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Abstract

Temporal Knowledge Graph Question An-001
swering (TKGQA) requires reasoning over002
time-dependent facts. However, existing ap-003
proaches suffer from two fundamental limita-004
tions: (1) general-purpose text retrievers of-005
ten fail to properly align entities, relations,006
and temporal constraints in the question with007
relevant TKG facts; and (2) large language008
models (LLMs) remain unreliable in tempo-009
ral reasoning, frequently exhibiting hallucina-010
tions. To address these challenges, we pro-011
pose TempReasoner, a multi-stage framework012
for TKGQA. TempReasoner decomposes com-013
plex temporal questions into structured sub-014
questions, retrieves temporally relevant facts us-015
ing a trained TKG-Retriever, filters noisy facts016
through LLM-generated alignment signals, and017
generates answers along with supporting evi-018
dence set. A dedicated validation module fur-019
ther refines uncertain predictions by issuing ver-020
ification queries, improving both answer accu-021
racy and reliability. Experiments on two widely022
used benchmarks, MultiTQ and CronQuestions,023
show that TempReasoner consistently delivers024
strong performance. In particular, TempRea-025
soner achieves substantial improvements on026
multi-hop temporal questions, demonstrating027
its effectiveness in temporal reasoning and ev-028
idence grounding. Additional analysis further029
confirms the efficiency of its retrieval compo-030
nent and consistent model-agnostic generaliza-031
tion.032

1 Introduction033

Many real-world questions involve explicit or im-034

plicit temporal constraints, requiring accurate rea-035

soning over time. However, current large language036

models (LLMs) remain unreliable when answering037

temporal questions. As illustrated in Figure 1(a),038

directly querying LLMs with temporal questions of-039

ten leads to incorrect answers without background040

knowledge. To better support temporally grounded041

reasoning, the Temporal Knowledge Graph Ques-042

Retrieval & Reasoning 

Direct answer
I’m not able to determine the correct answer without additional context or data.

Question: Who was the first to be endorsed by Mauritania after the mayor of Chile?

I do not know the correct answer because the provided context does not contain 
sufficient information.

Irrelevant Facts

Without TKG knowledge

[1] Mauritania Praise_or_endorse City_Mayor_(Chile) at 2013-10-02
[2] Mauritania Praise_or_endorse Armed_Rebel_(Mali) at 2012-03-14
[3] Mauritania Make_statement Al-Akhbar at 2009-06-29
[4] ... ... Fail to answer complex question

Decomposition & Retrieval & Reasoning 

2013-10-02
 

When did Mauritania endorse the mayor of Chile?
 

Who was the first to be endorsed by Mauritania after 2013-10-02 ?
  [1] Mauritania Express_intent_to_cooperate France at 2013-10-12 
  [2] Mauritania Consult Niger at 2014-10-21 
  [3] Mauritania Engage_in_negotiation China at 2013-11-15 
  [4] ... .. 

Mauritania Praise_or_endorse  High_Commission_for_Refugees  at 2015-06-19
Mauritania Praise_or_endorse Iraq at 2015-03-12

Based on the context, the answer is High_Commission_for_Refugees Hallucination

TempReasoner

Decompose Retrieve Filter Generate Validate

Answer: Iraq

(a)

(b)

(c)

(d)

Figure 1: Illustration of the paradigms in the current
LLM-based TKGQA task. (a) Direct LLM answering.
(b) Retrieval & Reasoning. (c) Decomposition & Re-
trieval & Reasoning. (d) Our proposed TempReasoner

tion Answering (TKGQA) task has been intro- 043

duced, which leverages temporal knowledge graphs 044

(TKGs) as structured background knowledge to rep- 045

resent time-dependent facts and facilitate temporal 046

reasoning (Chen et al., 2024c; Gao et al., 2024; 047

Qian et al., 2024; Gong et al., 2025; QianyiHu 048

et al., 2025). 049

In TKGQA, a straightforward Retrieval & Rea- 050

soning paradigm, as shown in Figure 1(b), is of- 051

ten insufficient for complex multi-hop temporal 052

questions. To mitigate this limitation, several meth- 053

ods (Chen et al., 2024c; Gong et al., 2025) adopt 054

a Decomposition & Retrieval & Reasoning strat- 055

egy that decomposes complex questions into sub- 056

questions, performs retrieval and reasoning for 057

each sub-question, and aggregates the intermediate 058

results to produce the final answer. Although this 059

strategy alleviates the difficulty of complex tempo- 060

ral reasoning to some extent, it still faces several 061

fundamental challenges: 062

Limitations of retrievers for TKGs. TKGs con- 063

tain a large number of semantically similar entities 064

and relations, making it easy for retrieval models 065
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to return many superficially related but ultimately066

irrelevant facts. As illustrated in Figure 1(c), when067

using a general-purpose encoder to retrieve facts068

directly from a question: "Who was the first to be069

endorsed by Mauritania after 2013-10-02?", the re-070

lation should be Praise_or_endorse. However, the071

retrieved results often include semantically prox-072

imate but incorrect candidates: "Mauritania En-073

gage_in_negotiation China at 2013-11-15".074

Limitations of LLMs in generating answers075

for temporal reasoning. Although LLMs have076

demonstrated strong performance across a wide077

range of generation tasks, they still exhibit no-078

table hallucinations in TKGQA. As illustrated079

in Figure 1(c), LLMs generate incorrect conclu-080

sions even when provided with relevant contex-081

tual facts (Mauritania Praise_or_endorse Iraq at082

2015-03-12 in this case). To further investigate083

this limitation, we conducted an experiment using084

GPT-4o-mini1 and DeepSeek-V32. Both models085

were asked to answer first or last temporal ques-086

tions3 based on 100 retrieved facts presented in087

random order. GPT-4o-mini achieved only 36%088

Hits@1 accuracy, while DeepSeek-V3 performed089

slightly better at 48%. These results reveal that090

current LLMs still struggle with reliable temporal091

reasoning even when contextual evidence is pro-092

vided.093

To overcome these challenges, we propose Tem-094

pReasoner, a multi-stage framework for Temporal095

Knowledge Graph Question Answering. TempRea-096

soner follows a staged processing pipeline in which097

each step is handled by a specialized module. The098

framework consists of five core modules: Decom-099

pose, Retrieve, Filter, Generate, and Validate, each100

responsible for a distinct stage in the reasoning101

workflow. This staged design allows the LLM to102

focus more effectively on each subtask, thereby103

reducing hallucinations that often arise when di-104

rectly generating answers to complex temporal105

questions(Zhang and Zhang, 2025).106

We summarize our contributions as follows:107

• We introduce TempReasoner, a multi-stage108

temporal reasoning framework for TKGQA109

that unifies question decomposition, tempo-110

rally aligned retrieval, alignment-based filter-111

ing, controlled answer generation, and answer112

1https://platform.openai.com/docs/models/gpt-4o-mini
2https://github.com/deepseek-ai/DeepSeek-V3
3For example: “Which country was the first/last that China

wanted to cooperate with?”

validation. 113

• We develop a temporal-sensitive and structure- 114

aware TKG-Retriever trained with tempo- 115

rally informed hard negatives. This enables 116

more accurate alignment between question se- 117

mantics, temporal constraints, and TKG facts 118

in the TKGQA task. 119

• Experiments on MultiTQ (Chen et al., 2023) 120

and CronQuestions (Saxena et al., 2021) 121

demonstrate that TempReasoner consistently 122

outperforms strong baselines across multiple 123

evaluation dimensions, with particularly no- 124

table gains on complex temporal questions. 125

2 Related Work 126

Existing approaches to temporal knowledge graph 127

question answering (TKGQA) can be broadly 128

grouped into semantic similarity–based, seman- 129

tic parsing–based, and retrieval-augmented gen- 130

eration methods. 131

Semantic similarity–based methods embed 132

questions and temporal facts into a shared repre- 133

sentation space and perform reasoning via sim- 134

ilarity scoring. Representative works include 135

ExaQT (Jia et al., 2021), LGQA (Liu et al., 136

2023), TwiRGCN (Sharma et al., 2023), as 137

well as language-model-based approaches such 138

as TempoQR (Mavromatis et al., 2022) and Mul- 139

tiQA (Chen et al., 2023). While effective for simple 140

queries, these methods often struggle with complex 141

multi-hop temporal reasoning due to the lack of 142

explicit stepwise inference. 143

Semantic parsing–based methods convert 144

questions into executable logical forms de- 145

fined over temporal operators, exemplified by 146

TEQUILA (Jia et al., 2018), SF-TQA (Ding et al., 147

2022), and Prog-TQA (Chen et al., 2024b). Al- 148

though interpretable, these approaches are sensitive 149

to parsing errors and prone to cascading failures in 150

complex scenarios. 151

Retrieval-augmented generation methods re- 152

trieve relevant temporal facts or subgraphs and 153

rely on LLMs for reasoning and answer genera- 154

tion, including GenTKGQA (Gao et al., 2024), 155

TimeR4 (Qian et al., 2024), ARI (Chen et al., 156

2024c), TempAgent (QianyiHu et al., 2025), and 157

RTQA (Gong et al., 2025). Most existing methods 158

couple retrieval and generation within a single rea- 159

soning loop, with limited mechanisms for explicitly 160
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Question: Who was the first to be endorsed by Mauritania after the mayor of Chile? LLM processing

Tool calling

Retrieve-Module
Rewrite

Retrieve

Decompose-Module
Decompose

Solver Choose

Filter-Module
Align-Signal

Filter

Generate-Module
Generate

The question should be decomposed follow the List-based strategy.

Sub Question 2:  After {Sub Question 1 Answer}, who was the first to 
be endorsed by Mauritania?

Sub Question 1: When did Mauritania endorse the mayor of Chile?

Rewrite the query into a form better aligned with TKG structures.

Retrieval results:
[1] Mauritania Praise_or_endorse City_Mayor_(Chile) at 2013-10-02
[2] Mauritania Praise_or_endorse Armed_Rebel_(Mali) at 2012-03-14
[3] Mauritania Make_statement Al-Akhbar at 2009-06-29
[4] ... ...

Get the align-signal from the given query and retrieval results.

Head: Mauritania  Relation: Praise_or_endorse  Tail: City_Mayor_(Chile)  

Generate the response and the proof of the query from given 
filtered facts

Sub Question 1 Result (raw):  2013-10-02
Evidence: Mauritania Praise_or_endorse City_Mayor_(Chile) at 2013-10-02

This answer do not need validate. The response of sub query 1 is 
2013-10-02.

Filter-Module
Align-Signal

Filter

Rewriter result: (-, -) Mauritania endorse the mayor of Chile at TIME

Rewrite the query into a form better 
aligned with TKG structures.

Rewriter result: (20131002, -) Mauritania 
first endorsed WHO after 20131002

Validate-Module
Validate Query

Validate

Compare

Final Answer  Iraq 

Retrieve-Module
Rewrite

Retrieve

Generate-Module
Generate

Generate the response and the proof of 
 the query from given filtered facts.

Sub Question 2 Result (raw): 
High_Commission_for_Refugees
Evidence: Mauritania Praise_or_endorse  
High_Commission_for_Refugees  at 2015-06-19
  

This answer need validate. 

Take Validate action
Sub Question 2 Result (new): Iraq
Evidence: Mauritania Praise_or_endorse Iraq 
at 2015-03-12

Validate-Module
Validate Query

Validate

Compare

After comparison, the new result is judged to 
be more reasonable than the raw result 
(20150312 < 20150619). Therefore, the final 
answer is: Iraq

Validate Query: WHO first endorsed by 
Mauritania before 20150619 and after 
20131002 ? 

Begin Solve Sub Question 1

Begin Solve Sub Question 2

Figure 2: Overview of the TempReasoner framework. The figure illustrates this complete process on the example
question “Who was the first to be endorsed by Mauritania after the mayor of Chile?”.

validating or correcting erroneous intermediate re-161

sults. In contrast, our work explicitly decomposes162

temporal questions and introduces dedicated fil-163

tering and validation stages to improve reasoning164

reliability.165

3 Method166

3.1 Overview167

We propose TempReasoner, a multi-stage frame-168

work that performs TKGQA through structured169

decomposition, retrieval, filtering, generation, and170

validation. As illustrated in Figure 2, TempRea-171

soner treats the QA task as a multi-stage reasoning172

process to produce a reliable answer.173

The Decompose-Module (Section 3.2) selects174

a List- or Tree-based strategy based on the ques-175

tion type and decomposes the question into sub-176

questions, whose results are later combined ac-177

cording to the selected strategy. The Retrieve-178

Module (Section 3.3) rewrites the question into179

a TKG-compatible query format and retrieves the180

top-K temporal facts using a trained retriever. The181

Filter-Module (Section 3.4) constructs an align-182

ment signal to filter noisy or irrelevant evidence.183

The Generate-Module (Section 3.5) produces a can-184

didate answer based on the filtered facts. Finally,185

the Validate-Module (Section 3.6) generates a vali-186

dation query to assess the correctness of the candi-187

date answer and selects the final answer based on188

validation consistency, thereby improving answer 189

reliability. A detailed illustration of the full algo- 190

rithmic pipeline can be found in Appendix A.1 and 191

we provide task preliminaries in Appendix A.2. 192

Each module in TempReasoner follows a unified 193

design pattern based on LLM-driven reasoning and 194

tool-calling. Details of the module architectures 195

are given in Appendix A.3. 196

3.2 Question-structure–based Decomposition 197

The Decompose-Module is designed to decompose 198

temporal questions into structured sub-questions. 199

We adopt two representative decomposition strate- 200

gies according to question structure: a List-based 201

strategy and a Tree-based strategy. The List-based 202

strategy handles sequential queries that require 203

stepwise inference. For example, in the query 204

“Who was the first to be endorsed by Mauritania af- 205

ter the mayor of Chile?”, one must first determine 206

when Mauritania endorsed the mayor of Chile, and 207

only then answer who was the first after that times- 208

tamp. The Tree-based strategy targets queries that 209

require retrieving multiple partial results in parallel 210

before combining them. For instance, the query 211

“Which country did China wish to meet with in the 212

same month as Japan?” requires retrieving whom 213

China wished to meet and whom Japan wished to 214

meet, and then identifying the entity that satisfies 215

the same-month temporal constraint across both 216

results. We formalize the decomposition process 217
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Table 1: Example of sample construction in TKG-Retriever. The corresponding TKG fact is (Agence_France-Presse,
Praise_or_endorse, Iraq, 2014-10-01). Three query templates are used: the raw-query template, the last-query
template, and the first-query template. Five negative-sample templates are constructed: inv_neg, sim_ent_neg,
sim_rel_neg, temp_last_neg, and temp_first_neg. All examples in the table place WHO in the subject position, and
analogous templates can be constructed by placing WHO in the object position.

query-template query example neg-template neg example

raw-query inv_neg

WHO {r} {o} at {t} ? WHO Praise or endorse Iraq at 2014-10-01 ?

{o} {r} {s} at {t} Iraq Praise_or_endorse Agence_France-Presse at 2014-10-01
sim_ent_neg
{ssim} {r} {o} at {t} Government_(France) Praise_or_endorse Iraq at 2014-10-01
sim_rel_neg
{s} {rsim} {o} at {t} Agence_France-Presse Make_optimistic_comment Iraq at 2014-10-01

last-query temp_last_neg
WHO last {r} {o} before {t+ 1} ? WHO last Praise or endorse Iraq before 2014-10-02 ? {ssim} {r} {o} at {< t} Government_(France) Praise_or_endorse Iraq at 2014-09-20
first-query temp_first_neg
WHO first {r} {o} after {t− 1} ? WHO first Praise or endorse Iraq after 2014-9-30 ? {ssim} {r} {o} at {> t} Civil_Service_(France) Praise_or_endorse Iraq 2014-10-07

as:218

(q1, q2, . . . ) = DecomposeModule(Q,P, S),

S ∈ {List-based,Tree-based},
(1)219

where Q denotes the original input question, P220

represents the instruction prompt used to guide the221

LLM-based decomposition process, S indicates222

the decomposition strategy, and qi is the i-th sub-223

question produced by the Decompose-Module.224

3.3 TKG-aware Retrieval225

The Retrieve-Module treats the question as a query226

and retrieves relevant facts from the TKG. General-227

purpose retrievers such as BGE-M3 (Chen et al.,228

2024a) often misalign entities or relations and fail229

to recognize temporal constraints embedded in230

queries. To mitigate these limitations, we design231

a retrieval pipeline that explicitly accounts for the232

structural and temporal characteristics of TKGs.233

Structure-aligned rewrite. Each question is234

rewritten into a format that is aligned with the235

canonical quadruple structure used in temporal236

knowledge graphs. The rewritten query consists237

of (1) a temporal-constraint component that ex-238

tracts explicit time bounds and restricts retrieval239

accordingly, and (2) a textual component where240

TIME and WHO denote unspecified timestamps and241

entities. Temporal operators such as first/last242

and before/after are preserved to guide later re-243

trieval. For example, the question “Who was the244

first that China wanted to negotiate with after245

20141010?” becomes “(20141010,−) China first246

want_to_negotiate_with WHO after 20141010,”247

where (20141010,−) restricts retrieval to facts oc-248

curring strictly after the specified date. This step249

facilitates better alignment between the question250

and the TKG storage format, thereby reducing se-251

mantic drift.252

TKG-Retriever. To further enhance retrieval ac- 253

curacy, we train a TKG-Retriever that incorpo- 254

rates semantic similarity and temporal order. We 255

construct harder negative pairs that enforce fine- 256

grained semantic and temporal discrimination in- 257

stead of random negatives such as (Qian et al., 258

2024). For each entity e and relation r, we gather 259

sets of semantically similar entities esim and rela- 260

tions rsim. We introduce a residual quantization 261

method for efficiently identifying semantically sim- 262

ilar entities; details are provided in Appendix A.4. 263

Given a fact (s, r, o, t), its query is treated as a 264

positive instance, and multiple hard negatives are 265

constructed, including: (i) inv_neg: swapping sub- 266

ject and object, (ii) sim_ent_neg: replacing the 267

subject with an entity from esim, (iii) sim_rel_neg: 268

replacing the relation with one from rsim. 269

To encode temporal sensitivity, we extend the 270

raw-query template to last-query and first-query 271

variants by injecting operators (last/before or 272

first/after) and shifting timestamps to t+1 or t−14. 273

Corresponding temporal negatives (temp_last_neg, 274

temp_first_neg) substitute the subject with a similar 275

entity and assign timestamps < t or > t. These 276

negatives encourage the retriever to jointly model 277

entity identity, relation semantics, and chronologi- 278

cal ordering. 279

For each fact, we construct Nneg hard negatives, 280

and treat other samples within the batch as in-batch 281

negatives. The TKG-Retriever is trained using an 282

InfoNCE loss L: 283

Z = exp(sim(q, p)/τ) + exp(sim(q, nhard)/τ)

+
∑

b∈Nbatch

exp(sim(q, b)/τ),

L = − log
exp(sim(q, p)/τ)

Z
,

(2) 284

4e.g., 2014-10-01 + 1→ 2014-10-02
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where q denotes the embedding of the rewritten285

query, p is the embedding of its corresponding286

positive TKG fact, nhard denotes one of the con-287

structed hard negative samples, and Nbatch denotes288

the set of in-batch negative samples within the same289

training batch. The function sim(·, ·) measures the290

similarity between two embeddings (e.g., cosine291

similarity), and τ is the temperature coefficient.292

For each rewritten query, we apply the trained293

TKG-Retriever to obtain facts aligned with both its294

semantic content and temporal constraints. The re-295

trieved evidence is then passed to the Filter-Module296

for further noise reduction.297

3.4 Alignment-based Filtering298

The Filter-Module is designed to mitigate noise299

in the facts retrieved by the retriever. Prior ap-300

proaches either directly feed raw retrieved facts301

into the LLM (Gong et al., 2025) or apply a rerank-302

ing step (Qian et al., 2024). However, these meth-303

ods often lack explicit mechanisms to reliably filter304

irrelevant evidence, which may still mislead the305

LLM during reasoning.306

To address this issue, the Filter-Module con-307

structs an alignment signal from the retrieved evi-308

dence and applies it to filter noisy facts, producing309

a denoised evidence set. As illustrated in Figure 2,310

consider the sub-question #1: “When did Mauri-311

tania endorse the mayor of Chile?”. In this case,312

the question implies a target relation correspond-313

ing to Praise_or_endorse, with Mauritania as the314

subject. However, the raw retrieved set contains315

semantically related but irrelevant facts, such as316

(Mauritania, Make_statement, Al-Akhbar, 2009-06-317

29).318

The Filter-Module generates an alignment signal319

based on the top-n retrieved facts and uses this sig-320

nal to exclude such noisy evidence. One example of321

a generated alignment signal for this sub-question322

is shown below:323

Alignment.Head: Mauritania
Alignment.Relation: Praise_or_endorse

Alignment.Tail: ?
324

After filtering, only the most relevant fact (Mau-325

ritania, Praise_or_endorse, City_Mayor_(Chile),326

2013-10-02) is retained, providing cleaner and327

more reliable input for subsequent answer genera-328

tion. This filtering step reduces the impact of irrele-329

vant evidence and helps alleviate error propagation330

and hallucinations in later stages. Additional imple-331

mentation details of the Filter-Module are provided 332

in Appendix A.5. 333

3.5 Controlled Answer Generation 334

The Generate-Module is responsible for produc- 335

ing a candidate answer for each sub-question after 336

retrieval and filtering. Given a sub-question qi pro- 337

duced by the Decompose-Module and a filtered fact 338

set Fi returned by the Filter-Module, the Generate- 339

Module generates an answer together with a sup- 340

porting evidence set, which consists of a subset of 341

facts from Fi that the model identifies as evidence 342

for the generated answer. 343

We formalize the behavior of the Generate- 344

Module as the following mapping: 345

(ai, f̂i) = GenerateModule(qi,Fi,ΘLLM), (3) 346

where qi denotes the i-th sub-question, Fi = 347

{f1, f2, . . . , fm} is the filtered fact set aligned with 348

qi, and ΘLLM represents the parameters of the LLM 349

used for answer generation. The output ai is a raw 350

candidate answer for the sub-question, and f̂i ⊆ Fi 351

denotes the set of supporting facts selected by the 352

model as evidence for ai. 353

Although the Generate-Module produces an an- 354

swer candidate, it does not guarantee correctness or 355

optimality. Instead, answer reliability is achieved 356

through the upstream constraints imposed by re- 357

trieval and filtering, and is further refined by the 358

downstream Validate-Module, which explicitly ver- 359

ifies and revises uncertain predictions. 360

3.6 Answer Validation and Self-Correction 361

The Validate-Module assesses whether a candidate 362

answer ai generated for a sub-question qi requires 363

further verification. Given qi, its generated answer 364

ai, and the associated supporting facts f̂i, the mod- 365

ule first examines whether ai is sufficiently sup- 366

ported by f̂i and satisfies the temporal and rela- 367

tional constraints specified in qi. If the retrieved 368

evidence is consistent with the query constraints, 369

no additional validation is performed. 370

When the support for ai is insufficient or ambigu- 371

ous, the Validate-Module constructs a validation 372

query that explicitly re-examines the temporal and 373

relational conditions implied by the candidate an- 374

swer. Importantly, this validation query is designed 375

to challenge the current answer by imposing stricter 376

or counterfactual temporal constraints, rather than 377

reinforcing the original prediction. 378

As illustrated in Figure 2, for the sub-question 379

“Mauritania first endorsed WHO after 20131002”, 380
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the module formulates a validation query based on381

the raw answer: “WHO was first endorsed by Mau-382

ritania after 20131002 and before 20150619?”.383

This query is processed through the same Retrieve–384

Filter–Generate pipeline to obtain an alternative385

candidate answer âi.386

The final answer is selected as:387

a∗i = Select(ai, âi), (4)388

where the selection function prefers the answer389

that is more strongly supported by retrieved ev-390

idence and better satisfies the imposed temporal391

constraints.392

Overall, the Validate-Module serves as a second-393

pass temporal verifier that explicitly re-evaluates394

uncertain predictions under stricter constraints, en-395

abling self-correction and improving answer relia-396

bility without assuming the initial generation to be397

correct.398

4 Experiments399

4.1 Datasets and Baselines400

We evaluate TempReasoner on two widely used401

TKGQA benchmarks: MultiTQ (Chen et al., 2023)402

and CronQuestions (Saxena et al., 2021). Dataset403

statistics are provided in Appendix A.6.404

We select a set of representative baselines for405

comparison, which can be broadly categorized406

into three groups: (1) PLM-based methods, in-407

cluding BERT(Kenton and Toutanova, 2019), AL-408

BERT(Lan et al.), and DistilBERT(Sanh, 2019).409

(2) Embedding-based methods, such as Embed-410

KGQA(Saxena et al., 2020), CronKGQA(Saxena411

et al., 2021), and MultiQA(Chen et al., 2023).412

(3) LLM-based methods, which can be further413

divided into two subcategories: models that di-414

rectly rely on LLMs to produce answers, includ-415

ing LLaMA2 and ChatGPT and models that in-416

corporate knowledge graph information into LLM417

reasoning, including KG-RAG, CoT(Wei et al.,418

2022), ReAct(Yao et al., 2022), ARI(Chen et al.,419

2024c), RTQA(Gong et al., 2025), and TempA-420

gent(QianyiHu et al., 2025). For several baselines,421

we report results following (Chen et al., 2024c) and422

(Gong et al., 2025).423

4.2 Implementation Details424

For training the TKG-Retriever, we fine-tune BGE-425

M3 (Chen et al., 2024a) as the base encoder. The426

model is trained on two NVIDIA A800 GPUs427

(80GB memory each), after which we build the428

retrieval index using FAISS Library (Johnson et al., 429

2019) for efficient similarity search. For each 430

quadruple, we construct Nneg = 10 negatives: five 431

with WHO in the subject position and five in the ob- 432

ject position. 433

During evaluation, we employ the DeepSeek- 434

V3 model via the DeepSeek API5 as the backbone 435

LLM for all agents. The retrieval context size is set 436

to 100 facts, while the Filter-Module uses the top 437

20 retrieved facts to construct the filter alignment 438

signals. We follow the data preprocessing as (Chen 439

et al., 2024c). Model performance is evaluated 440

using Hits@1, which measures the percentage of 441

questions whose top-ranked prediction matches the 442

ground-truth answer. 443

4.3 Main Results 444

Model Overall Question Type Answer Type

Multiple Single Entity Time

BERT 0.083 0.061 0.092 0.101 0.040
DistilBERT 0.083 0.074 0.087 0.102 0.037
ALBERT 0.108 0.086 0.116 0.139 0.032

EmbedKGQA 0.206 0.134 0.235 0.290 0.001
CronKGQA 0.279 0.134 0.337 0.328 0.156
MultiQA 0.293 0.159 0.347 0.349 0.157

LLaMA2 0.185 0.101 0.220 0.239 0.055
ChatGPT 0.102 0.077 0.147 0.137 0.020
ARI 0.380 0.210 0.680 0.394 0.344
TimeR4 0.728 0.335 0.887 0.639 0.945
TempAgent 0.702 0.316 0.857 0.624 0.870
RTQA 0.765 0.424 0.902 0.692 0.942

TempReasoner 0.805 0.631 0.875 0.765 0.899

Table 2: Performance of Hits@1 on the MultiTQ
dataset. Bold numbers denote the best performance,
and underlined numbers denote the second-best perfor-
mance in each column.

We present the comparative results of TempRea- 445

soner against baseline models on the MultiTQ and 446

CronQuestions datasets in Table 2 and Table 3 re- 447

spectively. Specifically, TempReasoner achieves 448

consistently strong results across both MultiTQ and 449

CronQuestions. 450

On MultiTQ, TempReasoner obtains an Over- 451

all Hits@1 of 0.805, outperforming the strongest 452

prior baseline RTQA. When examining question 453

types, TempReasoner achieves 0.631 on Multiple 454

questions, with the latter representing a large im- 455

provement of 20.7 percentage points over the previ- 456

ous best model. Multi-hop temporal queries often 457

require chaining multiple temporal conditions or 458

5DeepSeek-V3-250324
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Model Overall Question Type Answer Type

Simple Complex Entity Time

BERT 0.243 0.249 0.239 0.277 0.179
ALBERT 0.248 0.255 0.235 0.279 0.177

EmbedKGQA 0.288 0.290 0.286 0.411 0.056
CronKGQA 0.647 0.987 0.392 0.699 0.549

ChatGPT 0.249 0.250 0.247 0.246 0.253
KG-RAG 0.490 0.460 0.518 0.470 0.520
CoT 0.640 0.690 0.610 0.620 0.660
ReAct 0.685 0.835 0.525 0.650 0.755
ARI 0.707 0.860 0.570 0.660 0.800
TempAgent 0.842 0.895 0.640 0.805 0.921

TempReasoner 0.850 0.919 0.799 0.846 0.857

Table 3: Performance of Hits@1 on the CronQues-
tions. Bold numbers denote the best performance,
and underlined numbers denote the second-best perfor-
mance in each column.

selecting entities under strict ordering constraints,459

and TempReasoner’s improvements in this cate-460

gory highlight its enhanced reasoning capability.461

In terms of answer types, TempReasoner reaches462

0.765 on Entity questions and 0.899 on Time ques-463

tions. The improvement of 7.3 percentage points464

on Entity answers is notable, as most multi-hop465

temporal questions require identifying the correct466

entity.467

On CronQuestions, TempReasoner also468

achieves strong overall performance, with an Over-469

all Hits@1 of 0.850, outperforming all baseline470

models. TempReasoner performs consistently well471

across these settings, reaching 0.919 on Simple472

questions and 0.799 on Complex questions. In473

particular, its performance on Complex questions474

shows a clear advantage over prior methods,475

exceeding the next-best model (TempAgent) by476

nearly 16 percentage points. This result indicates477

that TempReasoner is more effective at handling478

multi-hop reasoning under temporal constraints.479

For answer types, TempReasoner achieves Hits@1480

scores of 0.846 on Entity questions and 0.857481

on Time questions, again demonstrating strong482

improvements over the baselines.483

In addition, TempReasoner performs slightly484

worse than some baselines, particularly for ques-485

tions with time as the final answer. This perfor-486

mance gap is mainly attributed to occasional er-487

rors in temporal expression generation by the LLM.488

Even when the retrieved evidence is correct, the489

model may produce natural language expressions490

(e.g., January) instead of the required normalized491

time format (e.g., 2014-01), which leads to mis- 492

matches under strict evaluation. 493

4.4 Ablation Study 494

We further conduct ablation studies to evaluate 495

the contribution of each module in our framework. 496

Since the MultiTQ test set is extremely large, we 497

randomly sample 1,000 questions as the ablation 498

benchmark and rerun our base model. The results 499

are summarized in Table 4. 500

Effect of the Decompose-Module. The w/o Dec. 501

variant represents a setting in which questions are 502

processed in their original form, without decom- 503

position. The performance drops by 17.9% on the 504

overall score and exhibits a substantial 43.2% de- 505

crease on complex Multiple questions. This demon- 506

strates that the decomposition strategies employed 507

by the Decompose-Module are crucial for solving 508

multi-hop temporal reasoning problems. 509

Effect of the Retrieve-Module and Filter- 510

Module. The w/o Ret. variant retrieves context 511

using the BGE-M3 encoder with FAISS instead of 512

proposed Retrieve-Module + Filter-Module . This 513

variant shows consistent degradation across all met- 514

rics, with an overall drop of 30.1%, highlighting 515

that our structure-aligned retrieval combined with 516

temporal filtering is significantly more effective at 517

extracting relevant temporal facts from the TKG. 518

Effect of the Validate-Module. The w/o Val. 519

variant represents a configuration in which the 520

LLM-generated answers are used directly with- 521

out verification. This leads to an 8.3% decrease 522

on the overall score. Notably, compared with the 523

moderate drop on equal questions (-4.3%), perfor- 524

mance decreases much more sharply on stricter 525

temporal constraints such as after_first (-20.9%) 526

and before_last (-13%). These results indicate that 527

the Validate-Module effectively identifies and cor- 528

rects erroneous LLM outputs, especially under fine- 529

grained temporal reasoning conditions. 530

5 Further Analysis 531

To better understand the behavior and generaliza- 532

tion properties of TempReasoner, we conduct a se- 533

ries of further analyses from both the model and re- 534

trieval perspectives. In addition, we provide a case 535

study of representative questions in Appendix A.7. 536
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Overall answer type qtype qlabel

entity time after_first before/after before_last first/last equal eq_multi multiple single

TempReasoner 0.823 0.793 0.893 0.583 0.850 0.678 0.913 0.909 0.709 0.646 0.894

w/o Dec. 0.644 0.548 0.863 0.261 0.670 0.104 0.903 0.853 0.345 0.214 0.815
w/o Ret. 0.522 0.447 0.694 0.304 0.450 0.391 0.636 0.678 0.200 0.319 0.628
w/o Val. 0.740 0.679 0.879 0.374 0.735 0.548 0.887 0.866 0.673 0.502 0.835

Table 4: Ablation study on the MultiTQ dataset. Bold numbers denote the best performance; underlined numbers
denote the second-best performance in each column.
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0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Hi
t@

1

GPT-4o-mini
GPT-5
Deepseek-V3
Qwen2.5-32B

Figure 3: Performance comparison across different
LLMs on four question types.

5.1 Performance of different LLMs537

To further examine the adaptability of Tem-538

pReasoner, we evaluated our framework us-539

ing four LLMs ranging across different model540

scales: DeepSeek-V3, GPT-4o-mini, GPT-5, and541

Qwen2.5-32B. The results are shown in Figure 3542

indicate that models with stronger reasoning ca-543

pabilities generally achieve higher performance544

across all task types. Nevertheless, TempRea-545

soner still maintains strong performance even when546

paired with comparatively weaker models such547

as GPT-4o-mini and Qwen2.5-32B. This suggests548

that our framework is adaptable and can generalize549

across different LLM backbones.550

5.2 Performance of different Retrievers551

To evaluate the effectiveness of the proposed TKG-552

Retriever, we compare it with two widely used text553

retrievers, BGE-M3 and Sentence-BERT (Reimers554

and Gurevych, 2019). All retrievers encode TKG555

facts and build FAISS indexes over their vector rep-556

resentations, and candidate facts are retrieved from557

the corresponding index for each query. Retrieval558

effectiveness is measured by the average rank of559

the ground-truth fact in the retrieved list, where a560

lower rank indicates better retrieval quality.561

As shown in Figure 4, the TKG-Retriever con-562
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Figure 4: Comparison of retrieval performance between
different retrievers.

sistently outperforms both BGE-M3 and Sentence- 563

BERT across all evaluation settings. The perfor- 564

mance gap is particularly pronounced for queries 565

involving temporal constraints such as before/after 566

and last/first, where sensitivity to temporal order- 567

ing is crucial. These results demonstrate that the 568

proposed TKG-Retriever achieves more reliable 569

temporal fact retrieval on TKGs. 570

6 Conclusion 571

We presented TempReasoner, a multi-stage frame- 572

work for TKGQA that integrates question de- 573

composition, TKG-aware retrieval, alignment- 574

based filtering, controlled answer generation, and 575

verification-based validation. By explicitly structur- 576

ing the temporal reasoning process, TempReasoner 577

addresses the limitations of general-purpose retriev- 578

ers and mitigates temporal hallucination issues in 579

LLMs. Experiments on MultiTQ and CronQues- 580

tions demonstrate consistent improvements across 581

all evaluation settings, with particularly strong 582

gains on complex multi-hop temporal queries. Ad- 583

ditional analyses further demonstrate the effective- 584

ness of the proposed TKG-Retriever and the frame- 585

work’s ability to generalize across different LLM 586

backbones. Overall, TempReasoner provides a 587

principled approach for combining structured tem- 588

poral reasoning with LLMs for TKGQA. 589
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Limitations590

While TempReasoner demonstrates strong perfor-591

mance on complex temporal question answering, it592

still has several limitations.593

First, the proposed framework primarily operates594

at the level of individual temporal facts (quadru-595

ples) during retrieval and reasoning. Although the596

multi-stage design effectively mitigates noise and597

temporal misalignment, it does not explicitly ex-598

ploit the global topological structure of temporal599

knowledge graphs, such as multi-hop connectivity600

patterns or path-level dependencies. As a result,601

certain forms of structural reasoning that rely on ex-602

plicit graph traversal or subgraph-level aggregation603

are not directly modeled.604

Second, TempReasoner relies on LLMs to per-605

form key intermediate steps, including question de-606

composition and alignment signal induction. While607

the downstream filtering and validation modules608

substantially reduce error propagation, imperfect609

decomposition or signal generation may still affect610

performance in some cases, particularly for ques-611

tions with highly implicit temporal constraints.612

In many real-world applications, temporally613

grounded knowledge is primarily stored in un-614

structured documents rather than explicit tempo-615

ral knowledge graph form, and such data often616

contains substantial noise. An important direction617

for future work is to efficiently construct temporal618

knowledge graphs from noisy temporal documents619

and perform retrieval and reasoning over the result-620

ing structured graphs.621

Ethics Statement622

All steps and data described in our paper follow the623

ACL Ethics Policy6.624
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A Appendix759

A.1 Algorithm of TempReasoner760

Algorithm 1: TempReasoner: A Multi-
Stage Framework for TKGQA

Input: Temporal Knowledge Graph G, query Q
Output: Final answer A

1 Step 1: Query Decomposition;
2 Obtain instruction prompt P;
3 (q1, q2, . . . , qn), S = Decompose-Module(Q,P);
// S ∈ {List-based, Tree-based}

4 Step 2: Sub-query Solving;
5 for i = 1 to n do

// (a) Temporal-aware retrieval
6 Ri = Retrieve-Module(qi,G);

// (b) Structure-guided filtering
7 Fi = Filter-Module(qi,Ri);

// (c) LLM-based answer generation

8 (ai, f̂i) = Generate-Module(qi,Fi);
// ai = answer, f̂i = supporting

evidence set
// (d) Optional validation

9 if IsReliable(ai, f̂i) then
10 âi ← ai;
11 else
12 q̂i ← ConstructValidateQuery(Q, ai, f̂i);
13 âi = Validate-Module(q̂i);

14 Step 3: Answer Aggregation;
15 if S is List-based then
16 A = SequentialCombine(â1, . . . , ân);

17 else
18 A = ParallelMerge({âi}ni=1);

19 return A;

A.2 Preliminary761

A Temporal Knowledge Graph (TKG) is defined as762

G = {(s, r, o, t)} ⊆ E ×R× E × T , where E de-763

notes the set of entities, R the set of relations, and764

T the set of timestamps. Each quadruple (s, r, o, t)765

represents a temporal fact, indicating that entity s766

is connected to entity o by relation r at time t.767

Temporal Knowledge Graph Question Answer-768

ing (TKGQA) aims to answer a temporal query Q769

by retrieving relevant facts from the TKG. Queries770

may range from simple one-hop questions, such771

as “When did Indonesia want to make a visit to772

China?”, to complex multi-hop questions, such as773

“Which country was the first that China wanted to774

cooperate with after Indonesia?”. The answers775

may involve either a timestamp or an entity.776

A.3 Module Architecture777

We construct all modules following a general pat-778

tern. Each module consists of two components: an779

LLM processing component and a tool-calling com- 780

ponent. The LLM processing component includes 781

the task instruction, few-shot exemplars, input for- 782

matting, and output specification. The tool-calling 783

component allows the LLM to invoke external tools 784

depending on the functional requirement of the 785

module. For example, the Retrieve-Module calls 786

the retriever to obtain relevant temporal facts, while 787

the Filter-Module invokes the filtering tool to refine 788

the retrieved facts. 789

A.4 Semantic Similarity Dictionary via 790

RQ-KMeans 791

To efficiently obtain semantically similar entities 792

and relations in the TKG, we construct a similarity 793

dictionary using a Residual Quantization K-Means 794

(RQ-KMeans) framework. The procedure consists 795

of three steps. 796

(1) Encoder-based representation. We first en- 797

code every entity and relation using a pretrained 798

encoder E(·). For an entity or relation x, its embed- 799

ding is: 800

hx = E(x) ∈ Rd. (5) 801

(2) Multi-level residual quantization. We apply 802

RQ-KMeans to build a hierarchical codebook of 803

size: 804

ℓ1 × ℓ2 × ℓ3, 805

where ℓi is the number of cluster centers at level i. 806

For each level, residual quantization is performed 807

as: 808
r(1)x = hx,

c(1)x = argmin
c∈C1

∥r(1)x − c∥2,

r(2)x = r(1)x − c(1)x ,

c(2)x = argmin
c∈C2

∥r(2)x − c∥2,

r(3)x = r(2)x − c(2)x ,

c(3)x = argmin
c∈C3

∥r(3)x − c∥2,

(6) 809

where Ci denotes the i-th level K-Means codebook. 810

Thus each entity or relation x is assigned a semantic 811

code: 812

sid(x) = (c(1)x , c(2)x , c(3)x ). (7) 813

(3) Prefix-based semantic similarity. Two enti- 814

ties or relations x and y are considered semantically 815

similar if their semantic codes share a prefix: 816

prefixk(sid(x)) = prefixk(sid(y)), k ∈ {1, 2, 3}.
(8) 817
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Retrieval results (100 facts):
  [1] Court_Judge_(Malaysia) Make_statement Malaysia at 2007-12-06 
  [2] Court_Judge_(Malaysia) Make_statement Malaysia at 2007-12-07 
  [3] Foreign_Affairs_(Malaysia) Make_statement Malaysia at 2007-12-04 
  [4] Police_(Malaysia) Make_statement Malaysia at 2007-12-04 
  [5] Police_(Malaysia) Make_statement Malaysia at 2007-12-08 
   ......
   ......
  [16] Vietnam Host_a_visit Malaysia at 2007-12-12 
  [17] A.K._Antony Make_a_visit Malaysia at 2008-01-06 
  [18] Muhammad_Ameen Make_statement Malaysia at 2007-11-21 
  [19] National_Front_Malaysia Make_a_visit Malaysia at 2008-12-15 
  [20] Thailand Make_a_visit Malaysia at 2014-12-01 
   ......
   ......
  [100] Representatives_(Malaysia) Make_statement Malaysia at 2007-12-14 

Filter-Module

Align-Signal

Filter

Who visit Malaysia after 2007-11-15?  

top-20 facts

ROLE
- You are an Entity & Relation Selector for Temporal-KG  alignment.
Get the alignment-signal from the given query and retrieval results.
......

LLM output:
Alignment.head: ?
Alignment.relation: Make_a_visit
Alignment.tail: Malaysia

all facts

49 facts after filtering:
  [1] Moro_Islamic_Liberation_Front Make_a_visit Malaysia at 2007-12-31 
  [2] A.K._Antony Make_a_visit Malaysia at 2008-01-05 
  [3] A.K._Antony Make_a_visit Malaysia at 2008-01-06 
  [4] Thailand Make_a_visit Malaysia at 2014-12-10 
  [5] National_Front_Malaysia Make_a_visit Malaysia at 2008-12-15 
  [6] Thailand Make_a_visit Malaysia at 2014-12-01 
  [7] Thailand Make_a_visit Malaysia at 2014-12-02 
  ....
  ....
  [49] Lee_Myung_Bak Make_a_visit Malaysia at 2010-12-11 

Figure 5: Illustration of Filter-Module.

A larger shared prefix (e.g., first two or all three818

levels) implies stronger semantic closeness.819

This RQ-KMeans–based construction enables820

efficient lookup of semantically similar entities and821

relations, providing a scalable and accurate mecha-822

nism for supporting the hard-negative construction823

used by our TKG-Retriever.824

A.5 Details of Filter-Module825

Figure 5 provides a concrete example of how the826

Filter-Module operates for the question “Who vis-827

ited Malaysia after 2007-11-15?”. The retriever828

first returns the top 100 facts whose textual sur-829

face matches portions of the query. However,830

many of these results correspond to semantically831

unrelated relations such as Make_statement or832

entities that only contain the token “Malaysia”833

in their names (e.g., Court_Judge_(Malaysia),834

Police_(Malaysia)), rather than actual “visiting”835

events. This illustrates a common failure mode836

of TKG retrieval: high lexical similarity but low837

semantic alignment.838

To refine this noisy candidate set, the Filter-839

Module first extracts the top-k retrieved facts and840

presents them to the LLM, asking it to infer an841

alignment signal. This signal captures the essen-842

tial structural constraints that any valid support-843

ing fact should satisfy. In this example, the LLM844

determines that the question requires facts match-845

ing the pattern: (head, Make_a_visit, Malaysia,846

time), where the head entity is unknown (null),847

the relation must correspond to the action “visit”848

(identified as Make_a_visit), and the tail must be849

Malaysia. This signal represents the LLM’s dis-850

tilled understanding of which entities and relations851

are semantically compatible with the question in-852

tent. 853

Once the alignment signal is obtained, the mod- 854

ule applies it to all retrieved facts—including those 855

beyond the top-k—to perform structured filtering. 856

Any fact whose entity or relation does not match the 857

inferred signal is removed. As shown in the figure, 858

facts involving relations such as Make_statement 859

or tail entities unrelated to Malaysia are eliminated. 860

After filtering, the candidate set is reduced from 861

100 facts to 49 high-quality facts, all of which corre- 862

spond to genuine “visit Malaysia” events occurring 863

after the specified date. This denoised evidence 864

set preserves only semantically aligned temporal 865

facts, enabling subsequent modules to reason over 866

precise and relevant information rather than being 867

distracted by irrelevant or misleading evidence. 868

This structured filtering process is crucial for 869

mitigating semantic drift in retrieval and signifi- 870

cantly improves the quality of evidence provided 871

to downstream reasoning modules. 872

A.6 Details of Dataset 873

MultiTQ. MultiTQ is a large-scale temporal 874

question answering dataset that incorporates multi- 875

granularity temporal information. It provides a 876

comprehensive evaluation protocol across several 877

dimensions: Question Type (Multiple vs. Single), 878

Answer Type (Entity vs. Time), and Time Granu- 879

larity (year, month, and day). The detailed statistics 880

of MultiTQ are presented in Table 5. 881

CronQuestions. CronQuestions is a large-scale 882

temporal QA benchmark consisting of 410K 883

unique question–answer pairs with annotated enti- 884

ties and timestamps. Questions in CronQuestions 885

can be grouped into two major categories: simple 886
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Type Train # Valid # Test #

Single
Equal 135,890 18,983 17,311
Before/After 75,340 11,655 11,073
First/Last 72,252 11,097 10,480

Multiple
Equal Multi 16,893 3,213 3,207
After First 43,305 6,499 6,266
Before Last 43,107 6,532 6,247

Total 386,787 587,979 54,584

Table 5: Dataset Statistics of MultiTQ.

temporal reasoning (e.g., Simple Entity and Sim-887

ple Time) and complex temporal reasoning (e.g.,888

Before/After, First/Last, and Time-Join queries),889

depending on the temporal constraints involved.890

The detailed statistics of MultiTQ are presented in891

Table 6.892

Category Train # Valid # Test #

Simple Entity 90,651 7,745 7,812
Simple Time 61,471 5,197 5,046
Before/After 23,869 1,982 2,151
First/Last 118,556 11,198 11,159
Time Join 55,453 3,878 3,832

Simple Reasoning 152,122 12,942 12,858
Complex Reasoning 197,878 17,058 17,142

Entity Answer 225,672 19,362 19,524
Time Answer 124,328 10,638 10,476

Total 350,000 30,000 30,000

Table 6: Dataset Statistics of CronQuestions.

A.7 Case Study893

Step-by-step Visualization As illustrated in Fig-894

ure 6, we take the temporal question “Who was the895

first to visit Iraq after the Belgian Ministry?” as896

an example and present the key intermediate out-897

puts produced by each module. This step-by-step898

visualization clearly demonstrates how TempRea-899

soner, through the coordinated interaction of its900

multi-stage modules, progressively identifies the901

relevant evidence and ultimately arrives at the cor-902

rect answer.903

Specifically, The first sub-question aims to iden-904

tify the time at which the Belgian Ministry vis-905

ited Iraq. The Retrieve-Module rewrites the query906

into a TKG-compatible form and retrieves multi-907

ple candidate facts, many of which involve seman-908

tically related but irrelevant entities. The Filter-909

Module then performs entity–relation alignment,910

retaining only facts consistent with the inferred911

alignment constraints (i.e., Ministry_(Belgium),912

Make_a_visit, and Iraq). Based on the filtered evi- 913

dence, the Generate-Module produces the answer 914

2009-06-04 together with its supporting fact. Since 915

the retrieved evidence fully satisfies the temporal 916

and relational constraints of the sub-question, the 917

Validate-Module determines that no further verifi- 918

cation is required and accepts the result as a reliable 919

temporal anchor. 920

Using this inferred timestamp, the second sub- 921

question is reformulated to identify entities that 922

visited Iraq after 2009-06-04. The retriever again 923

collects candidate facts that satisfy the temporal 924

constraint, including multiple visits occurring at 925

different times. Through alignment-based filtering, 926

the framework removes facts with incompatible 927

relations or roles, leaving only valid visit events. 928

The Generate-Module then selects Chevron as the 929

earliest entity that visited Iraq after the anchor date, 930

supported by the corresponding TKG fact. 931

At this stage, the Validate-Module constructs a 932

stricter validation query by bounding the tempo- 933

ral interval between the inferred anchor date and 934

the timestamp of the candidate answer. This query 935

is re-evaluated through the same Retrieve–Filter– 936

Generate pipeline to check whether an alternative 937

entity satisfies the constraints more optimally. If a 938

better-supported or earlier valid result were found 939

during this verification step, the framework would 940

replace the original answer accordingly. In this 941

example, no such alternative is identified, and the 942

initial answer Chevron is therefore selected as the 943

final result. This case study demonstrates how Tem- 944

pReasoner incrementally refines evidence, enforces 945

temporal consistency, and applies self-correction 946

to ensure reliable temporal reasoning. 947
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Question:Who was the first to visit Iraq after the Belgian Ministry?

============================================================
Decompose-Module
Decompose.Strategy: List Strategy
Decompose.Result:
SubQuestion #1: When did the Belgian Ministry visit Iraq?

SubQuestion #2: After #1-day, who was the first to visit Iraq?

=====================Begin Solve SubQuesiton #1 ! =====================
Retrieve-Module
Rewrite.Result: the Belgian Ministry visit Iraq at TIME
TKG-Retriever.Result:
[1] Al_Bayan Make_a_visit Iraq at 2005-03-20
[2] Student_(Belgium) Make_a_visit Iraq at 2007-03-29
[3] Oman Make_a_visit Iraq at 2012-03-28

· · ·
============================================================
Filter-Module
Alignment-Signal: Head: Ministry_(Belgium) Relation: Make_a_visit Tail: Iraq
Filter.Result:

[1] Ministry_(Belgium) Make_a_visit Iraq at 2009-06-04

============================================================
Generate-Module
Question: When did the Belgian Ministry visit Iraq?
Context:
[1] Ministry_(Belgium) Make_a_visit Iraq at 2009-06-04
Generate.Result: 20090604 Generate.Evidence: [1] Ministry_(Belgium) Make_a_visit Iraq at 2009-06-04

============================================================
Validate-Module
Validate-Query: No need to rethink or validate.

=====================Begin Solve SubQuesiton #2 ! =====================
Retrieve-Module
Rewrite.Result: [20090605, -] WHO first visit Iraq after 20090604
TKG-Retriever.Result:
[1] Chevron Make_a_visit Iraq at 2009-06-17
[2] Barack_Obama Make_a_visit Iraq at 2009-07-03
[3] Nuri_al-Maliki Make_statement Iraq at 2009-06-16

· · ·
============================================================
Filter-Module
Alignment-Signal: Head: null Relation: Make_a_visit Tail: Iraq
Filter.Result:
[1] Chevron Make_a_visit Iraq at 2009-06-17
[2] Barack_Obama Make_a_visit Iraq at 2009-07-03

· · ·
============================================================
Generate-Module
Question: After 20090604, who was the first to visit Iraq?
Context:
[1] Chevron Make_a_visit Iraq at 2009-06-17
[2] Barack_Obama Make_a_visit Iraq at 2009-07-03
· · ·
Generate.Result: Chevron Generate.Evidence: [1] Chevron Make_a_visit Iraq at 2009-06-17

============================================================
Validate-Module
Validate-Query: [20090605, 20090616] WHO first visited Iraq after 20090604

Validate-Result: No better answer, choose the raw answer.

============================================================
Final Answer: Chevron

============================================================

Figure 6: An example of TempRensoner to answer the temporal knowledge graph question.
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