 2(c).

The thought layer serves as the upper layer, stor-
ing basic operation patterns for querying KGs, such
as SELECT, WHERE, FILTER and UNION. This layer
contains two types of nodes: Ontology and Option.
Ontology is a formal definition of various concepts
in the real world, consistent with KGs. An option
node is a fundamental action unit for querying KG
(e.g., SELECT, WHERE, UNION). A complete path in
the thought layer should start from an ontology
node, traverse multiple option nodes, and end at
another ontology node. This path represents how
to query a target ontology from a source ontology
through a sequence of operations.
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Algorithm 1: The TAG retrieval strategy

Input: User query (); Start ontology node
t3art; Pre-constructed TAG G 4;
Embedding model £; LLM 7

Output: Thought-Action Subgraph G

1. Locating;

for ti, € {all ontology nodes} do

t Find the path T}, (£ i #),);

2. Pruning;

ton! < m (¢ [ 5", Gr.);

for ton € Tp (tzﬁlﬂ7 tf)m tg)P) do
L Find the pruned path T, (3t ¢end, tlgp);

3. Mapping;

gy ape 4 f (Tt ten thy) )3

4. Filtering;

a™, a. + Top-k (8(@, at,, a§0)>;
Ap(agiv aglc) «— ag?l S5 aglc;

5. Composition;

G Tt tend th) © Ap(agy, age);
return G;

The action layer, as the lower layer, stores en-
tity nodes corresponding to ontology nodes in the
upper layer, along with the action parameters re-
quired for these operations. This layer also con-
tains two types of nodes: Entity and Action. The
concepts in entity and KGs are the same, repre-
senting specific things in the real world. An entity
node is linked to ontology nodes in the thought
layer via the "instance_of" relationship. An ac-
tion node corresponds to an option node in the
thought layer and specifies the concrete parameters
for that option node during querying KGs. Op-
tion nodes and action nodes are linked through the
"has_parameter" relationship. A complete path
in the action layer should start from an entity node,
traverse multiple action nodes, and end at another
entity node. Furthermore, all entity nodes and ac-
tion nodes must correspond to ontology nodes and
option nodes in the thought layer, respectively.

Construction. Although constructing TAG from
scratch is challenging, SPARQL from KGs pro-
vide comprehensive information for querying KGs.
Therefore, we build TAG based on SPARQL. First,
we employ GPT-40-mini to extract MACs from
given SPARQL queries, as illustrated in Figure 2(a)
and (b) (OpenAl et al., 2024). The MAC can be
viewed as a sequence starting from a query, which

decomposes SPARQL operators into multi-step ac-
tion sequences and executes them step by step until
the answer is found. We perform post-processing
on MACs to obtain nodes and edges that conform to
the TAG schema, and then store them in the TAG.
The overall construction process is illustrated in
Figure 2, with detailed steps provided in Appendix
A.

4.2 TAG Retrieval Strategy

After constructing G 4, we design a dedicated
retrieval strategy for TAG. This strategy retrieves
nodes and edges from TAG that correspond to the
user’s query on KGs, and assembles them into a
complete thought-action subgraph. The retrieval
process is detailed in Figure 3.

Thought Layer Retrieval. 1) Locating. We
first locate the starting ontology node 52" in the
thought layer based on the ontology mentioned in
the user query. Then, we retrieve all paths orig-
inating from this node in thought layer, denoted
as T, (t3art 40 t35). 2) Pruning. We use LLMs to
predict the target answer ontology te1d. Then, we

prune the path set T, (£ ¢! tJ,) to retain only

those paths that terminate at £, resulting in the

pruned path set T, (¢tart ¢end. t’gp).

Action Layer Retrieval. 3) Mapping. The
pruned paths T}, (53", t&nd, % ) are mapped to the
action layer to obtain their corresponding entity
nodes aén and action nodes aj.. 4) Filtering. We
employ embedding models to compute the seman-
tic similarity between the current query and the
source questions associated with the candidate
nodes aﬁm and aj.. We then select the top-k most
similar source questions and retain their corre-
sponding nodes, denoted as ag; and a;,.. Finally,
we connect these filtered nodes to form the paths
in the action layer A, (aly, al.).

Composition. We combine the pruned
paths T, (32", ¢ehd ¢k ) and the filtered paths
Ap(al, ai.) to form the final thought-action sub-
graph for implementing the query on KGs. In
this subgraph, T, (¢start ¢end, t'gp) provides the ab-
stract operational blueprint for querying, while
Ap(al, ai.) supplies the concrete parameters re-
quired to instantiate these operations.

The algorithmic formulation of the TAG retrieval

strategy is presented in Algorithm 1.

4.3 TAG-based Reasoning

We propose a TAG-based reasoning mechanism,
called TAGR. TAGR guides LLMs to first generate
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Table 1: Performance and efficiency comparison of different baselines on three KGQA datasets. The block where * is
located represents the LLM/Graph Reasoning method, and the block where  is located represents the KG-enhanced
LLM Reasoning method. For a fair comparison, all reported results are based on models after supervised fine-tuning.

Methods WebQSP CWwWQ GrailQA Avg. # LLM Cost
Hits@l F1 Hits@l Fl1 Hits@l Fl1 Calls Tokens
*Qwen2-7B 50.8 35.5 25.3 21.6 - - - -
Llama-3.1-8B 55.5 34.8 28.1 22.4 - - - -
ReaRev 76.4 70.9 52.9 47.8 - - - -
UniKGQA 77.2 72.2 51.2 49.1 - - - -
TKD-CoT (Llama-2-7B) 68.6 525 557 - - - - -
EWEK-QA 71.3 - 52.5 - 60.4 - - -
ToG (GPT-4) 82.6 - 68.5 - 81.4 - 11.6 7,069
RoG (Llama-2-7B) 85.7 70.8 62.6 56.2 - - 2 521
EffiQA (GPT-4) 82.9 - 69.5 - 78.4 - 7.3 -
GNN-RAG (Llama-2-7B) 85.7 71.3 66.8 594 - - 1 414
KG-Agent (Llama-2-7B) 83.3 81.0 72.2 69.8 - - - -
DoG (Qwen2.5-7B) 92.7 78.6 74.1 60.3 85.6 82.3 - -
GCR (GPT-40-mini) 92.2 74.1 75.8 61.7 - - 2 231
KBQA-o0l (Qwen2.5-7B) - 57.8 - - 70.8 77.9 -
EoGgpr (Llama-3.1-8B) 86.3 74.5 70.5 62.1 914 88.2 - -
TAGR (GPT-40-mini) 85.3 65.0 66.9 449 88.7 78.3 3 -
TAGR (Qwen2.5-7B) 87.3 60.7 67.2 39.5 95.6 84.0 3 71
TAGR (Llama-3.1-8B) 93.2 65.7 774 46.3 96.1 83.8 3 65
L Navigator: @ chain Rt Execute Meta-Action-Chain in M* outlines the sequence of operations to per-
r——— he b s formed on KGs to derive answers for (). II) Execu-
sran G tor: In this phase, guided by M* and K*, the LLM

® TAG Knowledge i LLM
TAG Retrieval l Graph g{e_cgt_e_T

!
Meta-Action-Chain 1

| Meta-Action-Chains from TAG (Reasoning Blueprirws)]
1) Turkey>..>WHERE_TRI_PATTERN(Turkey locatior |G| Egypt > SELECTOX) >
statist region.places_exported_to ?y)>.... WHERE_TRI_PATTERN
LLM | (Eqy -
Bl United States of America>..>United States of tati
America location.statistical_region.major_exports ?y) places exported
>

o)

8.2

Figure 4: The process of TAGR.

MAC:s based on TAG and then execute them in
KGs to obtain answers. The detailed process is
illustrated in Figure 4.

The TAGR consists of two phases: 1) Navigator:
Given a user query (), we first retrieve operationally
and semantically similar paths T},(t52", ted, % )
and A,(al, aly) from G 4. These paths are then
composed into MACs M. The query Q and M
are then provided as prompts to the LLM 7, which
generates a query-specific MAC M*:

M = Tp(tsta.rt tend tk ) D Ap(am an) (1)

on ’~on ’ YOp en’ ~ac

M ~w(m [ Q, M) 2

executes M™* on K* to reason final answers a* for
Q:
a* ~7(a]Q,M* K" 3)

Specifically, K* denotes the subgraph obtained by
filtering the original KG. The detailed filtering pro-
cess of K* is provided in Section 4.4.

4.4 KG Filtering

KG Filtering is an important part of TAGR. In the
second stage of TAGR, due to the large number of
triples in the original KG, LLMs will encounter a
lot of noise when executing MACs in KG. Based
on the above issues, before the second stage of
TAGR, we filter the original KG based on each step
of MACs, removing a large number of triples. The
filtered subgraph is input to TAGR. KG filtering is
divided into three steps: 1) Disassemble MACs to
obtain semantic information of actions in each step.
2) At each step, the embedding model* is used to

To ensure computational efficiency, we use Fasttext as the
embedding model (Joulin et al., 2017).
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Algorithm 2: The specific process of KG
filtering
Input: Original KG K; MACs M;
Embedding model £
Output: Filtered subgraph K*
K* « 0;
actions < M.split;
for i € actions do
triples; <— top-k(E(7, K));
L K* + K* U triples;

return C*;

calculate the similarity between the action semantic
information and each triple in KG, while retaining
top-k triples. 3) Combine the reserved top-k triples
into a subgraph as the KG required for the sec-
ond stage of TAGR. Algorithm 2 demonstrates the
specific process of KG filtering.

S Experiments

5.1 Experimental Setup

Datasets. Following prior research, we evaluate
our method on three datasets: WebQSP, CWQ,
and GrailQA (Yih et al., 2016; Talmor and Berant,
2018; Gu et al., 2021). All datasets are based on
the Freebase KG (Bollacker et al., 2008). We use
training sets from these datasets to construct the
TAG, treating them as past experience, and their
test sets to evaluate the performance of TAGR. Spe-
cific details are provided in Appendix B.1. Due
to the large scale of GrailQA, we adopt the same
evaluation scale as ToG to save computational costs
(Sun et al.).

Baselines. We compare TAGR with 15 base-
lines, which can be categorized into two groups: 1)
LLM/Graph Reasoning: Methods that rely solely
on LLMs or Graph Neural Networks (GNNs) to
reason on KGs. 2) KG-enhanced LLM Reasoning:
Methods that augment LLLM’s reasoning capabili-
ties by retrieving relevant information from KGs to
answer the query.

Evaluation Metrics. We adopt Hits@1 and
F1 as our evaluation metrics. Hits@1 measures
whether the top-1 generated answer matches any
of the ground-truth answers. F1 comprehensively
assesses the completeness of the generated answers
by considering both precision and recall. Further-
more, since efficiency is a key consideration, we
also evaluate reasoning efficiency using the average
number of LLM calls and the average number of

generated tokens.

Implementations. To evaluate the generalizabil-
ity of TAGR, we employ one closed-source LLM
and two open-source LL.Ms for the LLM compo-
nent within TAGR: GPT-40-mini, Llama-3.1-8B,
and Qwen2.5-7B (Dubey et al., 2024; Team, 2024;
Yang et al., 2024a). To enhance their generation
and execution capabilities, we perform additional
fine-tuning on two open-source LLMs using 6K
samples.

5.2 Main Results

The experimental results for TAGR are presented
in Table 1. The results show that TAGR outper-
forms state-of-the-art methods across all datasets,
achieving relative improvements in Hits@1 of
0.5%, 1.6%, and 4.7%, respectively. Furthermore,
compared to other methods, TAGR requires a sig-
nificantly lower average number of generated to-
kens from LLMs. These significant improvements
demonstrate the effectiveness and efficiency of
TAGR. Appendix B provides more experimental
details.

5.3 Ablation Study

We conduct ablation studies on three key compo-
nents to understand their respective contributions:

1. KG Filtering. We filter the original KG based
on each step of MACs to remove a large num-
ber of irrelevant triples. This ablation is de-

signed to validate the effectiveness of our pro-
posed TAG and MAC:s.

2. Complete TAG. As TAG is fundamental to
TAGR, we cannot remove it entirely. There-
fore, we replace it with an incomplete version
to demonstrate the contribution of the com-
plete TAG to the overall performance.

3. Fine-tuning. The reasoning task in TAGR
is highly specialized, requiring fine-tuning
LLMs to adapt. We conduct an experiment to
investigate the impact of unfine-tuned LL.Ms
on TAGR.

The results of our ablation studies are presented
in Table 2. Notably, for all experiments, we adopt
the best hyperparameters for each component. A
detailed analysis of them is provided in Section 5.4.

5.4 Further Analysis

Impact of TAG Retrieval Breadth. A larger re-
trieval breadth for TAG results in the retrieval of
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Table 2: Ablation studies of TAGR on WebQSP datasets.

Hits@1 F1
—e— mac=1
MAC=2 > MAC=2

—k— MAC=3 so —k— MAC=3
70
a8

—e— MAC=1

Method WebQSP CwWQ ., .

His@l Fl His@l Fl %, /\ \
TAGR 932 657 774 463 N *
o T T e R N
KG Filtering 2.4 61.7 60.1 43.5 Figure 6: TAGR performance on WebQSP with KGs of
Full TAG 86.6 60.2 70.9 42.4 varying scales.
SFT 822  56.1 66.3 395

more MACs, which expands the execution space
for LLMs on the KG. Figure 5 shows the perfor-
mance on the three datasets as we vary the TAG’s
retrieval breadth.

Hits@1 F1

—A

s //‘ 75
~@- WebQSP
80 70 cwq
~A— GrailQA
s ./’__—‘
75

70 -@~ webQspP

Value (%)

65 =k GrailQA

2 2
Num. of MACs Num. of MACs

Figure 5: TAGR performance with varying numbers of
MAGC:s.

We represent the retrieval breadth of TAG by the
number of MACs. A larger number increases the
probability of TAGR generating correct answers,
leading to a continuous rise in Hits@ 1. Conversely,
a larger number also increases the likelihood of
hallucination during execution on the KG, which
can potentially cause the F1 to decrease.

Impact of KG Filtering. In the second stage
of TAGR, when LLMs execute MACs on the origi-
nal KG (containing >1K triples), performance de-
grades due to the abundance of irrelevant nodes.
To mitigate this, we filter the original KG based
on each step of MACs, retaining only the top-
k most relevant triples to form a subgraph. We
evaluate TAGR under the original subgraph size
(>1K triples) and various reduced subgraph sizes
(triples=200/100/50/25). For this experiment, the
TAG is constructed from WebQSP training set. The
results are shown in Figure 6.

Impact of TAG Scale. A larger TAG scale
enables LLMs to generate more comprehensive
MACs. We design a three-stage experiment where
we progressively increase the TAG’s scale to inves-
tigate whether a larger TAG leads to better perfor-

mance. The results are presented in Figure 7.

@ e (0)

+ CWQ + GrailQA
81.59 82.20

ill
]|
] |

Value

56.11
53.60

il

Hits@1 F1
Metrics

Figure 7: Performance of TAGR on WebQSP as the
TAG scale increases. The blue bar denotes the first
stage, where the TAG is constructed solely from We-
bQSP training set. The red bar represents the second
stage, where CWQ training set is added.

Figure 7a shows that the number of entities and
relations within TAG continuously increases as
training sets expand. The growth rate of ontolo-
gies is relatively small, as the number ontologies
in Freebase is finite, limiting the head and tail of
paths explored by TAGR. In contrast, the growth
rate of actions is much larger, indicating that TAGR
explores a wider action space. As the TAG scale
increases, Figure 7b demonstrates that the perfor-
mance of TAGR also improves.

5.5 Out-of-Distribution Performance

To evaluate TAGR’s question-answering capabil-
ity on unseen datasets, we conduct cross-dataset
evaluations. Specifically, we individually construct
TAGs solely from the training sets of each dataset
(WebQSP, CWQ, and GrailQA) and evaluate their
performance across all three test sets. The results
are shown in Figure 8.

As shown in Figure 8, no significant “diago-
nal advantage” is observed for any metric, which
demonstrates the strong generalization capability
of TAGR. Moreover, the similar color patterns
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Figure 8: Cross-dataset evaluation of TAGR.

within each column of heatmaps further indicate
that TAGR’s performance is primarily correlated
with the inherent difficulty of test sets, rather than
specific datasets used for TAG construction.

6 Conclusion

In this work, we propose TAG, which abstracts
fundamental operators from past LLM-KG inter-
actions and models them as a graph structure. By
introducing a new method for constructing, retriev-
ing, and reasoning with TAGs, TAGR shifts the
cost of LLMs’ iterative exploration of KGs from
traditional approaches to TAGs. This addresses
the performance-efficiency trade-off inherent in tra-
ditional KG-enhanced LLM reasoning methods.
Extensive experimental results demonstrate that
TAGR not only achieves state-of-the-art perfor-
mance but also significantly enhances KGQA effi-
ciency. Furthermore, TAGR’s performance is ex-
pected to improve as the TAG scale increases. All
of the above demonstrates the effectiveness of both
TAG and TAGR.

Limitations

One limitation of our approach is that the LLM’s
exploration on KGs relies on a single-round, seri-
alized execution mechanism of MACs. This linear
traversal strategy constrains the retrieval space, po-
tentially preventing the approach from exploring
all relevant reasoning paths and thus impacting the
completeness of final answers. However, our ex-
perimental results indicate that this single-round
exploration mechanism can efficiently and accu-
rately locate the correct answer. This confirms the
approach’s effectiveness and reliability in specific
scenarios, providing empirical support for its prac-
tical application value. Another limitation is the
cold-start problem associated with TAG. The per-
formance of our approach relies on the past experi-
ence accumulated within TAG, and significant cold-
start challenges arise during system initialization

or when dealing with entirely new domains. When
past experience is sparse or unavailable, the system
struggles to provide effective guidance, leading to a
substantial drop in the LLM’s exploration accuracy.
Therefore, designing a cold-start strategy for TAG
presents a promising direction for future research.
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A TAG Construction

A.1 Steps

We use GPT-40-mini to generate MACs from
SPARQL, and then post-processing the MACs to
decompose it into the basic elements that make up
TAGs. Finally, we combine these elements into
TAG according to predefined schemas. The entire
process is illustrated in Algorithm 3.

Algorithm 3: Constructing TAG from
SPARQL
Input: SPARQL query S; GPT-40-mini 7
Output: TAG T
MACs < m(o | S);
operators < MACs.split;
for o; € operators do
L Remove PREFIX;
T+ T&o;

return 7 ;
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A.2 Case

Table 3 shows a case of constructing a TAG.
We first use GPT-40-mini to extract MACs from
SPARQL queries, and then use rule-based post-
processing to extract basic elements of TAG from
MAC:s. Finally, we combine these elements into
TAG according to predefined schemas.

A.3 Results

We construct TAG from training sets of WebQSP,
CWQ, and GrailQA, and remove samples whose

answers are not entities. The results are shown in
Table 4.

B Experiments

B.1 Datasets

WebQSP is a fundamental KGQA benchmark.
It evaluates the model’s ability to answer fact-
based questions, which typically require retrieving
facts from KGs. This dataset provides complete
SPARQL queries for its questions, which will be
executed on Freebase.

CWQ extends complexity beyond WebQSP by
introducing questions that require combinatorial
reasoning. These issues typically involve mul-
tiple constraints, conjunctions, and superlatives,
requiring multi-hop reasoning paths on Freebase.
This dataset is annotated using complex SPARQL
queries to reflect these reasoning structures.

GrailQA is a large-scale high-quality dataset
built on Freebase, aimed at evaluating the ability
of KGQA models at three different levels: previ-
ously seen patterns (i.i.d.), new combinations of
seen patterns (combinatorial), and completely new
domains and relations (zero-shot).

The statistics of datasets are shown in Table 5.
It is worth mentioning that due to the incomplete-
ness of the source KG, the gold answers in some
instances may not be present in the KG. Following
previous research, we remove these instances from
the evaluation (Li et al., 2025).

B.2 Baselines

We compare TAGR with multiple baselines:

1. ReaRev decomposes natural language prob-
lems into a set of instructions that serve as
guiding sequences for KG traversal, and per-
forms reasoning through graph neural net-
work (GNN) simulation of breadth first search
(BFS) strategy (Mavromatis and Karypis,
2022).
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2. UniKGQA unifies the retrieval and reasoning

stages within the same framework to better
share semantic matching and information dis-
semination capabilities. It effectively allevi-
ates the problem of large scale differences be-
tween two-stage search spaces and enhances
capability sharing between stages through uni-
fied architecture and abstract subgraph design
(Jiang et al., 2022).

. KD-CoT explicitly integrates factual knowl-

edge into the reasoning process of CoT to re-
duce the illusion caused by insufficient knowl-
edge or erroneous memory in models (Wang
et al., 2023).

. EWEK-QA includes adaptive web search and

KG fusion. Adaptive web search avoids se-
mantic fragmentation caused by fixed length
segmentation by dynamically adjusting text
truncation points, thereby improving the in-
tegrity of search content; KG fusion enhances
the system’s performance in complex reason-
ing tasks by efficiently encoding structured
knowledge (Dehghan et al., 2024).

. ToG transforms LLM into an agent that inter-

acts with KGs for collaborative reasoning. It
is not just about transforming problems into
queries, but also enabling the model to ac-
tively search on the KG to gradually explore
relevant entities and relationships (Sun et al.).

. RoG fine-tunes LLM to generate reliable in-

ference plans. Then these plans are used to
retrieve specific, factual reasoning path in-
stances from KG. Finally, the actual retrieved
path is used for reasoning of the final answer
(Luo et al., 2024a).

. EffiQA first utilizes LLM’s common sense

ability to explore potential reasoning paths.
Subsequently, it offloads the semantic pruning
task to a small plugin model to reduce com-
putational overhead. Finally, the exploration
results of KG are sent back to LLM for evalu-
ation to optimize the decisions of the first two
stages (Dong et al., 2025).

. GNN-RAG is a method that combines GNN5s

with retrieval-augmented generation (RAG)
frameworks, aimed at enhancing the reason-
ing ability of LLMs in KGQA tasks. This
method utilizes GNN to process the complex



Table 3: A case of constructing TAG from SPARQL query.

> Step-1: Extract MACs from SPARQL queries through GPT-40-mini.
Input_Question:

What country does turkey trade with?

Input_SPARQL:

SELECT DISTINCT ?x WHERE

{ FILTER (?x !=ns:m.0lznc_)

{ ns:m.01znc_ ns:location.statistical_region.places_exported_to ?y .

7y ns:location.imports_and_exports.exported_to ?x . }

UNION

{ ns:m.01znc_ ns:location.statistical_region.places_imported_from ?y .

7y ns:location.imports_and_exports.imported_from ?x . }}

Output_MACs:

Turkey

—>SELECT(DISTINCT 7x)

—>WHERE_TRI_PATTERN(Turkey location.statistical_region.places_exported_to ?y)
—>WHERE_TRI_PATTERN(?y location.imports_and_exports.exported_to ?x)
—>WHERE_TRI_PATTERN(Turkey location.statistical_region.places_imported_from ?y)
—>WHERE_TRI_PATTERN(?y location.imports_and_exports.imported_from ?x)
—>WHERE_FILTER(?x != ns:m.0lznc_)

—>UNION

—>Algeria; Albania

> Step-2: Extract basic elements of TAG through rule-based post-processing
Output_Elements:

[Country, SELECT, WHERE_TRI_PATTERN, WHERE_FILTER, UNION |
[Turkey, DISTINCT ?x,

location.statistical_region.places_exported_to,
location.imports_and_exports.exported_to,
location.statistical_region.places_imported_from,
location.imports_and_exports.imported_from,

?7x !1=ns:m.0lznc_,

Algeria, Albania ]

> Step-3: Combine elements into TAG according to predefined schemas
Output_Nodes_and_Edges:

e Ontology_Nodes: [Country |

e Option_Nodes: [SELECT, WHERE_TRI_PATTERN, WHERE_FILTER, UNION ]
e [Entity_Nodes: [Turkey, Algeria, Albania |

e Action_Nodes:

[DISTINCT ?x,

location.statistical_region.places_exported_to,
location.imports_and_exports.exported_to,
location.statistical_region.places_imported_from,
location.imports_and_exports.imported_from,

?7x !=ns:m.0lznc_ ]

e Edges: Automatically complete according to the schema of TAG.
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10.

Table 4: The result of TAG construction. Number of SPARQL queries = 69,293.

Nodes/Edges Type and Quantity
Nodes Ontology Option Entity Action -
4,608 372 145,052 373,098 -
Edees start instance_of next has_parameter end
& 64,914 960,092 312,489 373,113 350,341

Table 5: Statistics of datasets.

Dataset ‘ #Train  #Test | #Ans=1 2<#Ans<4 5<#Ans<9 #Ans>10
WebQSP | 2,826 1,628 51.2% 27.4% 8.3% 12.1%
CWQ 27,639 3,531 70.6% 19.4% 6% 4%
GrailQA | 44,337 13,231 | 68.5% - - -

structural information of KG, while taking
advantage of LLM’s language understanding
advantages to achieve efficient and accurate
question answering (Mavromatis and Karypis,
2024).

KG-Agent first extracts reasoning chains
from the KGQA dataset, generates a query
path from the question entity to the answer
entity through rule matching and BFS, and
then converts reasoning chains into a program
consisting of a series of function tool calls.
Meanwhile, the framework utilizes inference
programs to construct instruction datasets
for fine-tuning lightweight LLMs (such as
LLaMAZ2-7B) to enhance their reasoning ca-
pabilities. During the reasoning process, KG-
Agent adopts a knowledge memory mecha-
nism to maintain contextual information, in-
cluding the problem, tool definition, current
KG state, and historical reasoning steps. It in-
teracts with the KG through the tool selection
planner, gradually updating its memory until
answers are obtained (Jiang et al., 2025).

DoG allows LLMs to perform step-by-step
inference directly on KGs, rather than relying
on external retrievers or complex iterative in-
structions. The key insight of the study is that
LLMs excel at generating coherent reason-
ing steps, while KGs provide structured fac-
tual connections, which can be deeply fused
through constraint decoding mechanisms to
achieve faithful and sound reasoning pro-
cesses (Li et al., 2025).

11

12.

13.

C

. GCR integrates LLMs with KGs by building
a KG-Trie index. KG-Trie encodes the reason-
ing path of KG and constrains the generation
of faithful reasoning paths and answers. This
method combines specific KGs with powerful
general LLM to improve the reasoning perfor-
mance of LLMs (Luo et al., 2024b).

KBQA-o01 introduces an intelligent agent
workflow based on the ReAct framework,
gradually generating logical forms through
knowledge base environment exploration. Ad-
ditionally, by adopting the MCTS heuristic
search method driven by policy and reward
models, it balances agent exploration perfor-
mance with search space. With the heuristic
exploration mechanism, KBQA-o1 can gener-
ate high-quality annotated data and continu-
ously optimize the model through incremental
fine-tuning (Luo et al., 2025a).

EoG is a reinforcement learning framework
that incentivizes LLMs to autonomously ex-
plore diverse reasoning paths on KGs via path-
refined reward modeling. It enhances general-
izability by reducing the model’s reliance on
fixed demonstrations (Yan et al., 2026).

Prompts

The prompts used for TAGR consist of three com-
ponents. The first is the prompt for predicting an-
swer types using LLMs. The second prompt is
located in the first step of TAGR, which generates

the

corresponding MAC for user questions based

on MAC:s in the TAG. The third one is located in
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the second step of TAGR, which is to execute MAC
in KG to obtain answers. All prompts are shown in
Figure 9-11.

D Case Study

Figure 12 shows two cases in TAGR. The first ques-
tion is a common sense question that requires real-
world knowledge to answer. For these questions,
TAGR can output accurate and complete answers.
The second question is a highly specialized one,
which significantly challenges the LLM’s reason-
ing capability on KG. Although the answer ob-
tained by TAGR is incomplete, it still accurately
arrives at the correct answer.

Please read the example first, and then
predict the type name of the answer based
on the given question. Please note that you
only need to output the type name of the
predicted answer, and do not need to
output specific answers or other content.

[examples]

Question: what is the name of justin
bieber brother?

The type name of the answer:
Person

Question: what are the 2 conferences in
the nfl?

The type name of the answer: American
football conference

Question: what are the 5 biggest cities in
the usa?

The type name of the answer:
City/Town/Village

Please write the type name of the answer
corresponding to the following question
based on the above example:
<Question>

Figure 9: Prompts for predicting answer types.
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The meta-action in SPARQL refer to single step operations on the database, such as SELECT, WHERE, GROUP, ORDER,
FILTER, etc. Meta-action-chain refers to the process of obtaining an answer entity that can solve a question through
multiple meta-action from the topic entity of the question. Specifically, the meta-action-chain needs to start from the topic
entity, with intermediate nodes being meta-actions. Each meta-action contains a specific operation description in
parentheses, such as attributes, triplet patterns, etc. The final meta-action-chain ends with the answer entity corresponding
to the question. Please read examples of generating a meta-action-chain first, and then generate its corresponding meta-
action-chain based on the given question and topic entity. Because you do not yet know the answer entity corresponding to
the given question, you can use the special tag <Answer_Entity>to represent the final step of the meta-action-chain. Please
note that you only need to write the meta-action-chain, no other content is required.

[examples]

Question:

<TAG Question>

Topic entity:

<TAG Topic entity>
Meta-action-chain:

<TAG Meta-action-chain>

Please write a meta-action-chain based on the given question and topic entity according to the above examples:
Question:

<User Question>

Topic entity:

<User Topic entity>

Meta-action-chain:

<User Meta-action-chain>

Figure 10: Prompts for generating MAC.

The meta-action in SPARQL refer to single step operations on the database, such as SELECT, WHERE, GROUP, ORDER,
FILTER, etc. Meta-action-chain refers to the process of obtaining an answer entity that can solve a question through
multiple meta-action from the topic entity of the question. Specifically, the meta-action-chain needs to start from the topic
entity, with intermediate nodes being meta-actions. Each meta-action contains a specific operation description in
parentheses, such as attributes, triplet patterns, etc. The final meta-action-chain ends with the answer entity corresponding to
the question. Please refer to the provided knowledge graph and search for the corresponding answer to the given question in
the knowledge graph based on the given question, the topic entity in the question, and the meta-action-chain of the question.
Please note that you only need to:

1. Output the corresponding answer to the given question, without any additional content.

2. If there are multiple answers, please output all answers in a [List], separated by commas. Each element in the [List] is an
answer. For example: [Lightning rod, Bifocals, Glass harmonic, Franklin stone].

3. Please write your answer between <ANSWER> and </ANSWER>, do not output any other text.

Knowledge Graph:
<Knowledge Graph>
Question:
<Question>

Topic Entity:

<Topic Entity>
Meta-action-chain:
<Meta-action-chain>

The corresponding answer to the question is:

Figure 11: Prompts for executing MAC in KG.
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Common sense question:

[DBSEBR: \\/hat did james k polk do before he was president?

MAC:

James K. Polk

>SELECT(DISTINCT?X)

- WHERE_TRI_PATTERN(James K. Polk government.politician.government_positions_held?y)
-> WHERE_TRI_PATTERN(?y government.government_position_held.office_position_or_title?x)
-> WHERE_TRI_PATTERN(?y government.government_position_held.from?from)

- WHERE_FILTER(xsd:dateTime(?pFrom) - xsd:dateTime(?from) > 0)

- <Answer_Entity>

TAGR Answers: [United States Representative, Speaker of the United States House of
Representatives, Governor of Tennessee]

Ground Truth Answers: [United States Representative, Governor of Tennessee, Speaker of the
United States House of Representatives]

Highly specialized question:

IDEBSHBR: \\vhere can i find the genomic locus in chromosome 5?

MAC:

Chromosome 5

> SELECT(?x0 AS?value)

>WHERE_TRI_PATTERN(?x0 type.object.type biology.genomic_locus)
>WHERE_TRI_PATTERN(?y0 type.object.type biology.genomic_locus)
>WHERE_TRI_PATTERN(?y0 biology.genomic_locus.end_base?y1)
>WHERE_TRI_PATTERN(?y0 biology.genomic_locus.chromosome?y?2)
>WHERE_FILTER(?y0!=?y1 &&?y0!=?y2 &&?y11=?y?2)
>VALUES(?y2 { :m.099p5k })

>WHERE_TRI_PATTERN(?x0 biology.genomic_locus.end_base?x1)
>WHERE_TRI_PATTERN(?x0 biology.genomic_locus.chromosome?x2)
>WHERE_FILTER(?X0!=?x1 &&?x0!=7x2 &&?X1!=7x2)
><Answer_Entity>

TAGR Answers: [5 - [10732405,10814338]]

Ground Truth Answers: [5 - [10732405,10814338], 5 - [178973785,178983275], Locus for Human
Cytogenetic Band 5p15.32, Locus for Human Cytogenetic Band 5q12.1, ...]

Figure 12: Two cases in TAGR.
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