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Abstract

Temporal Knowledge Graph Question Answer-
ing (TKGQA) aims to answer temporal ques-
tions using knowledge from Temporal Knowl-
edge Graphs (TKGs). Existing LLM-based
TKGQA methods typically utilize RAG-based
or agent-based paradigms, yet both struggle
to construct reliable temporal evidence chains.
RAG-based approaches primarily rely on se-
mantic retrieval to fetch question-relevant con-
texts but overlook the structural dependen-
cies within TKGs, leading to broken evidence
chains, whereas iterative agents are prone to
error propagation during multi-step reason-
ing. To address these limitations, we propose
TECQA, a framework designed to construct
temporal evidence chains for LLM reasoning.
Firstly, TECQA employs structure-guided sub-
graph retrieval to capture structural dependen-
cies and intermediate reasoning paths. Subse-
quently, it utilizes a k-nearest temporal neigh-
bor pruning strategy to filter irrelevant noise
while strictly preserving the continuous local
history surrounding critical events. Finally, the
retained temporal neighbors are serialized by
temporal proximity to explicitly reconstruct
a coherent temporal evidence chain. Exten-
sive experiments on MultiTQ and CronQues-
tions demonstrate that TECQA achieves state-
of-the-art performance, outperforming strong
baselines by 45.3% particularly on complex
queries. Code is available at https://github.
com/SimonsLiu/TECQA.

1 Introduction

Temporal Knowledge Graph Question Answering
(TKGQA) is pivotal for enabling intelligent sys-
tems to reason over evolving knowledge, with appli-
cations ranging from geopolitical analysis to finan-
cial monitoring (Chen et al., 2023; Su et al., 2025).
Unlike static knowledge graphs, Temporal Knowl-
edge Graphs (TKGs) incorporate timestamps into
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Figure 1: Comparison of (a) RAG-based methods, (b)
agent-based methods, and (c) TECQA.

facts, requiring models to handle complex time-
sensitive queries like “Which country was the first
to visit Thailand after John Baird?” .

Early research primarily relied on semantic pars-
ing (Jia et al., 2018; Neelam et al., 2021) or TKG
embeddings (Saxena et al., 2021a; Chen et al.,
2022), yet these methods are constrained by high
annotation costs and limited semantic understand-
ing, respectively. Recent advances integrate Large
Language Models (LLMs) into TKGQA to ex-
ploit their strong reasoning ability. Existing LLM-
based methods can be broadly grouped into two
categories: (1) RAG-based paradigms, which en-
compass semantic retrieval (Qian et al., 2024) and
decomposition-enhanced frameworks (Gong et al.,
2025) that decompose complex queries into sub-
questions; (2) agent-based paradigms (Chen et al.,
2024; Hu et al., 2025), which employ LLMs as
autonomous agents to interact with TKGs through
iterative tool invocation.

However, although LL.M-based methods excel
on simple queries, they struggle with complex
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Figure 2: Answer Recall@20 across question cate-
gories. We compare TECQA against a standard se-
mantic retriever'and retriever-TimeR* (fine-tuned on
temporal facts). While semantic retrieval and TimeR*
saturate at 68% and 78% respectively, TECQA achieves
94%.

queries requiring timeline-aware multi-step infer-
ence, primarily due to their failure to construct
timeline-consistent evidence chains. As shown in
Figure 1 (a), RAG-based methods retrieve and se-
mantically match individual quadruples, thereby
overlooking the explicit structural dependencies
among them. Such a retrieval process often pro-
duces fragmented chains with missing crucial in-
termediate facts. These missing facts undermine
the coherence and continuity of the evidence chain,
leading to reduced answer recall. As shown in
Figure 2, semantic retrieval plateaus at 78% recall
even with temporal fine-tuning (Qian et al., 2024).
This recall bottleneck is particularly pronounced
for complex multiple queries, where limited recall
directly constrains TKGQA performance. Con-
versely, as illustrated in Figure 1 (b), agent-based
methods utilize an iterative exploration process vul-
nerable to error propagation, wherein a single erro-
neous tool invocation can cascade and prematurely
terminate the search trajectory, leading to a failure
to yield an answer.

To address these limitations, we propose
TECQA (Temporal Evidence Chain for Temporal
Knowledge Graph Question Answering), a frame-
work designed to pe?form temporal evidence chain
construction for LLM-based TKGQA. TECQA
explicitly constructs timeline-consistent evidence
chains that preserve relational connectivity to en-
able multi-step inference. Specifically, to address
the fragmented chains caused by semantic retrieval,

!The embedding model utilizes bge-base-en-v1.5. https:
//huggingface.co/BAAI/bge-base-en-v1.5

TECQA initiates with structure-guided retrieval.
Expanding a subgraph via explicit entity-relation
connectivity allows the framework to capture cru-
cial intermediate hops missed by semantic retrieval,
achieving 99.33% answer recall. Subsequently, to
filter noise while preserving timeline coherence,
the framework employs a k-nearest temporal neigh-
bor pruning strategy that retains the continuous
local history around critical anchors, effectively
capturing the immediate event history required to
resolve relative time constraints (e.g., before, after).
As shown in Figure 2, such pruning maintains a
high answer recall of 94.12% while condensing
the context to an average of only 20 quadruples.
Finally, TECQA serializes the facts based on tem-
poral proximity to explicitly construct a compact,
timeline-consistent evidence chain, serving as a
plug-and-play module for accurate LLM inference.
Our contributions are summarized as follows:

* We analyze LLM-based TKGQA to reveal
a critical limitation: existing methods suffer
from fragmented or missing temporal con-
texts and fail to explicitly construct reasoning
chains over event timelines.

* We propose TECQA, which integrates
structure-guided retrieval, temporal anchor
pruning, and proximity-based serialization to
construct timeline-consistent evidence chains
for accurate LLM reasoning.

* Extensive experiments on two widely-
used benchmarks demonstrate that TECQA
achieves state-of-the-art performance, signif-
icantly outperforming baselines on complex
queries.

2 Related Work
2.1 Traditional TKGQA Methods

Semantic parsing-based methods convert natural
language questions into executable logical forms
via manually designed operators. Representa-
tive works such as TEQUILA (Jia et al., 2018),
SYGMA (Neelam et al., 2021), and SF-TQA (Ding
et al., 2023) explicitly model temporal constraints
via symbolic representations. Despite their inter-
pretability, these approaches require substantial
manual engineering and are difficult to adapt to
new schemas or domains.

TKG embedding-based methods encode ques-
tions and candidate answers into continuous vec-
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tor spaces to select answers via similarity rank-
ing. CronKGQA (Saxena et al., 2021a) formu-
lates the task as temporal KG completion, while
TempoQR (Mavromatis et al., 2021a) and Mul-
tiQA (Chen et al., 2023) enhance representations
using time-aware components and multi-granular
information, respectively. Other works incorporate
graph neural networks for structural encoding (Liu
et al., 2023; Sharma et al., 2022). Although ensur-
ing high execution rates, such methods typically
lack the reasoning depth required for complex tem-
poral queries (Gong et al., 2025).

2.2 LLM-based TKGQA Methods

RAG-based methods ground LLM outputs on
external knowledge to mitigate hallucinations.
TimeR* (Qian et al., 2024) employs a retrieve-
rewrite-rerank pipeline to explicitly model tempo-
ral constraints, whereas RTQA (Gong et al., 2025)
utilizes recursive thinking to decompose multi-
constraint queries hierarchically. However, relying
on semantic retrievers that overlook structural de-
pendencies often yields incomplete evidence chains
lacking intermediate facts, creating a recall bottle-
neck that strictly constrains performance on com-
plex queries.

agent-based methods empower LLMs to nav-
igate TKGs via tool invocation and planning.
ARI (Chen et al., 2024) distills reasoning method-
ologies from historical trajectories, and TempA-
gent (Hu et al., 2025) extends the ReAct (Yao et al.,
2023) framework with a temporal toolbox for multi-
granularity filtering. Despite inherent flexibility,
iterative exploration remains vulnerable to error
propagation.

3 Preliminaries

Temporal knowledge graph. A temporal knowl-
edge graph G = {&€,P, T, F} is a directed graph
where vertices are a set of entities £. The edges
are a set of predicates P with timestamps 7. The
quadruple set F = {(s,p,0,t) | s € &, p €
P, 0o € &, t € T} represents the temporal facts,
where s and o are subject and object, respectively,
and p is the predicate between s and o at timestamp
t.

Temporal Knowledge Graph Question Answer-
ing. TKGQA is a task to infer the correct answer
to a natural language question g € O based on rele-
vant quadruples f = (s, p, o, t) in the TKG, where
the answer can be either an entity or a timestamp.

Temporal Anchor. A temporal anchor is a criti-
cal time reference point derived from the question
q that serves as the starting node of the evidence
chain for answering the question. Anchors can be
categorized into two types: (1) Explicit Anchors,
which are specific timestamps (e.g., "2015", "April
2005") directly mentioned in the question text; and
(2) Implicit Anchors, which are the timestamps
associated with specific events mentioned in the
question (e.g., the date when "John Baird visited
Thailand") that act as hidden temporal constraints.

4 Method

4.1 Overview

Figure 3 provides an overview of the TECQA
framework, which is designed to reconstruct a
timeline-consistent evidence chain. The pipeline
operates in three consecutive stages: (1) Structure-
Guided Subgraph Construction (Section 4.2) re-
trieves a high-recall candidate set via explicit struc-
tural constraints, ensuring the inclusion of poten-
tial evidence paths; (2) Temporal Evidence Chain
Construction (Section 4.3) identifies pivotal time
anchors, filters noise via neighbor pruning, and ex-
plicitly reconstructs the timeline topology through
proximity-based serialization; and (3) LLM Rea-
soning (Section 4.4) utilizes the constructed chain
to generate the final answer. The detailed algo-
rithmic procedure is presented in Algorithm 1 (see
Appendix B).

4.2 Structure-Guided Subgraph Construction
4.2.1 Structural Constraint Parsing

To bridge the semantic gap between natural lan-
guage queries and the rigid schema of the TKG,
we employ a two-stage parsing strategy to map the
question q into explicit structural constraints.

LLM-based Extraction. We initiate the process
by employing an LLM to parse the query ¢ and ex-
tract mentions of entities and relations. The model
is explicitly prompted to identify the main entity
(émain), defined as the pivot node that directly con-
nects to the potential answer. Given an instruction
template Zprsc (detailed in Appendix F.1), the ex-
traction process is formalized as:

(5raW7 Rraw €§§¥n) — LLM(Q7 Iparse) (1)
where &, and R,y are the sets of extracted entity
and relation mentions, and e € &, 1S the

main
identified main entity mention.
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Figure 3: Overview of the TECQA framework. The process unfolds in three stages: Structure-Guided Subgraph
Construction (in yellow), Temporal Evidence Chain Construction (in green), and LLM Reasoning (in blue).

Schema Grounding. Since raw mentions may
not strictly match the TKG’s vocabulary, we per-
form schema grounding to map them to the canon-
ical forms in the graph. We define a grounding
function Ground(m, S) that maps a mention m to
the most semantically similar element in a target
schema set S based on the cosine similarity of their
dense embeddings. We obtain the grounded con-
straints &, R4, and the canonical main entity emain
as follows:

Eq + {Ground(e,Ekc) | € € Eraw}
Ry + {Ground(r,Rkc) | r € Rraw}
€main < Ground(eryi,, EkG)

2

where kg and Rk denote the complete set of
entities and relations in G. This step ensures that
subsequent retrieval targets the correct nodes and
edges within the graph schema.

4.2.2 Subgraph Retrieval

We retrieve a candidate fact set F.anq from G by
imposing the extracted structural constraints. To
facilitate multi-hop reasoning, it is essential to cap-
ture not only the direct history of the main entity
but also the intermediate interactions among auxil-
iary entities.

Let Eother = & \ {€main } denote the set of aux-
iliary entities. The candidate set is defined as the
union of two subsets:

]:cand = ]:main U Jrcontext (3)

Here, Fain comprises facts anchored to the main
entity, while F.ontext €ncompasses interactions

strictly between auxiliary entities:

fmain = {(S,p,O,t) € g ’

(3 = €main VO = emain) ApE€E Rq}
4)

{(s,p,0,t) €G |
{570} - gother Ape€E Rq}

fcontext =

)

We denote this comprehensive collection as the
structure-guided temporal subgraph F,. At this
stage, J, serves as a high-recall candidate pool
containing the global history of relevant entities.

4.3 Temporal Evidence Chain Construction

While the subgraph F, ensures high recall, it in-
evitably includes numerous topically related but
temporally irrelevant facts. To distill a precise evi-
dence chain, we employ a three-step construction
process: anchor extraction, neighbor pruning, and
proximity-based serialization.

4.3.1 Temporal Anchor Extraction

We define the temporal anchor set Tanchor as the
collection of critical reference timestamps derived
from the question. Crucially, these anchors serve
as the starting points for constructing the evidence
chain required in temporal multi-hop reasoning.
To handle both explicit and implicit temporal con-
straints, we extract anchors from two sources:

Explicit Anchors (7cxp). We employ regular ex-
pressions to identify and extract explicit time men-
tions, such as specific years or dates, directly from
the question gq. These extracted values are sub-
sequently normalized to the ISO 8601% format

2ht’cps: //www.iso.org/
iso-8601-date-and-time-format.html
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(yyyy-mm-dd) to constitute the explicit anchor set
%xp-

Implicit Anchors (7imp). For queries referenc-
ing events without explicit dates (e.g., “after the
election”), we infer latent timestamps via semantic
matching. Specifically, we compute the semantic
similarity between the query g and the textual form
of each fact f € F,. The timestamps of the top-/NV
most similar facts are selected as implicit anchors:

Timp = {ti
sim(q,text(f))) }

4.3.2 Kk-nearest temporal neighbor pruning

(s,r,0,t;) € Top —N(]:q,
(6)

To capture the local history surrounding the critical
time anchors, we focus on retaining the immedi-
ate context. For each anchor ¢ € Tynchor, WE €m-
ploy a bidirectional search within the subgraph 7,
to identify the K temporally closest facts. By si-
multaneously considering neighbors preceding and
succeeding the anchor, this strategy ensures com-
prehensive coverage of diverse temporal relations,
such as "before", "after", and "during".

Formally, the local evidence neighborhood

Nk (t) is constructed as:
Nk (t) = Top-K ({fi € Fo}, |ti —t]) (D)

where |t; — t| denotes the absolute temporal dis-
tance between the timestamp ¢; of fact f; and the
anchor ¢. By prioritizing facts based on strict tem-
poral adjacency, this selection criterion naturally
aligns with the local event density, ensuring that
the context window captures the most immediate
and relevant history around each anchor.

The final pruned subgraph .7:"q is obtained by
unifying these local neighborhoods:

U Nk ®)

t€7—anchor

F,=

4.3.3 Proximity-Based Serialization

We serialize the subgraph ]3q into the final evidence
chain S0« by prioritizing temporal proximity. For
each fact f; = (s,r,0,t;) € .7:"q, we compute its
proximity score &(f;) as the minimum absolute
distance to the anchor set:

S(fi) = . Efginh
a ancnor

|ti - ta| (9)

We construct Sprox by sorting all facts in ascending
order of their proximity scores. This arrangement

ensures that events temporally closest to the critical
anchors are processed first, effectively simulating
an outward-propagating reasoning path that guides
the LLM from known reference points into the
surrounding historical context.

4.4 LLM Reasoning

Finally, we employ the LLM M to infer the an-
swer a by reasoning over the proximity-ordered
evidence Sprox under instruction Z and query g¢:

a = argmax Py(y | Z, Sprox,q)  (10)
y

This proximity-driven ordering imposes a temporal
inductive bias, enabling the model to effectively
trace sequential dependencies originating from the
anchor. Prompt templates are provided in Ap-
pendix F.2.

S Experiment

In this section, we seek to answer the following
research questions: Q1: How does TECQA com-
pare with existing methods? Q2: How do different
components contribute to TECQA? Q3: How do
hyperparameters affect TECQA? Q4: How does
TECQA generalize across different LLMs? QS:
Does TECQA preserve evidence chain integrity?
Q6: What do case studies and error analysis reveal
about TECQA?

5.1 Experimental Setup

Datasets and Metrics. We evaluate TECQA on
MultiTQ (Chen et al., 2023), comprising 500K
pairs with multiple granularities, and CronQues-
tions (Saxena et al., 2021a), featuring 410K ques-
tions involving time intervals, utilizing Hits@1 as
the primary metric. Detailed statistics are provided
in Appendix A.

Baselines. Our comparison suite spans three
paradigms: (1) Pre-trained Language Models
(PLMs), including BERT (Devlin et al., 2019)
and ALBERT (Lan et al.,, 2020); (2) Tradi-
tional TKGQA Methods, covering embedding-
based and parsing-based approaches such as
CronKGQA (Saxena et al., 2021b), Tem-
poQR (Mavromatis et al., 2021b), MultiQA (Chen
et al., 2023), LGQA (Liu et al., 2023), and QC-
MHM (Xue et al., 2024); and (3) LLM-based
Frameworks, including agent-based paradigms like
ARI (Chen et al., 2024) and TempAgent (Hu
et al., 2025), as well as RAG-based methods like
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Table 1: Performance comparison of baselines and TECQA on Hits@ 1 across various question types and answer
types on MultiTQ and CronQuestions testset. The best and second best results are marked in bold and underlined,

respectively.
MuULTITQ CRONQUESTIONS

Model Overall  Question Type Answer Type Overall Question Type Answer Type

Single Multiple Entity Time Simple Complex Entity Time
BERT (Devlin et al., 2019) 0.083  0.092 0.061 0.101 0.040 0.243 0.249 0.239 0.277  0.179
ALBERT (Lan et al., 2020) 0.108  0.116 0.086 0.139 0.032  0.248 0.255 0.235 0.279  0.177
CronKGQA (Saxena et al., 2021b) 0279  0.134 0.134 0.328 0.156  0.647 0.987 0.392 0.699  0.549
TempoQR (Mavromatis et al., 2021b) - - - - - 0.918 0.990 0.864 0.926 0.903
MultiQA (Chen et al., 2023) 0.293  0.347 0.159 0.349 0.157 - - - - -
LGQA (Liu et al., 2023) - - - - - 0.969 0.992 0.945 0.962  0.966
QC-MHM (Xue et al., 2024) - - - - - 0.971 0.992 0.946 0.962  0.966
ARI (Chen et al., 2024) 0.380  0.680 0.210 0.394 0.344  0.707 0.860 0.570 0.660  0.800
GenTKGQA (Gao et al., 2024) - - - - - 0.978 0.999 0.962 0.967  0.990
TimeR* (Qian et al., 2024) 0.728  0.887 0.335 0.639 0945 0.856 0.963 0.764 0.788 0.971
TempAgent (Hu et al., 2025) 0.702  0.857 0.316 0.624 0.870 0.842 0.895 0.640 0.805 0.921
RTQA (Gong et al., 2025) 0.765 0.902 0.424 0.692 0.942 - - - - -
TECQA 0.811  0.889 0.616 0.753 0939  0.980 0.995 0.969 0.988 0.965

TimeR* (Qian et al., 2024), RTQA (Gong et al.,
2025).

Implementation Details. We utilize Gemini-2.5-
flash (Comanici et al., 2025) for structural con-
straint parsing, bge-base-en-v1.5 (Xiao et al., 2023)
for grounding, and Qwen3-8B (Yang et al., 2025)
for reasoning (temperature fixed at 0). For dataset-
specific processing, we normalize MultiTQ times-
tamps to ISO 8601 format; for CronQuestions, we
compute the representative timestamp of intervals
using the midpoint formula ¢,, = (ts + t.)/2.
Based on sensitivity analysis, we configure the
neighbor count K = 40 for both datasets, with
implicit anchors N = 2 for MultiTQ and N = 5
for CronQuestions.

5.2 Main Results (Q1)

Table 1 demonstrates that TECQA achieves state-
of-the-art results across both benchmarks, secur-
ing Overall Hits@1 scores of 0.811 on MultiTQ
and 0.980 on CronQuestions. This consistent su-
periority validates the effectiveness of our frame-
work over existing paradigms: unlike RAG-based
methods which are limited by semantic recall bot-
tlenecks, and agent-based methods which suffer
from error propagation during iterative execution,
TECQA explicitly constructs timeline-consistent
evidence chains that enable accurate LLM reason-
ing.

Crucially, TECQA demonstrates superior ef-
fectiveness in handling complex queries within
the Multiple category of MultiTQ, which involves

nested constraints such as “after_first”. Achieving
a Hits@1 of 0.616, TECQA significantly outper-
forms strong baselines. Such a substantial mar-
gin underscores the necessity of an explicitly con-
nected evidence chain over logical decomposition.
By reconstructing the temporal topology, our frame-
work enables precise in-context comparisons along
a continuous, proximity-ordered timeline, effec-
tively resolving multi-hop constraints where frag-
mented retrieval or iterative planning fail.

Table 2: Ablation study on MultiTQ and CronQuestions.

Model | MultiTQ | CronQuestions

‘ Overall Multiple Single ‘ Overall Complex Simple
TECQA 0.811 0.616 0.889 | 0.980 0.969 0.995
wlo SG 0.657 0.172 0.835 | 0.760 0.701 0.810
w/o KNTN | 0.726 0.291 0.882 0.938 0.900 0.983
w/o PS 0.742 0.425 0.858 | 0.961 0.939 0.987

5.3 Ablation Studies (Q2)

To verify the contribution of each component, we
conduct comprehensive ablation studies on both
MultiTQ and CronQuestions. We evaluate TECQA
against three distinct variants: w/o SG (without
Structure-Guided Retrieval), w/o KNTN (without
k-nearest temporal neighbor pruning), and w/o PS
(without Proximity-Based Serialization). Detailed
configurations are provided in Appendix C.

Impact of Structure-Guided Retrieval. Replac-
ing structure-guided retrieval with semantic re-
trieval causes a substantial performance degrada-
tion across both datasets, most notably on Multiple
questions in MultiTQ. This decline confirms that
semantic retrieval, lacking explicit entity-relation
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Figure 4: Hyperparameter sensitivity analysis on Mul-
tiTQ and CronQuestions. The red marker highlights the
optimal configuration.

anchoring, fails to assemble the complete evidence
chains required for complex constraints, instead
identifying only simple, single-hop associations.

Impact of KNTN Pruning. Replacing tempo-
ral K-NN pruning with semantic selection on the
structure-guided subgraph leads to a significant per-
formance decline on Multiple queries. While the
initial subgraph ensures a high-recall candidate set,
semantic pruning remains suboptimal for TKGQA
as it prioritizes topically similar but temporally dis-
continuous facts. This selection bias hinders the
construction of a continuous evidence chain along
the timeline, failing to capture the temporally ad-
jacent events required for resolving fine-grained
sequential dependencies.

Impact of Proximity-Based Serialization. Re-
placing proximity-based serialization with a ran-
domized fact order leads to a substantial accu-
racy drop, particularly on Multiple queries in Mul-
tiTQ where performance falls to 0.425. This result
confirms that presenting evidence in a proximity-
ordered sequence is critical for accurate response
generation.

5.4 Hyperparameter Sensitivity and
Efficiency Analysis (Q3)

To identify the optimal configuration for TECQA,
we conduct a comprehensive grid search on the
validation set targeting two key hyperparameters:
the number of implicit anchors /V and the temporal
neighbor count K, varying N from 1 to 10 and

K from 5 to 60. Figure 4 illustrates the trade-
off between reasoning accuracy and computational
cost, measured by average context length.

Optimal Configurations. Distinct optimal set-
tings emerge driven by intrinsic dataset character-
istics. MultiTQ achieves optimal accuracy with
N = 2 and K = 40, whereas CronQuestions
requires a higher anchor density (N = 5) with
the same neighbor count. This divergence stems
from the interval-based structure of CronQuestions
necessitating broader anchor coverage to capture
event spans, in contrast to the denser point-based
facts of MultiTQ where fewer anchors suffice.

Impact of Context Length. The analysis reveals
a clear trade-off between accuracy and context size.
Increasing K initially boosts accuracy by retriev-
ing richer contextual details but eventually leads
to diminishing returns or performance degradation.
This trend aligns with the “lost-in-the-middle” phe-
nomenon, where excessive context length intro-
duces irrelevant information that dilutes the reason-
ing focus of the LLM.

Table 3: Cross-model evaluation decoupling retrieval
quality from reasoning capability.

Reasoner Retrieval Overall Question Type  Answer Type

Single Mult. Ent. Time
Llama2-7B  TimeR* 0.391 0.442 0.266 0.370 0.442
Generalist TECQA 0.408 0415 0.388 0.408 0.407
Llama2-7B  TimeR* 0.728 0.887 0335 0.639 0.945
Fine-tuned TECQA 0.731 0.884 0.353 0.680 0.843
Qwen3-8B  TimeR* 0.533 0.589 0396 0.496 0.627
Generalist TECQA 0.778 0.847 0.589 0.711 0.926

5.5 Impact of Model Capability and
Scalability (Q4)

To assess the interplay between model capabilities
and our framework, we conduct a decoupled analy-
sis on the more challenging MultiTQ dataset.

Interplay between Retrieval and Reasoning.
Table 3 reveals a crucial dependency between re-
trieval strategy and model capability. TimeR* ex-
hibits a significant performance drop when switch-
ing from its fine-tuned version to the generalist
Qwen3-8B (Yang et al., 2025), suggesting its re-
liance on parametric knowledge to mitigate re-
trieval noise. In contrast, TECQA achieves a dra-
matic 27.8% lead over TimeR* with Qwen3-8B, yet
shows only marginal gains on the weaker Llama2-
7B (Touvron et al., 2023) base model. This dis-
parity confirms that TECQA’s structured evidence
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Table 4: Performance comparison of TECQA across
different LLM backbones on MultiTQ, sorted by Overall
Score.

Model Overall Question Type Answer Type
Single Multiple Entity Time
Non-Reasoning Models
Qwen3-4B-Instruct 0.571 0.708 0.235 0.578 0.554
Llama-3-8B-Instruct 0.616  0.732 0.299 0.548  0.766
Qwen3-8B (no thinking mode)  0.627 0.772 0.231 0.597 0.692
DeepSeek-v3-0324 0.774  0.902 0.425 0.705  0.926
Reasoning Models
Qwen3-4B-Thinking-2507 0.806  0.875 0.637 0.755  0.933
Qwen3-8B (thinking mode) 0.811 0.889 0.616 0.753  0.939
Gemini-2.5-Pro 0.836  0.893 0.682 0.786  0.948
DeepSeek-R1-0528 0.838 0918 0.619 0.792  0.939
GPT-5-thinking 0.842  0.901 0.682 0.786  0.968
Gemini-3-Pro-Preview 0.854 0915 0.689 0.803  0.968

chain functions as a sophisticated reasoning con-
text requiring a capable reasoner to traverse the
proximity-ordered timeline, a capability distinct
from simple knowledge recall.

Effectiveness of Reasoning-Enhanced Models.
We extend our evaluation to diverse LLM back-
bones in Table 4 to assess scalability. Results indi-
cate that reasoning models consistently outperform
non-reasoning counterparts, with smaller reason-
ing models (e.g., Qwen3-4B-Thinking) even sur-
passing massive generalist models (e.g., DeepSeek-
V3). This pattern confirms that TECQA pro-
vides a sophisticated reasoning context requir-
ing explicit deduction capabilities to fully exploit
the timeline-consistent topology. Consequently,
TECQA empowers smaller reasoning models to
achieve state-of-the-art performance while scaling
synergistically with frontier models like Gemini-3-
Pro-Preview.

Answer Recall Anchor Recall

Multiple Queries

80

60

40

20 I
0

Global Sem. Struct+Sem TECQA Global Sem. Struct+Sem

B Evidence Chain Recall
Single Queries

Percentage (%)

TECQA

Figure 5: Comparison of Evidence Chain Integrity.

5.6 Evidence Chain Integrity Analysis (Q5)

To verify whether retrieved contexts form valid
reasoning paths, we benchmark TECQA against
"Global Semantic Retrieval" and "Structure-
Guided + Semantic Pruning". Figure 5 illustrates
performance on complex and single queries using

three metrics: Answer Recall, Anchor Recall, and
Evidence Chain Recall. Detailed metric definitions
are provided in Appendix D.

The left panel shows that semantic-based base-
lines suffer a sharp drop in Evidence Chain Recall
on complex queries despite maintaining high An-
chor Recall. This disparity confirms that semantic
similarity can locate the starting anchor but often
fails to retrieve the temporally associated answer,
resulting in fragmented evidence chains. In con-
trast, TECQA utilizes temporal K-NN pruning to
bridge the anchor and answer, ensuring the context
completeness required for temporal comparison.
Such an advantage diminishes on single queries
where semantic retrieval suffices for identifying
simple one-hop relations.

5.7 Case Study and Error Analysis (Q6)

To illustrate how TECQA succeeds under both im-
plicit and explicit temporal constraints, we present
two representative successful cases in the main
text, while detailed failure examples are provided
in Appendix E. In the implicit-constraint case (Ta-
ble 5), TECQA identifies the latent anchor date of
January 5, 2006 via semantic matching over the
structure-guided subgraph. Proximity-based seri-
alization then places the target answer Jack Straw
immediately around the anchor, allowing the LLM
to resolve the after constraint against nearby dis-
tractors. In the explicit-constraint case (Table 6),
TECQA normalizes “April 2005 into a concrete
anchor and preserves a compact cluster of locally
relevant interactions within the target time window,
enabling the LLM to recover a complete answer
set.

We further analyze the MultiTQ test set con-
taining 54,584 queries. Only 159 queries yield
an empty subgraph, accounting for just 0.29% of
the test set, and 86 of these failures are directly
caused by incorrect main-entity extraction. In such
cases, the failure occurs before temporal evidence
chain construction begins, leaving the LLM with
an empty context and increasing the risk of halluci-
nation. A second failure mode arises on first/last
queries, where the entity and relation may be ex-
tracted correctly but conservative anchor explo-
ration and neighbor retention truncate the temporal
span and exclude the true earliest or latest event.
Appendix E presents representative examples of
both failure modes.
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Table 5: Successful case 1: Implicit temporal constraint
resolved by anchor localization and proximity-based
serialization.

Table 6: Successful case 2: Explicit temporal constraint
resolved by timestamp normalization and local temporal
pruning.

Question: After the Danish Ministry of Defence and Security, who was the
first to visit Iraq?

Step 1 Structure-Guided Subgraph Construction

Goal Retrieve a high-recall candidate pool via structural constraints.

Process o Extraction: Entities: Iraq, Danish Ministry; Relation:

Make a visit.

o Retrieval: 1,065 facts retrieved. Context is chronologically
unordered and noisy.

Representative facts: Adil Abdul-Mahdi — Iraq (2015-05-15),
China — Iraq (2010-02-18), etc.

Temporal Evidence Chain Construction

Step 2
Goal Extract anchors, prune noise, and serialize facts into a timeline-
consistent chain.

1. Temporal Anchor Extraction (Implicit):

— Semantic matching identifies event timestamp: Anchor =
2006-01-05.

2. K-Nearest Pruning & Proximity Serialization: compute
6 = |t — 2006-01-05| and sort by proximity.
[Anchor, § = 0] Danish Ministry — Iraq (2006-01-05)
[Answer, § = 1] Jack Straw — Iraq (2006-01-06)
6 = 1 Iraq — Iran (2006-01-04)
6 = 2 Evan Bayh — Iraq (2006-01-07)
§ = 2 Peter Pace — Iraq (2006-01-03)
... (context strictly ordered by proximity) ...
Step 3 LLM Reasoning
Goal Generate the answer using the constructed evidence chain.

Input Prompt: ...Based on the timeline above, who visited Iraq
first after 2006-01-05?

Output: Jack Straw

Process

Process

6 Conclusion

In this paper, we propose TECQA, a framework
designed to perform temporal evidence chain con-
struction for LLM-based TKGQA. Specifically,
TECQA utilizes structure-guided retrieval to cap-
ture dependencies missed by semantic retrieval to
ensure high recall, while employing k-nearest tem-
poral neighbor pruning to filter noise and preserve
local history. By serializing the retrieved facts into
a timeline-consistent evidence chain, TECQA pro-
vides a coherent context that mitigates both the frag-
mentation of semantic retrievers and the instability
of iterative agents. Extensive experiments on Mul-
tiTQ and CronQuestions demonstrate that TECQA
achieves state-of-the-art performance, significantly
outperforming strong baselines on complex queries.
Additional analyses confirm that TECQA preserves
high integrity of evidence chains and scales syner-
gistically with stronger LLMs.

Limitations

Despite the strong performance of TECQA, several
limitations warrant discussion. First, the frame-
work depends on upstream structural parsing accu-
racy. The effectiveness of structure-guided retrieval

Question: Who signed an agreement with China in April 2005?
Step 1

Goal Retrieve a high-recall candidate subgraph consistent with the
extracted entity and relation.

Structure-Guided Subgraph Construction

Process e Extraction: Entity: China; Relation: Sign agreement.

e Retrieval: 2,311 facts retrieved. Context spans 2005-2015
and is heavily redundant.

Representative facts: China <> Japan (2005-09-20), Ethiopia
<> China (2015-11-13), etc.

Temporal Evidence Chain Construction

Step 2

Goal Normalize the explicit time expression and serialize the relevant
local evidence chain.

Process 1. Temporal Anchor Extraction (Explicit):

— Regex extraction and normalization: "April 2005" — An-
chor = 2005-04-01.

2. K-Nearest Pruning & Proximity Serialization: compute
6 = |t — 2005-04-01| and retain the local window.

[Ref Anchor] Target date: 2005-04-01
[Answer, 6 = 6] China <> Colombia (2005-04-07)
[Answer, 6 = 7] South Korea +»> China (2005-04-08)
[Answer, § = 7] Japan <> China (2005-04-08)
[Answer, § = 10] Iran <> China (2005-04-11)
[Answer, § = 14] Kuomintang <> China (2005-04-15)
[Answer, § = 20] France <> China (2005-04-21)

... (pruned evidence chain preserves local cluster) ...

Step 3 LLM Reasoning

Goal Generate the answer set from the serialized evidence chain.
Process

Input Prompt: ... Who signed an agreement with China around
2005-04-01?

Output: Colombia, South Korea, Japan, Iran, Kuomintang,
France

hinges on the LL.M’s ability to precisely extract
entities and map them to the TKG schema. Perfor-
mance may degrade on ambiguous queries or out-
of-domain entities where schema grounding fails,
introducing noise into the initial candidate pool.
Second, the k-nearest temporal neighbor pruning
strategy operates on a temporal locality assump-
tion. While effective for event-centric TKGQA, the
method may underperform in scenarios requiring
long-horizon reasoning, where the target answer
is temporally distant from the anchor and lacks
a dense chain of connecting events within the se-
lected set of K neighbors. Lastly, our current evalu-
ation is confined to structured TKGQA. Extending
temporal evidence chain construction to unstruc-
tured text-based temporal reasoning or real-time
streaming data remains a challenging direction for
future research.
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A Experimental Setup Details

In this section, we provide comprehensive details
regarding the datasets, baseline comparisons, and
implementation specifics used in our experiments.

A.1 Datasets

MULTITQ MultiTQ (Chen et al., 2023) is de-
rived from the ICEWSO05-15 dataset (Garcia-Duran
et al., 2018) and stands as the largest TKGQA
dataset to date, containing 500K unique question-
answer pairs. In this dataset, all facts are standard-
ized as quadruples (s, 7,0,t). A key advantage of
MultiTQ is its rich semantic information, featuring
a higher average number of relation types per en-
tity compared to other TKGs. Furthermore, while
ICEWS originally provides time information at a
day granularity, MultiTQ generates questions with
multiple temporal granularities (including years,
months, and days), making it a significant resource
for testing multi-granularity temporal reasoning.
The distribution of its question categories is shown
in Table 7.

CRONQUESTIONS CronQuestions  (Saxena
et al., 2021a) is another widely used benchmark
utilizing a subset of Wikidata annotated with
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Table 7: Statistics of question categories in MultiTQ.

Category Train Dev Test
Equal 135,890 18,983 17,311
Single Before/After 75,340 11,655 11,073
First/Last 72,252 11,097 10,480
Equal Multi 16,893 3,213 3,207
Multiple After First 43,305 6,499 6,266
Before Last 43,107 6,532 6,247
Total 386,787 58,979 54,584

temporal information. Unlike MultiTQ, facts
in CronQuestions are often represented as time
intervals (e.g., (Barack Obama, held position,
President of USA, 2008,2016)).  Entities with
both “start time” and “end time” annotations
are transformed into an event format (e.g.,
(WWII, significant event, occurred, 1939, 1945)).
The dataset comprises a temporal knowledge graph
with 125k entities and 328k facts, along with 410k
natural language questions that require rigorous
temporal reasoning. The statistical breakdown is
presented in Table 8.

Table 8: Statistics of question categories in CronQues-
tions.

Category Train Dev Test
Simple Questions
Simple Entity 90,651 7,745 7,812
Simple Time 61,471 5,197 5,046
Complex Questions
Before/After 23,869 1,982 2,151
First/Last 118,556 11,198 11,159
Time Join 55,453 3,878 3,832
By Answer Type
Entity Answer 225,672 19,362 19,524
Time Answer 124,328 10,638 10,476
Total 350,000 30,000 30,000

A.2 Baselines

We evaluate TECQA against a diverse set of strong
baselines categorized into three groups. The ex-
perimental results for these baselines are directly
reported from their original papers:

* Pre-trained Language Models (PLMs): We
evaluate standard PLMs including BERT (De-
vlin et al., 2019) and ALBERT (Lan et al.,
2020) to assess the performance of direct fine-
tuning on TKGQA tasks.

¢ Traditional TKGQA Methods: This cat-
egory includes CronKGQA (Saxena et al.,

2021b), TempoQR (Mavromatis et al., 2021b),
MultiQA (Chen et al., 2023), LGQA (Liu
etal., 2023), and QC-MHM (Xue et al., 2024).
These methods primarily rely on TKG embed-
dings or semantic parsing techniques.

* LLM-based Frameworks: We com-
pare against state-of-the-art LLM-based
approaches, including the agent-based
frameworks ARI (Chen et al., 2024) and
TempAgent (Hu et al., 2025), as well as
retrieval-augmented generation methods like
TimeR* (Qian et al., 2024), RTQA (Gong
et al., 2025), and PoK (Qian et al., 2025).

A.3 Implementation Details

Model Configuration. To further evaluate frame-
work scalability (as presented in Table 4), we ex-
tend our evaluation to a diverse suite of LLM
backbones. This includes non-reasoning mod-
els: Qwen3-4B-Instruct (Yang et al., 2025),
Llama-3-8B-Instruct (Grattafiori et al., 2024), and
DeepSeek-V3 (DeepSeek-Al et al., 2025b); as
well as reasoning-enhanced models: Qwen3-4B-
Thinking (Yang et al., 2025), Gemini-2.5-Pro (Co-
manici et al., 2025), DeepSeek-R1 (DeepSeek-Al
et al., 2025a), GPT-5-thinking (OpenAl, 2025), and
Gemini-3-Pro-Preview (Google DeepMind, 2025).

B Algorithm 1

In this section, we provide the detailed pseudocode
for the inference procedure of TECQA, as dis-
cussed in Section 4. Algorithm 1 formally outlines
the three-stage framework: (1) Structure-Guided
Subgraph Construction, which retrieves a high-
recall candidate set; (2) Temporal Evidence Chain
Construction, which filters noise and organizes the
context into a timeline-consistent topology; and
(3) LLM Reasoning, which utilizes the constructed
chain to derive the final answer.

C Ablation Study Details

We define the three variants used in the ablation
study as follows:

* w/o SG (without Structure-Guided): Replaces
the structure-guided subgraph construction
with a standard dense retrieval method based
on semantic similarity (using bge-base-en-
v1.5).
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Algorithm 1: The Inference Procedure of
TECQA
Input: TKG G, Question ¢, LLM M,
Instruction Z, Hyperparameters
N, K
Output: Predicted Answer a

// Phase 1: Structure-Guided Subgraph Construction
1 (graW7 Rraw 6;?;]111) — M(QaIparse);
2 £, Rygs €main
Ground(&Eraw, Rraw, €rone s G);
3 Feand < Retrieve(G, &g, Ry, €main);
4 Fq + Fecand;
// Phase 2: Temporal Evidence Chain Construction
5 Texp < ExtractRegex(q);
6 7;mp<_{ti|fi€
Top -N (Fg, sim(q, text(f)))};
7 Tanchor < 7;xp U ’ﬁmp;
8 fq 0
9 fort € Tanchor do
0 | Ng(t) argmin—Kfiefq(\ti —t));
Fy ¢ FyUNK(t);

12 Sprox SortByProximity(]:"q, Tanchor )}
// Phase 3: LLM Reasoning

B3 a <+ M(Z,Sprox, q);

14 return a;

// unordered high-recall pool

11

* w/o KNTN (without k-nearest temporal neigh-
bor pruning): Replaces the k-nearest tempo-
ral neighbor pruning strategy with a semantic
Top-K selection, retaining facts solely based
on their semantic similarity to the question.

* w/o PS (without Proximity-Based Serializa-
tion): Retains the same set of pruned facts
but randomizes their order in the final prompt,
removing the distance-based sorting to disrupt
the explicit temporal topology.

D Evidence Chain Integrity Analysis
Details

Baselines for Comparison. To isolate the impact
of our temporal pruning strategy, we benchmark
against two retrieval paradigms:

* Global Semantic Retrieval: A standard RAG
baseline that retrieves the top-k facts directly
from the entire TKG based solely on semantic
similarity with the query, disregarding struc-
tural or temporal constraints.

* Structure-Guided + Semantic Pruning: An

ablation variant that constructs the candidate
subgraph using our structure-guided method
but selects the final top-£ facts via semantic
similarity, replacing our K-NN temporal prun-
ing.

Evaluation Metrics. Figure 5 reports the re-
trieval coverage of critical reasoning elements:

* Answer Recall: The proportion of ques-
tions where the retrieved context contains the
ground truth answer entity or timestamp.

Anchor Recall: The proportion of questions
where the retrieved context contains the crit-
ical temporal reference point (Anchor) re-
quired to anchor the reasoning timeline.

Evidence Chain Recall: The proportion of
questions where the retrieved context simul-
taneously contains both the Anchor and the
Answer. Given that complex queries in Mul-
tiTQ (e.g., after_first, before_last) primarily
involve 2-step temporal comparisons, the co-
occurrence of the reference anchor and the tar-
get answer constitutes the complete evidence
chain required to resolve the temporal con-
straint.

E Case Study Details

This section provides two representative failure
cases that complement the two successful cases
shown in the main text.

E.1 Failure Case 1: Retrieval Collapse from
Incorrect Main-Entity Extraction

Table 9 shows a representative error where the
parser identifies the wrong pivot entity, causing
the retrieved subgraph to become empty before
evidence chain construction begins.

This case shows that main-entity identification
is a hard prerequisite for TECQA. Once retrieval is
rooted in an incorrect pivot node, the downstream
stages cannot recover: high-recall retrieval, anchor
matching, and temporal serialization all fail simul-
taneously, yielding a catastrophic rather than grad-
ual error.

It also explains why this failure mode is particu-
larly damaging for LLM-based reasoning. With an
empty context, the model must rely on parametric
memory instead of grounded evidence, substan-
tially increasing hallucination risk. This example
therefore highlights parser robustness—especially
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Table 9: Failure case 1: Incorrect main-entity extraction
causes complete retrieval collapse.

Question: After China, with whom did the Indian Prime Minister first want
to engage in diplomatic cooperation?

Step 1 Structure-Guided Subgraph Construction

Goal Identify the main entity and retrieve a high-recall candidate
subgraph.

Process e Extraction: The LLM incorrectly identifies Prime Minister
Chaudhry as the main entity.

e Retrieval: Because the extracted pivot node is incorrect, the
KG returns 0 relevant facts and the subgraph becomes empty.
Outcome: Subgraph = {3}

Step 2 Temporal Evidence Chain Construction

Goal Match temporal anchors and serialize a valid local evidence
chain.

Process With an empty subgraph, no anchor can be matched and no
temporal neighbors can be retained. The chain-construction
stage therefore collapses before serialization.

Step 3 LLM Reasoning

Goal Infer the answer from the constructed chain.

Process Given an [Empty Context], the LLM is forced to rely on para-

metric knowledge rather than retrieved evidence.

Output: Incorrect answer (hallucination); Ground Truth:
Bhupinder Singh Hooda

under ambiguous political titles or role mentions—
as a key factor in reducing empty-subgraph failures.

E.2 Failure Case 2: Temporal Truncation on a
Last Query

Table 10 presents a failure where the entity and
relation are extracted correctly, but conservative
temporal coverage excludes the true last event from
the retained chain.

Table 10: Failure case 2: Limited temporal coverage
truncates the evidence chain for a last query.

Question: In which month did the African Union last ask Ethiopia?
Step 1
Goal Retrieve a candidate pool that covers the full temporal span
required by the query.

e Extraction: The entity and relation are identified correctly.

o Retrieval: Owing to limited anchor and neighbor budgets,
the retrieved subgraph covers only 2005-10 to 2007-06. The
true last event in 2008-12 is therefore excluded.

Structure-Guided Subgraph Construction

Process

Outcome: The retrieved context is locally relevant but tempo-
rally truncated.

Step 2 Temporal Evidence Chain Construction

Goal Serialize the subgraph into a chain sufficient for resolving the
ordinal constraint last.

Process The system correctly serializes the retained facts, but the latest
interaction with Ethiopia in the truncated chain occurs at 2006-
12-28 rather than at the true endpoint in 2008-12.

Step 3 LLM Reasoning

Goal Select the latest valid event from the evidence chain.

Process The LLM reasons correctly over the incomplete chain and pre-

dicts the final month supported by the truncated evidence.
Output: 2006-12; Ground Truth: 2008-12

Unlike Failure Case 1, this error does not stem
from parsing. The retrieved subgraph is locally
relevant, but local temporal pruning induces a
coverage—precision trade-off: while emphasizing
nearby evidence improves context compactness, it

may exclude distant events that determine ordinal
constraints such as last.

As aresult, the LLM reasons correctly over the
retained chain but still produces a globally incorrect
answer because the true endpoint event is missing.
The failure therefore reflects incomplete temporal
coverage rather than faulty reasoning. This sug-
gests that first/last queries may require more adap-
tive neighbor budgets or broader anchor expansion
to reduce long-range truncation.

F Prompts

F.1 Prompts for entity set and relation set
extraction

To transform natural language questions into struc-
tured graph constraints, we employ a sequential
prompting pipeline. This process consists of three
steps: (1) Entity Extraction, which identifies core
mentions (people, organizations, locations) while
filtering generic terms; (2) Relation Extraction,
which maps the question’s primary action to a stan-
dardized relation in the TKG schema using context-
aware mapping rules; and (3) Main Entity Identi-
fication, which pinpoints the pivot entity directly
connected to the target answer based on grammat-
ical structure (e.g., selecting the object when the
subject is interrogative).

The first prompt extracts the entity set from the
question while suppressing generic mentions. The
second prompt selects the most appropriate rela-
tion from the candidate schema based on the ques-
tion semantics and the extracted entities. The third
prompt determines the main entity that should act
as the pivot node for subsequent retrieval.

F.2 Prompts for question answer reasoning

This section presents the structured prompt tem-
plate used for the final one-shot reasoning stage
(see Section 4.4). The {facts} field is populated
with the proximity-based serialized subgraph F,
where events temporally closest to the anchors are
positioned at the beginning to simulate the reason-
ing path. The system instruction strictly enforces a
closed-book reasoning setting, requiring the model
to derive answers solely from the provided evi-
dence to prevent hallucination. Furthermore, it
defines explicit execution rules for processing tem-
poral constraints (e.g., before, after), resolving or-
dinal dependencies (e.g., first, last), and formatting
the final output based on the target answer type.
The fourth prompt is used only after the evidence
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chain has been constructed. It guides the LLM to
answer the question from the serialized facts, apply
temporal constraints explicitly, and return the final
answer in a normalized list format.

F.3 Prompt Templates

Prompt 1: Entity set extraction

Extract core topic entities (people, places, orgs) from the question
as a Python list. Use double quotes if a string contains an apostrophe
(e.g., "Xi’an’s"), otherwise use single quotes. Exclude generic terms
with "country”. Output ONLY the list (e.g., [’A’, "B’s"]) without
explanation. Return [] if empty.

Examples:

Question: After the Danish Ministry of Defence and Security, who was
the first to visit Iraq?

response: [’Iraq’, ’the Danish Ministry of Defence and Security’]

Question: When did the al-Shabaab insurgency use unconventional
violence against Muslims in the United Kingdom?
response: [’al-Shabaab insurgency’, ’Muslims in the United Kingdom’]

Question: To whom did John Dramani Mahama make an appeal
after 2010?
response: [’John Dramani Mahama’]

Question: {question}
response:

L

Prompt 2: Relation set extraction

Select exactly ONE relation from the Relation Set that best matches
the core action in the Question, using the Entities List for context.
Output ONLY the exact relation name.

Mapping Rules: wish/plan/aim — "Express intent..."”; ask/urge/call
on — "Appeal for..."; negotiate/talks — "Engage in negotiation...”
or "Express intent to meet..."”; visit/travel — "Make/Host a visit";
attack/force — "Use ... force”; criticize — "Make a statement...”
Examples:

Q: After the Danish Ministry..., who was the first to visit Iraq?

E: ["the Danish Ministry..."”, "Iraq"]

A: Make a visit

Q: Before China, with whom did Spain wish to cooperate economically?
E: ["Spain”, "China"]

A: Express intent to cooperate economically

Q: Who did Greece appeal to for humanitarian aid in 2015?

E: ["Greece"]

A: Appeal for humanitarian aid

Q: {question}

E: {entities_list}

Relation Set: {relation_set}

A:

Task: Identify the single Main Entity from the list. Output ONLY the
exact name.

Selection Logic: 1. If the grammatical subject is a specific entity
(e.g., "Kitti..."”), select the Subject. 2. If the subject is
interrogative (e.g., "Who/What"), select the focus Object.

Examples:

Q: After the Danish Ministry..., who was the first to visit Iraq?

L: ["Iraq”, "Defense / Security Ministry (Denmark)"]

A: Iraq (Subject is "who" — pick Object)

Q: When did Kitti Wasinondh last negotiate with Thailand?

L: ["Kitti Wasinondh”, "Thailand”]

A: Kitti Wasinondh (Specific Subject — pick Subject)

Q: With whom did Catherine Ashton 1last wish to meet before
Cambodia?

L: ["Catherine Ashton”, "Cambodia"]

A: Catherine Ashton (Specific Subject — pick Subject)

Q: {question}

L: {entities_list}

A:

Prompt 4: Question answer

Task: Answer Q using ONLY provided Facts. Output strictly a Python list
string (e.g., [’A’, ’2024’]1) with NO extra text. Return [] if empty.
Execution Rules:

1. Data: Facts are [sub, rel, obj, date]. Ignore invalid dates if
temporal reasoning is needed.

2. Type: If ’time’, format as YYYY, YYYY-MM, or YYYY-MM-DD to match
Q granularity. If ’entity’, extract sub or obj based on Q direction
(e.g., Who acted? — Sub).

3. Logic: Filter facts by time constraints (before/after). For "first"”
— sort earliest; "last” — sort latest.

4. Final: Deduplicate answers, preserve temporal order, apply Top K.
Input:

Q: {question}

Type: {answer_type} | Top K: {topk}

Facts: {facts}

Response:
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