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Abstract001

Large language models (LLMs) often hallu-002
cinate in question answering (QA) tasks due003
to a lack of factual knowledge. While inte-004
grating knowledge graphs (KGs) with LLMs005
has alleviated this issue, existing methods suf-006
fer from poor generalization or low reason-007
ing efficiency, and critically, they overlook the008
learning and reuse of reasoning paths from009
past experiences. To address these challenges,010
we introduce Thought-Action Graph (TAG),011
a structured repository of reasoning experi-012
ences. TAG decomposes successful LLM-013
KG interaction trajectories into fine-grained014
semantic operators, which are stored in TAG015
constructed by the thought layer and action016
layer. Building upon TAG, we propose a novel017
KGQA paradigm —TAG-Reasoning (TAGR).018
TAGR first retrieves and assembles reasoning019
blueprints from TAG, and then guides LLM to020
efficiently execute on KG according to them.021
Through this approach, TAGR transforms the022
computationally expensive online exploration023
process of LLMs into an offline process of TAG024
retrieval and assembly. Experimental results on025
multiple KGQA benchmarks demonstrate that026
TAGR significantly outperforms state-of-the-027
art methods across key metrics, while drasti-028
cally reducing the number of LLM calls and029
generated tokens. This work opens new av-030
enues for building continual learning, efficient,031
and faithful KGQA systems.032

1 Introduction033

Large language models (LLMs) have demonstrated034

remarkable performance across a wide range of035

natural language processing (NLP) tasks (Brown036

et al., 2020; Zhao et al., 2023; Qiao et al., 2023).037

However, when confronted with complex questions,038

LLMs often suffer from hallucinations and a signif-039

icant drop in accuracy due to their lack of factual040

knowledge (Hu et al., 2023; Huang et al., 2023).041

To address this issue, a growing body of research042

integrates knowledge graphs (KGs) with LLMs043

(Sun et al.; Luo et al., 2024a; Pan et al., 2024). In 044

this paradigm, KGs provide factual information 045

to support the LLM’s reasoning process, aiming 046

to achieve faithful reasoning in knowledge graph 047

question answering (KGQA) (Peng et al., 2024; 048

Han et al., 2025). 049

KGs organize world knowledge in a structured 050

form, enhancing the reasoning capabilities of 051

LLMs through various methods (Bollacker et al., 052

2008). Current methods for KG-augmented LLM 053

reasoning can be broadly categorized into two 054

types: 1) Retrieval-based methods: These ap- 055

proaches retrieve relevant information from KGs 056

and inject it into the LLM’s reasoning process as 057

part of the prompt (as illustrated in Figure 1(a)) 058

(Li et al., 2023; Dehghan et al., 2024; Yang et al., 059

2024b); and 2) Agent-based methods: These meth- 060

ods treat LLMs as agents that iteratively interact 061

with the KG to identify a suitable reasoning path 062

(as depicted in Figure 1(b)) (Sun et al.; Luo et al., 063

2024a; Dong et al., 2025; Jiang et al., 2025). 064

However, both methods mentioned above have 065

limitations. Retrieval-based methods rely too heav- 066

ily on the quality of the retriever, making it dif- 067

ficult to generalize to unseen questions or con- 068

cepts. Agent-based methods require multiple calls 069

to LLMs to interact with the KG, resulting in low 070

efficiency. Whether retrieval-based or agent-based, 071

neither of these approaches fully considers a key 072

research aspect in KGQA: learning reusable rea- 073

soning paths from historical tasks and achieving 074

sustained adaptation and evolution based on past 075

successful experiences. Existing approaches typi- 076

cally treat each question as an isolated query, ini- 077

tiating their reasoning process from scratch. This 078

results in a lack of capability to identify and reuse 079

solution patterns from similar problems. There- 080

fore, these approaches are difficult to accumulate 081

effective reasoning strategies and cannot quickly 082

call and adjust previously validated path templates 083

when facing new questions or complex multi-hop 084
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(a) Retrieval-based KGQA

Question +

Prompt: 
Please generate a 
SPARQL query based on 
the following question:
<Question> 

LLM Response: 
SELECT DISTINCT ?x WHERE {
{ ns:m.01znc_

ns:location.statistical_region.places_exported_to ?y .
?y ns:location.imports_and_exports.exported_to ?x . }
……

}

+
KG

Reasoning

……

Incomplete
Answer

(b) Agent-based KGQA

Question

+

Prompt: 
Please retrieve N relations 
that contribute to the 
question and rate their 
contribution on a scale 
from 0 to 1.
……KG

+

……

Topic 
Entity

Reasoning

LLM Response: 
(Relation) 
location.statistical_regio
n.places_exported_to
(Score 0.4)
(Entity) Algeria; Albania

×N Steps

Call LLM N-times

Question: What country does turkey trade with? : LLM : Knowledge Graph : LLM Reasoning : Retrieve from KG/TAG

(c) Ours: TAG-based KGQA

Question

Answer Type 
Reasoning

Turkey:<Country>

Answer:<Location>

Thought Layer

Action Layer

Country
Person

Location
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…

…

…

…

… …

…

<Answer>

…

…

…

…

…

Thought-Action Graph

Meta-Action-Chain:
Turkey --> SELECT(DISTINCT ?x) -->
TRI_PATTERN(Turkey places_exported_to ?y) -->
TRI_PATTERN(?y exported_to ?x) -->
TRI_PATTERN(Turkey places_imported_from ?y) -->
TRI_PATTERN(?y imported_from ?x) -->
FILTER --> UNION --> <Answer>

KG

1. Complete 
Answer
2. Call LLM 
less times

Past 
experience

Reasoning 
blueprints

Reasoning

Execute

Answer: 
Algeria

Question

Prompt / LLM Response: :Subgraph of KG : Thought-Action Graph : Unexpected answers : Expected answers

Answer: 
Algeria; Albania

Answer: 
Algeria; Albania

Figure 1: Three frameworks for implementing KGQA via LLMs: (a) Retrieval-based methods; (b) Agent-based
methods; (c) TAG-based methods.

queries. This limits the potential for overall perfor-085

mance generalization and efficiency improvement086

(Shen et al., 2025; Jiang et al., 2025).087

Drawing inspiration from past experiences to088

guide LLM reasoning research, we attempt to im-089

plement similar capabilities in KGQA. We intro-090

duce the Thought-Action Graph (TAG), which is091

a framework aimed at achieving this goal. At its092

heart, TAG distills and codifies reusable reasoning093

logic from successful LLM-KG interaction traces.094

Specifically, TAG deconstructs complex interaction095

sequences into a set of fine-grained, semantically096

explicit fundamental operators. These operators097

are systematically organized within a structured098

graph, which in turn forms a dynamic and search-099

able repository of reasoning experience. As a result,100

when encountering new queries, TAG will guide101

LLM to explore KG and arrive at the final answer.102

As illustrated in Figure 1(c), the TAG-based103

KGQA process comprises two key stages. First,104

for a given question, the approach constructs meta-105

action-chains (MACs) from the TAG to guide the106

LLM’s exploration of KG. Subsequently, the LLM107

follows this structured sequence of actions to per-108

form reasoning efficiently over the KG. Unlike109

retrieval-based approaches that are constrained by110

static training data and exhibit limited generaliza-111

tion, TAG decomposes unseen natural language 112

questions into a sequence of known, empirically 113

validated basic operations. This enables LLMs 114

to maintain reliable and faithful reasoning when 115

faced with novel concepts or complex queries. In 116

addition, compared with agent-based approaches 117

that require multiple trial and error interactions, 118

TAG-based KGQA fundamentally eliminates the 119

extensive trial-and-error costs in LLMs exploration 120

by proactively providing reasoning blueprints for 121

LLMs, significantly improving computational effi- 122

ciency and the stability of answer generation. The 123

main contributions of this work are summarized as 124

follows: 125

1. We propose the novel concept of a Thought- 126

Action Graph (TAG) and design dedicated 127

methods for its construction and retrieval. The 128

TAG decomposes past interaction trajectories 129

between LLMs and KGs into a series of fine- 130

grained, semantically explicit fundamental 131

reasoning operators, stored in a structured 132

graph format. 133

2. We introduce TAG-Reasoning (TAGR), a 134

new TAG-based paradigm for KGQA. TAGR 135

proactively provides structured reasoning 136

blueprints for LLMs from TAG, named 137
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Turkey
→ SELECT(DISTINCT ?x)
→ 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.01znc_)
→ UNION
→ Algeria; Albania

Meta-Action-Chain

Question: 
What country does turkey trade with?

TopicEntityName: 
Turkey

TopicEntityMid: 
m.01znc_

Answers: 
Algeria; Albania

Original Data

Sparql: 
PREFIX ns: <http://rdf.freebase.com/ns/>
SELECT DISTINCT ?x 
WHERE {

FILTER (?x != ns:m.01znc_)
{ 

ns:m.01znc_ 
ns:location.statistical_region.places_exported_to ?y .
?y ns:location.imports_and_exports.exported_to ?x . 

}
UNION
{   

ns:m.01znc_ 
ns:location.statistical_region.places_imported_from ?y .
?y ns:location.imports_and_exports.imported_from ?x . 

}
}

LLM

SELECT

Country
WHERE_TRI
_PATTERN

WHERE_
FILTER

UNION

Thought Layer

DISTINCT ?x

?x != ns:m.01znc_

location.statistical_region.
places_imported_from

location.imports_and_
exports.imported_from

Action Layer

Thought-Action-Graph

Start
Next

Next

Next

End

Start

Next

Next

Next

Next
NextEnd

End

instance_of

Turkey

Algeria

Albania

instance_of

has_parameter has_parameter
has_

parameter
parsing

union

location.statistical_region.
places_exported_to

location.imports_and_
exports.exported_to

Next

Ontology

Option

Entity

Action

(c)(a)

(b)

Figure 2: An example of TAG construction. (a) First, we locate the question, topic entity, answer, and SPARQL
from the data. (b) Then, we use GPT-4o-mini to convert 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.

meta-action-chains (MACs). It transforms138

the costly trial-and-error interaction between139

LLMs and KGs into an efficient process of140

TAG retrieval and combination, which signifi-141

cantly reduces the number of LLM calls and142

ensures the efficiency of KGQA.143

3. We conduct experiments on multiple KGQA144

reasoning benchmarks. The results demon-145

strate that our proposed TAGR outperform146

traditional methods on several key metrics.147

This validates the effectiveness of TAG and148

the superiority of TAGR.149

2 Related Work150

LLM Reasoning. Extensive research has explored151

the reasoning methods of LLMs. Post-training is a152

targeted approach to enhance LLMs reasoning abil-153

ity (Tie et al., 2025). Reinforcement learning is cur-154

rently a popular research topic, encouraging LLMs155

to engage in deeper thinking during reasoning156

(Schulman et al., 2017; Rafailov et al., 2023; Shao157

et al., 2024). In addition to training LLMs, Chain-158

of-Thought indicates the importance of prompts in159

LLMs reasoning (Wei et al., 2022). Furthermore,160

Tree-of-Thought and Graph-of-Thought explicitly161

transform the reasoning process of LLMs into tree162

and graph structures (Yao et al., 2023; Besta et al.,163

2024). Self-consistency guides LLMs to generate164

multiple reasoning trajectories and select the opti-165

mal answer among them (Wang et al., 2022).166

KG-enhanced LLM Reasoning. Although167

LLMs can reason independently, they still suffer168

from knowledge gaps and hallucinations. KG- 169

enhanced LLM reasoning is a way to alleviate the 170

above problems. KD-CoT provides additional in- 171

formation for CoT in LLMs reasoning by retrieving 172

factual knowledge from KG (Wang et al., 2023). 173

RoG constructs the entire process as a pipeline 174

of planning-retrieval-reasoning, retrieves reasoning 175

paths from KG to guide LLMs reasoning (Luo et al., 176

2024a). GFM-RAG and GNN-RAG achieve effec- 177

tive retrieval of KG through graph neural networks 178

(Luo et al., 2025b; Mavromatis and Karypis, 2024). 179

StructGPT and ToG consider LLMs as agents, guid- 180

ing them to continuously interact with KG during 181

LLMs reasoning process to obtain answers (Jiang 182

et al., 2023; Sun et al.). EoG introduces reinforce- 183

ment learning into the process of exploring KG in 184

LLMs, achieving autonomous exploration in LLMs 185

inference process (Anonymous, 2025). 186

Reasoning from Experiences. So far, there 187

have been attempts to abstract problem-solving 188

processes from past experience and use them to 189

guide future reasoning. AWM generates workflows 190

by extracting reusable processes from the agent’s 191

past reasoning, and then integrates these workflows 192

into a knowledge base to guide future task solving 193

processes (Wang et al., 2024). 194

3 Preliminaries 195

Knowledge Graph. A KG G is composed of a 196

large number of triples, which are formalized as 197

G = {(e, r, e′) ⊆ E ×R× E}. E andR represent 198

sets of entities and relationships, where extracted 199

3



Question: where does egypt export to?

Thought Layer Retrieval

Country
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SELECT

Country
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WHERE_TRI
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WHERE_
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……
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Step 1. Topic Entity Retrieval in the Thought Layer
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Step 3. Action Layer Mapping

……
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……
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Next
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Next

Next
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Next
Next

Next
End End
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Person

City/Town/Village

WHERE_TRI
_PATTERN

WHERE_
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……

UNION
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……

Start

Next
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Step 5. Obtain Subgraphs of the Thought-Action-Graph

egypt
type

<Answer>

where does egypt export to?

TAGs related to the query

Country

turkey

instance_of

SELECT
Country

WHERE_TRI
_PATTERN

WHERE_
FILTER

Start

Next

End

has_
parameter

Albania

Algeria

DISTINCT ?x

?x != ns:m.01znc_

location.statistical_region.
places_exported_to

……

UNION
Next

Next

union
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parameter

instance_of

Start
Next

Next
Next

Next
End End

……

……

……

Start

turkey

Action Layer Retrieval

Turkey

answerOntology

Option

Entity

Action

Topic Entity
/Answer

Relation

• Question: where does egypt export to?

• Thought Layer: 
Country→SELECT→WHERE_TRI_PATTER
N→UNION→WHERE_FILTER→Country

• Action Layer: 
turkey→location.statistical_region.places_e
xported_to→location.imports_and_exports.
exported_to→location.statistical_region.pla
ces_imported_from→location.imports_and_
exports.imported_from→Algeria; Albania

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.

from texts or knowledge bases. The triple (e, r, e′)200

is the most basic unit of KGs, representing the rela-201

tionship between entity e and e′ with r. Multiple202

connected triples in G form a path, multiple paths203

form a subgraph, and multiple subgraphs form a204

complete KG.205

Knowledge Graph Question Answering.206

KGQA aims to retrieve precise answers to natu-207

ral language questions by querying KGs. KGQA208

has gradually shifted from traditional pipeline to209

LLM-based question answering paradigm. Given a210

question Q, the naive method retrieves relevant sub-211

graph Gs from G. The LLM then interprets Q and212

Gs to produce a structured query (e.g., SPARQL) or213

directly generates answersA. The LLM effectively214

acts as a semantic parser and reasoner, bridging215

the gap between natural language and structured216

knowledge.217

4 Approach218

In this section, we introduce the proposed TAG,219

including its construction, retrieval strategy, and220

TAG-based reasoning.221

4.1 TAG Construction222

Schema. TAG requires a specialized structure to223

explicitly reveal the reasoning process of LLMs on224

KGs. We design the TAG, denoted as GT,A with225

a two-layer architecture: a thought layer and an 226

action layer, as shown in Figure 2(c). 227

The thought layer serves as the upper layer, stor- 228

ing basic operation patterns for querying KGs, such 229

as SELECT, WHERE, FILTER and UNION. This layer 230

contains two types of nodes: Ontology and Option. 231

Ontology is a formal definition of various concepts 232

in the real world, consistent with KGs. An option 233

node is a fundamental action unit for querying KG 234

(e.g., SELECT, WHERE, UNION). A complete path in 235

the thought layer should start from an ontology 236

node, traverse multiple option nodes, and end at 237

another ontology node. This path represents how 238

to query a target ontology from a source ontology 239

through a sequence of operations. 240

The action layer, as the lower layer, stores en- 241

tity nodes corresponding to ontology nodes in the 242

upper layer, along with the action parameters re- 243

quired for these operations. This layer also con- 244

tains two types of nodes: Entity and Action. The 245

concepts in entity and KGs are the same, repre- 246

senting specific things in the real world. An entity 247

node is linked to ontology nodes in the thought 248

layer via the "instance_of" relationship. An ac- 249

tion node corresponds to an option node in the 250

thought layer and specifies the concrete parameters 251

for that option node during querying KGs. Op- 252

tion nodes and action nodes are linked through the 253
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"has_parameter" relationship. A complete path254

in the action layer should start from an entity node,255

traverse multiple action nodes, and end at another256

entity node. Furthermore, all entity nodes and ac-257

tion nodes must correspond to ontology nodes and258

option nodes in the thought layer, respectively.259

Construction. Although constructing TAG from260

scratch is challenging, SPARQL from KGs pro-261

vide comprehensive information for querying KGs.262

Therefore, we build TAG based on SPARQL. First,263

we employ GPT-4o-mini to extract MACs from264

given SPARQL queries, as illustrated in Figure 2(a)265

and (b) (OpenAI et al., 2024). The MAC can be266

viewed as a sequence starting from a query, which267

decomposes SPARQL operators into multi-step ac-268

tion sequences and executes them step by step until269

the answer is found. We perform post-processing270

on MACs to obtain nodes and edges that conform to271

the TAG schema, and then store them in the TAG.272

The overall construction process is illustrated in273

Figure 2, with detailed steps provided in Appendix274

A.275

4.2 TAG Retrieval Strategy276

After constructing GT,A, we design a dedicated277

retrieval strategy for TAG. This strategy retrieves278

nodes and edges from TAG that correspond to the279

user’s query on KGs, and assembles them into a280

complete thought-action subgraph. The retrieval281

process is detailed in Figure 3.282

Thought Layer Retrieval. 1) Locating. We283

first locate the starting ontology node tstart
on in the284

thought layer based on the ontology mentioned in285

the user query. Then, we retrieve all paths orig-286

inating from this node in thought layer, denoted287

as Tp(t
start
on , tion, t

j
op). 2) Pruning. We use LLMs to288

predict the target answer ontology tend
on . Then, we289

prune the path set Tp(t
start
on , tion, t

j
op) to retain only290

those paths that terminate at tend
on , resulting in the291

pruned path set Tp(t
start
on , tend

on , tkop).292

Action Layer Retrieval. 3) Mapping. The293

pruned paths Tp(t
start
on , tend

on , tkop) are mapped to the294

action layer to obtain their corresponding entity295

nodes aien and action nodes ajac. 4) Filtering. We296

employ embedding models to compute the seman-297

tic similarity between the current query and the298

source questions associated with the candidate299

nodes aien and ajac. We then select the top-k most300

similar source questions and retain their corre-301

sponding nodes, denoted as amen and anac. Finally,302

we connect these filtered nodes to form the paths303

in the action layer Ap(a
m
en, a

n
ac).304

Composition. We combine the pruned 305

paths Tp(t
start
on , tend

on , tkop) and the filtered paths 306

Ap(a
m
en, a

n
ac) to form the final thought-action sub- 307

graph for implementing the query on KGs. In 308

this subgraph, Tp(t
start
on , tend

on , tkop) provides the ab- 309

stract operational blueprint for querying, while 310

Ap(a
m
en, a

n
ac) supplies the concrete parameters re- 311

quired to instantiate these operations. 312

The algorithmic formulation of the TAG retrieval 313

strategy is presented in Algorithm 1. 314

Algorithm 1: The TAG retrieval strategy
Input: User query Q; Start ontology node

tstart
on ; Pre-constructed TAG GT,A;

Embedding model E ; LLM π
Output: Thought-Action Subgraph G
1. Locating;
for tion ∈ {all ontology nodes} do

Find the path Tp(t
start
on , tion, t

j
op);

2. Pruning;
tend
on ← π (t | tstart

on , GT,A);
for ton ∈ Tp(t

start
on , tion, t

j
op) do

Find the pruned path Tp(t
start
on , tend

on , tkop);

3. Mapping;
aien, a

j
ac ← f

(
Tp(t

start
on , tend

on , tkop)
)
;

4. Filtering;

amen, a
n
ac ← Top-k

(
E(Q, aien, a

j
ac)

)
;

Ap(a
m
en, a

n
ac)← amen ⊕ anac;

5. Composition;
G ← Tp(t

start
on , tend

on , tkop)⊕Ap(a
m
en, a

n
ac);

return G;

4.3 TAG-based Reasoning 315

TAG

LLM

where does egypt
export to?

Meta-Action-Chains from TAG (Reasoning Blueprints)

1. Turkey→…→WHERE_TRI_PATTERN(Turkey location.
statistical_region.places_exported_to ?y)→……

2. United States of America→…→United States of 
America location.statistical_region.major_exports ?y)

3. ……→……→……

TAG Retrieval

Egypt → SELECT(?x) →
WHERE_TRI_PATTERN
(Egypt location.
statistical_region.
places_exported_to ?y)
→ … → ……

Knowledge 
Graph execute

LLM

I. Navigator: 
Generate Meta-Action-Chain

II. Executor: Execute Meta-Action-Chain in 
Knowledge Graph

The answer is: 
Sudan

Meta-Action-Chain

Figure 4: The process of TAGR.

We propose a TAG-based reasoning mechanism, 316

called TAGR. TAGR guides LLMs to first generate 317

MACs based on TAG and then execute them in 318

5



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.

Methods
WebQSP CWQ GrailQA Avg. # LLM Cost

Hits@1 F1 Hits@1 F1 Hits@1 F1 Calls Tokens
∗Qwen2-7B 50.8 35.5 25.3 21.6 - - - -
Llama-3.1-8B 55.5 34.8 28.1 22.4 - - - -
GPT-4 73.2 62.3 55.6 49.9 31.7 - - -
ReaRev 76.4 70.9 52.9 47.8 - - - -
UniKGQA 77.2 72.2 51.2 49.1 - - - -
†KD-CoT (Llama-2-7B) 68.6 52.5 55.7 - - - - -
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 59.4 - - 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-4o-mini) 92.2 74.1 75.8 61.7 - - 2 231
KBQA-o1 (Qwen2.5-7B) - 57.8 - - 70.8 77.9 - -

TAGR (GPT-4o-mini) 85.3 65.0 66.9 44.9 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 77.4 46.3 96.1 83.8 3 65

KGs to obtain answers. The detailed process is319

illustrated in Figure 4.320

The TAGR consists of two phases: I) Navigator:321

Given a user query Q, we first retrieve operationally322

and semantically similar paths Tp(t
start
on , tend

on , tkop)323

and Ap(a
m
en, a

n
ac) from GT,A. These paths are then324

composed into MACs M. The query Q and M325

are then provided as prompts to the LLM π, which326

generates a query-specific MACM∗:327

M = Tp(t
start
on , tend

on , tkop)⊕Ap(a
m
en, a

n
ac) (1)328

M∗ ∼ π(m | Q,M) (2)329

M∗ outlines the sequence of operations to per-330

formed on KGs to derive answers for Q. II) Execu-331

tor: In this phase, guided byM∗ and K∗, the LLM332

executesM∗ on K∗ to reason final answers a∗ for333

Q:334

a∗ ∼ π(a | Q,M∗,K∗) (3)335

5 Experiments336

5.1 Experimental Setup337

Datasets. Following prior research, we evaluate338

our method on three datasets: WebQSP, CWQ,339

and GrailQA (Yih et al., 2016; Talmor and Berant, 340

2018; Gu et al., 2021). All datasets are based on 341

the Freebase KG (Bollacker et al., 2008). We use 342

training sets from these datasets to construct the 343

TAG, treating them as past experience, and their 344

test sets to evaluate the performance of TAGR. Spe- 345

cific details are provided in Appendix B.1. Due 346

to the large scale of GrailQA, we adopt the same 347

evaluation scale as ToG to save computational costs 348

(Sun et al.). 349

Baselines. We compare TAGR with 16 base- 350

lines, which can be categorized into two groups: 1) 351

LLM/Graph Reasoning: Methods that rely solely 352

on LLMs or Graph Neural Networks (GNNs) to 353

reason on KGs. 2) KG-enhanced LLM Reasoning: 354

Methods that augment LLM’s reasoning capabili- 355

ties by retrieving relevant information from KGs to 356

answer the query. 357

Evaluation Metrics. We adopt Hits@1 and 358

F1 as our evaluation metrics. Hits@1 measures 359

whether the top-1 generated answer matches any 360

of the ground-truth answers. F1 comprehensively 361

assesses the completeness of the generated answers 362

by considering both precision and recall. Further- 363
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more, since efficiency is a key consideration, we364

also evaluate reasoning efficiency using the average365

number of LLM calls and the average number of366

generated tokens.367

Implementations. To evaluate the generalizabil-368

ity of TAGR, we employ one closed-source LLM369

and two open-source LLMs for the LLM compo-370

nent within TAGR: GPT-4o-mini, Llama-3.1-8B,371

and Qwen2.5-7B (Dubey et al., 2024; Team, 2024;372

Yang et al., 2024a). To enhance their generation373

and execution capabilities, we perform additional374

fine-tuning on two open-source LLMs using 6K375

samples. Since the original KG is excessively large,376

we filter out a significant number of triples based377

on the results generated by TAG. Specific details378

are provided in Appendix B.3.379

5.2 Main Results380

The experimental results for TAGR are presented381

in Table 1. The results show that TAGR outper-382

forms state-of-the-art methods across all datasets,383

achieving relative improvements in Hits@1 of384

0.5%, 1.6%, and 10.5%, respectively. Further-385

more, compared to other methods, TAGR requires386

a significantly lower average number of generated387

tokens from LLMs. These significant improve-388

ments demonstrate the effectiveness and efficiency389

of TAGR. Appendix B provides more experimental390

details.391

5.3 Ablation Study392

We conduct ablation studies on three key compo-393

nents to understand their respective contributions:394

1. KG Filtering. We filter the original KG based395

on each step of MACs to remove a large num-396

ber of irrelevant triples. This ablation is de-397

signed to validate the effectiveness of our pro-398

posed TAG and MACs.399

2. Complete TAG. As TAG is fundamental to400

TAGR, we cannot remove it entirely. There-401

fore, we replace it with an incomplete version402

to demonstrate the contribution of the com-403

plete TAG to the overall performance.404

3. Fine-tuning. The reasoning task in TAGR405

is highly specialized, requiring fine-tuning406

LLMs to adapt. We conduct an experiment to407

investigate the impact of unfine-tuned LLMs408

on TAGR.409

The results of our ablation studies are presented410

in Table 2. Notably, for all experiments, we adopt411

the best hyperparameters for each component. A 412

detailed analysis of them is provided in Section 5.4. 413

Table 2: Ablation studies of TAGR on WebQSP datasets.

Method
WebQSP CWQ

Hits@1 F1 Hits@1 F1

TAGR 93.2 65.7 77.4 46.3

w/o
KG Filtering 72.4 61.7 60.1 43.5
Full TAG 86.6 60.2 70.9 42.4
SFT 82.2 56.1 66.3 39.5

5.4 Further Analysis 414

Impact of TAG Retrieval Breadth. A larger re- 415

trieval breadth for TAG results in the retrieval of 416

more MACs, which expands the execution space 417

for LLMs on the KG. Figure 5 shows the perfor- 418

mance on the three datasets as we vary the TAG’s 419

retrieval breadth. 420

Figure 5: TAGR performance with varying numbers of
MACs.

We represent the retrieval breadth of TAG by the 421

number of MACs. A larger number increases the 422

probability of TAGR generating correct answers, 423

leading to a continuous rise in Hits@1. Conversely, 424

a larger number also increases the likelihood of 425

hallucination during execution on the KG, which 426

can potentially cause the F1 to decrease. 427

Impact of KG Filtering. In the second stage 428

of TAGR, when LLMs execute MACs on the origi- 429

nal KG (containing >1K triples), performance de- 430

grades due to the abundance of irrelevant nodes. 431

To mitigate this, we filter the original KG based 432

on each step of MACs, retaining only the top-k 433

most relevant triples to form a subgraph. Spe- 434

cific details are provided in Appendix B.3. We 435

evaluate TAGR under the original subgraph size 436

(>1K triples) and various reduced subgraph sizes 437

(triples=200/100/50/25). For this experiment, the 438
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TAG is constructed from WebQSP training set. The439

results are shown in Figure 6.440

Figure 6: TAGR performance on WebQSP with KGs of
varying scales.

Impact of TAG Scale. A larger TAG scale441

enables LLMs to generate more comprehensive442

MACs. We design a three-stage experiment where443

we progressively increase the TAG’s scale to inves-444

tigate whether a larger TAG leads to better perfor-445

mance. The results are presented in Figure 7.446

(a) (b)

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. The green
bar shows the third stage, which further incorporates
GrailQA training set.

Figure 7a shows that the number of entities and447

relations within TAG continuously increases as448

training sets expand. The growth rate of ontolo-449

gies is relatively small, as the number ontologies450

in Freebase is finite, limiting the head and tail of451

paths explored by TAGR. In contrast, the growth452

rate of actions is much larger, indicating that TAGR453

explores a wider action space. As the TAG scale454

increases, Figure 7b demonstrates that the perfor-455

mance of TAGR also improves.456

5.5 Out-of-Distribution Performance457

To evaluate TAGR’s question-answering capabil-458

ity on unseen datasets, we conduct cross-dataset459

evaluations. Specifically, we individually construct460

TAGs solely from the training sets of each dataset461

(WebQSP, CWQ, and GrailQA) and evaluate their 462

performance across all three test sets. The results 463

are shown in Figure 8. 464

Figure 8: Cross-dataset evaluation of TAGR.

As shown in Figure 8, no significant “diago- 465

nal advantage” is observed for any metric, which 466

demonstrates the strong generalization capability 467

of TAGR. Moreover, the similar color patterns 468

within each column of heatmaps further indicate 469

that TAGR’s performance is primarily correlated 470

with the inherent difficulty of test sets, rather than 471

specific datasets used for TAG construction. 472

6 Conclusion 473

In this work, we propose TAG, which abstracts 474

fundamental operators from past LLM-KG inter- 475

actions and models them as a graph structure. By 476

introducing a new method for constructing, retriev- 477

ing, and reasoning with TAGs, TAGR shifts the 478

cost of LLMs’ iterative exploration of KGs from 479

traditional approaches to TAGs. This addresses 480

the performance-efficiency trade-off inherent in tra- 481

ditional KG-enhanced LLM reasoning methods. 482

Extensive experimental results demonstrate that 483

TAGR not only achieves state-of-the-art perfor- 484

mance but also significantly enhances KGQA effi- 485

ciency. Furthermore, TAGR’s performance is ex- 486

pected to improve as the TAG scale increases. All 487

of the above demonstrates the effectiveness of both 488

TAG and TAGR. 489

Limitations 490

One limitation of our approach is that the LLM’s 491

exploration on KGs relies on a single-round, seri- 492

alized execution mechanism of MACs. This linear 493

traversal strategy constrains the retrieval space, po- 494

tentially preventing the approach from exploring 495

all relevant reasoning paths and thus impacting the 496

completeness of final answers. However, our ex- 497

perimental results indicate that this single-round 498

exploration mechanism can efficiently and accu- 499

rately locate the correct answer. This confirms the 500

8



approach’s effectiveness and reliability in specific501

scenarios, providing empirical support for its prac-502

tical application value. Another limitation is the503

cold-start problem associated with TAG. The per-504

formance of our approach relies on the past experi-505

ence accumulated within TAG, and significant cold-506

start challenges arise during system initialization507

or when dealing with entirely new domains. When508

past experience is sparse or unavailable, the system509

struggles to provide effective guidance, leading to a510

substantial drop in the LLM’s exploration accuracy.511

Therefore, designing a cold-start strategy for TAG512

presents a promising direction for future research.513
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A TAG Construction748

A.1 Steps749

We use GPT-4o-mini to generate MACs from750

SPARQL, and then post-processing the MACs to751

decompose it into the basic elements that make up752

TAGs. Finally, we combine these elements into753

TAG according to predefined schemas. The entire754

process is illustrated in Algorithm 2.755

Algorithm 2: Constructing TAG from
SPARQL
Input: SPARQL query S; GPT-4o-mini π
Output: TAG T
MACs← π(o | S);
operators← MACs.split;
for oi ∈ operators do

Remove PREFIX;
T ← T ⊕ oi

return T ;

A.2 Case756

Table 3 shows a case of constructing a TAG.757

We first use GPT-4o-mini to extract MACs from758

SPARQL queries, and then use rule-based post-759

processing to extract basic elements of TAG from760

MACs. Finally, we combine these elements into761

TAG according to predefined schemas.762

A.3 Results 763

We construct TAG from training sets of WebQSP, 764

CWQ, and GrailQA, and remove samples whose 765

answers are not entities. The results are shown in 766

Table 4. 767

B Experiments 768

B.1 Datasets 769

WebQSP is a fundamental KGQA benchmark. 770

It evaluates the model’s ability to answer fact- 771

based questions, which typically require retrieving 772

facts from KGs. This dataset provides complete 773

SPARQL queries for its questions, which will be 774

executed on Freebase. 775

CWQ extends complexity beyond WebQSP by 776

introducing questions that require combinatorial 777

reasoning. These issues typically involve mul- 778

tiple constraints, conjunctions, and superlatives, 779

requiring multi-hop reasoning paths on Freebase. 780

This dataset is annotated using complex SPARQL 781

queries to reflect these reasoning structures. 782

GrailQA is a large-scale high-quality dataset 783

built on Freebase, aimed at evaluating the ability 784

of KGQA models at three different levels: previ- 785

ously seen patterns (i.i.d.), new combinations of 786

seen patterns (combinatorial), and completely new 787

domains and relations (zero-shot). 788

The statistics of datasets are shown in Table 5. 789

It is worth mentioning that due to the incomplete- 790

ness of the source KG, the gold answers in some 791

instances may not be present in the KG. Following 792

previous research, we remove these instances from 793

the evaluation (Li et al., 2025). 794

B.2 Baselines 795

We compare TAGR with multiple baselines: 796

1. ReaRev decomposes natural language prob- 797

lems into a set of instructions that serve as 798

guiding sequences for KG traversal, and per- 799

forms reasoning through graph neural net- 800

work (GNN) simulation of breadth first search 801

(BFS) strategy (Mavromatis and Karypis, 802

2022). 803

2. UniKGQA unifies the retrieval and reasoning 804

stages within the same framework to better 805

share semantic matching and information dis- 806

semination capabilities. It effectively allevi- 807

ates the problem of large scale differences be- 808

tween two-stage search spaces and enhances 809
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Table 3: A case of constructing TAG from SPARQL query.

> Step-1: Extract MACs from SPARQL queries through GPT-4o-mini.
Input_Question:
What country does turkey trade with?
Input_SPARQL:
SELECT DISTINCT ?x WHERE
{ FILTER (?x != ns:m.01znc_)
{ ns:m.01znc_ ns:location.statistical_region.places_exported_to ?y .
?y ns:location.imports_and_exports.exported_to ?x . }
UNION
{ ns:m.01znc_ ns:location.statistical_region.places_imported_from ?y .
?y ns:location.imports_and_exports.imported_from ?x . }}
Output_MACs:
Turkey
–>SELECT(DISTINCT ?x)
–>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.01znc_)
–>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,
?x != ns:m.01znc_,
Algeria, Albania ]

> Step-3: Combine elements into TAG according to predefined schemas
Output_Nodes_and_Edges:
• Ontology_Nodes: [Country ]
• Option_Nodes: [SELECT, WHERE_TRI_PATTERN, WHERE_FILTER, UNION ]
• Entity_Nodes: [Turkey, Algeria, Albania ]
• 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,
?x != ns:m.01znc_ ]
• Edges: Automatically complete according to the schema of TAG.
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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 -

Edges
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% - - -

capability sharing between stages through uni-810

fied architecture and abstract subgraph design811

(Jiang et al., 2022).812

3. KD-CoT explicitly integrates factual knowl-813

edge into the reasoning process of CoT to re-814

duce the illusion caused by insufficient knowl-815

edge or erroneous memory in models (Wang816

et al., 2023).817

4. EWEK-QA includes adaptive web search and818

KG fusion. Adaptive web search avoids se-819

mantic fragmentation caused by fixed length820

segmentation by dynamically adjusting text821

truncation points, thereby improving the in-822

tegrity of search content; KG fusion enhances823

the system’s performance in complex reason-824

ing tasks by efficiently encoding structured825

knowledge (Dehghan et al., 2024).826

5. ToG transforms LLM into an agent that inter-827

acts with KGs for collaborative reasoning. It828

is not just about transforming problems into829

queries, but also enabling the model to ac-830

tively search on the KG to gradually explore831

relevant entities and relationships (Sun et al.).832

6. RoG fine-tunes LLM to generate reliable in-833

ference plans. Then these plans are used to834

retrieve specific, factual reasoning path in-835

stances from KG. Finally, the actual retrieved836

path is used for reasoning of the final answer837

(Luo et al., 2024a).838

7. EffiQA first utilizes LLM’s common sense839

ability to explore potential reasoning paths.840

Subsequently, it offloads the semantic pruning841

task to a small plugin model to reduce com- 842

putational overhead. Finally, the exploration 843

results of KG are sent back to LLM for evalu- 844

ation to optimize the decisions of the first two 845

stages (Dong et al., 2025). 846

8. GNN-RAG is a method that combines GNNs 847

with retrieval-augmented generation (RAG) 848

frameworks, aimed at enhancing the reason- 849

ing ability of LLMs in KGQA tasks. This 850

method utilizes GNN to process the complex 851

structural information of KG, while taking 852

advantage of LLM’s language understanding 853

advantages to achieve efficient and accurate 854

question answering (Mavromatis and Karypis, 855

2024). 856

9. KG-Agent first extracts reasoning chains 857

from the KGQA dataset, generates a query 858

path from the question entity to the answer 859

entity through rule matching and BFS, and 860

then converts reasoning chains into a program 861

consisting of a series of function tool calls. 862

Meanwhile, the framework utilizes inference 863

programs to construct instruction datasets 864

for fine-tuning lightweight LLMs (such as 865

LLaMA2-7B) to enhance their reasoning ca- 866

pabilities. During the reasoning process, KG- 867

Agent adopts a knowledge memory mecha- 868

nism to maintain contextual information, in- 869

cluding the problem, tool definition, current 870

KG state, and historical reasoning steps. It in- 871

teracts with the KG through the tool selection 872

planner, gradually updating its memory until 873

answers are obtained (Jiang et al., 2025). 874
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10. DoG allows LLMs to perform step-by-step875

inference directly on KGs, rather than relying876

on external retrievers or complex iterative in-877

structions. The key insight of the study is that878

LLMs excel at generating coherent reason-879

ing steps, while KGs provide structured fac-880

tual connections, which can be deeply fused881

through constraint decoding mechanisms to882

achieve faithful and sound reasoning pro-883

cesses (Li et al., 2025).884

11. GCR integrates LLMs with KGs by building885

a KG-Trie index. KG-Trie encodes the reason-886

ing path of KG and constrains the generation887

of faithful reasoning paths and answers. This888

method combines specific KGs with powerful889

general LLM to improve the reasoning perfor-890

mance of LLMs (Luo et al., 2024b).891

12. KBQA-o1 introduces an intelligent agent892

workflow based on the ReAct framework,893

gradually generating logical forms through894

knowledge base environment exploration. Ad-895

ditionally, by adopting the MCTS heuristic896

search method driven by policy and reward897

models, it balances agent exploration perfor-898

mance with search space. With the heuristic899

exploration mechanism, KBQA-o1 can gener-900

ate high-quality annotated data and continu-901

ously optimize the model through incremental902

fine-tuning. (Luo et al., 2025a).903

Algorithm 3: The specific process of KG
filtering
Input: Original KG G; MACsM;

Embedding model E
Output: Filtered subgraph G∗
G∗ ← ∅;
actions←M.split;
for i ∈ actions do

triplesi ← top-k(E(i,G));
G∗ ← G∗ ∪ triplesi

return G∗;

B.3 KG Filtering904

KG Filtering is an important part of TAGR. In the905

second stage of TAGR, due to the large number of906

triples in the original KG, LLMs will encounter a907

lot of noise when executing MACs in KG. Based908

on the above issues, before the second stage of909

TAGR, we filter the original KG based on each step 910

of MACs, removing a large number of triples. The 911

filtered subgraph is input to TAGR. KG filtering is 912

divided into three steps: 1) Disassemble MACs to 913

obtain semantic information of actions in each step. 914

2) At each step, the embedding model1 is used to 915

calculate the similarity between the action semantic 916

information and each triple in KG, while retaining 917

top-k triples. 3) Combine the reserved top-k triples 918

into a subgraph as the KG required for the sec- 919

ond stage of TAGR. Algorithm 3 demonstrates the 920

specific process of KG filtering. 921

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.

C Prompts 922

The prompts used for TAGR consist of three com- 923

ponents. The first is the prompt for predicting an- 924

swer types using LLMs. The second prompt is 925

1To ensure computational efficiency, we use Fasttext as the
embedding model (Joulin et al., 2017).
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located in the first step of TAGR, which generates926

the corresponding MAC for user questions based927

on MACs in the TAG. The third one is located in928

the second step of TAGR, which is to execute MAC929

in KG to obtain answers. All prompts are shown in930

Figure 9-11.931

D Case Study932

Figure 12 shows two cases in TAGR. The first ques-933

tion is a common sense question that requires real-934

world knowledge to answer. For these questions,935

TAGR can output accurate and complete answers.936

The second question is a highly specialized one,937

which significantly challenges the LLM’s reason-938

ing capability on KG. Although the answer ob-939

tained by TAGR is incomplete, it still accurately940

arrives at the correct answer.941
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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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Question: What 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]

Question: Where 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?y2)

→WHERE_FILTER(?y0!=?y1 &&?y0!=?y2 &&?y1!=?y2)

→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!=?x2 &&?x1!=?x2)

→<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, …]

Common sense question:

Highly specialized question:

Figure 12: Two cases in TAGR.
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