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Abstract

Temporal Knowledge Graph Question Answer-
ing (TKGQA) commonly relies on retrieval-
aggregation-reasoning pipelines, which suffer
from two critical challenges: error propaga-
tion, where early retrieval mistakes accumu-
late along reasoning paths, and temporal con-
flicts caused by post-hoc temporal filtering,
leaving temporally inconsistent paths in the
search space and undermining multi-hop rea-
soning reliability. To address these limitations,
we propose ConTExT (Contractive Tempo-
ral Exploration), a contractive subgraph search
framework over structural and temporal spaces
for TKGQA. It dynamically anchors question-
relevant entities, performs selective subgraph
exploration guided by path semantics and sub-
question consistency, and applies Temporal
Feasible Region Propagation (TFRP), which
actively propagates temporal constraints during
search and maintains a temporal feasible re-
gion. Experiments on MultiTQ show that Con-
TExT is particularly effective for complex tem-
poral reasoning, yielding a 27.1% relative im-
provement in Hits@1 over the strongest base-
line on Multiple questions. Its gains are smaller
on Single and Time-answer questions that de-
pend more on direct evidence matching or ex-
act temporal endpoints. Our code is available
at https://github.com/xq641/ConTExT.

1 Introduction

Temporal Knowledge Graph Question Answering
(TKGQA) aims to answer natural language ques-
tions by reasoning over time-aware facts in Tem-
poral Knowledge Graphs (TKGs). Compared with
static knowledge graph question answering, it re-
quires identifying relevant entities and relations
while satisfying temporal operators such as before,
after, first, and last, making it particularly chal-
lenging under implicit event references, multi-hop
dependencies, and multiple temporal constraints.

*Corresponding authors.

Figure 1: Comparison between chain-style decomposi-
tion and ConTExT. Chain-style reasoning commits to
intermediate answers sequentially and may propagate
early mistakes, while ConTExT maintains a compact
reasoning subgraph and refines it under structural and
temporal constraints.

Recent studies have advanced TKGQA through
multi-granularity temporal modeling, LLM-en-
hanced retrieval, abstract temporal reasoning, and
recursive question decomposition (Chen et al.,
2023; Qian et al., 2024; Chen et al., 2024b; Gao
et al., 2024; Gong et al., 2025). Despite these ad-
vances, existing methods often decouple structural
evidence construction from temporal constraint
propagation, allowing early retrieval errors and
temporally inconsistent paths to persist through-
out multi-hop reasoning.

Addressing error propagation remains a highly
challenging issue for current reasoning pipelines.
Existing methods construct question-specific sub-
graphs (Sun et al., 2018), iteratively retrieve evi-
dence (Sun et al., 2019), or recursively decompose
complex questions (Gong et al., 2025). However,
because traditional subgraph expansion largely re-
lies on local structures, early retrieval mistakes can
accumulate and amplify along reasoning paths (He
et al., 2021), as shown in Figure 1(a). Without con-
tinuous semantic screening and active structural
compression, irrelevant neighbors can easily satu-
rate the candidate space, severely undermining the
reliability of multi-hop reasoning.

Furthermore, another critical deficiency stems
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Figure 2: Without TFRP vs. with TFRP. Without TFRP,
temporal validation is delayed until final ranking, allow-
ing time-conflicting paths to remain during reasoning.
With TFRP, feasible time regions are updated during
search, so temporally invalid evidence can be pruned
earlier.

from temporal conflicts caused by post-hoc tempo-
ral filtering. Existing TKGQA methods typically
treat time in a passive manner, either as embedding-
level temporal features (Saxena et al., 2021) or as
an isolated final-stage filtering signal (Qian et al.,
2024). Although these strategies improve tempo-
ral sensitivity (Mavromatis et al., 2022), they fail
to resolve temporal conflicts early in the reasoning
process, leaving temporally inconsistent paths scat-
tered across the search space (Chen et al., 2022).
This passivity leads to a rapid growth of invalid
structural combinations that appear semantically
plausible but are temporally infeasible, as demon-
strated in Figure 2(a).

To circumvent these limitations, we propose
ConTExT, which formulates TKGQA as a uni-
fied dual-space search over structural and temporal
spaces. The framework jointly optimizes the can-
didate space through two interactive components.
First, it dynamically anchors question-relevant en-
tities and performs selective subgraph exploration.
Distinct from naive neighborhood expansion, Con-
TExT combines path semantics with sub-question
consistency to introduce query-aligned evidence
while continuously compressing the structural rea-
soning space. Second, TFRP mitigates path con-
flicts by propagating temporal constraints during
exploration and maintaining a dynamic temporal
feasible region. By using temporal constraints as

online search signals rather than passive post-filters,
TFRP removes temporally incompatible evidence
earlier in the reasoning process. Fixed search bud-
gets and a maximum of three iterations keep the
procedure bounded, while the practical stopping
conditions are detailed in Section 3.3.

Our contributions are summarized as follows:

• We propose ConTExT, a unified dual-space
search framework for TKGQA that jointly op-
timizes structural paths and temporal spaces.

• We introduce a semantic-driven structural con-
traction mechanism that tightly couples expan-
sion with active searching, complemented by
TFRP which suppresses temporally incompat-
ible paths.

• Extensive experiments on MultiTQ demon-
strate that ConTExT achieves an approximate
27.1% improvement on challenging multi-hop
questions.

2 Preliminaries

A temporal knowledge graph (TKG) is denoted
as G = (E ,R, T ,F), where E , R, T , and F de-
note the sets of entities, relations, timestamps, and
temporal facts, respectively. Each temporal fact is
represented as a quadruple f = (es, r, eo, t) ∈ F ,
where es and eo are the subject and object entities,
r is the relation, and t specifies the timestamp at
which the fact holds.

TKGQA aims to answer a natural language ques-
tion q based on the temporal facts in G. The answer
can be either an entity or a temporal expression, de-
pending on the expected answer type expressed in
the question. Notably, TKGQA requires a model to
satisfy not only entity–relation matching but also
temporal constraints such as before, after, first, and
last.

We use Cq to denote the structural and temporal
constraints derived from q, and A(G′, q) to denote
the candidate answers supported by a subgraph
G′ ⊆ G.

3 Method

3.1 Overview

The operational workflow of ConTExT follows
an iterative search-and-contraction paradigm over
joint structural and temporal spaces to approxi-
mate a compact, self-consistent reasoning subgraph.
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As illustrated in Figure 3, the pipeline executes
through three tightly coupled phases:

Question Parsing and Initialization: Given a
query q and a graph G, the model extracts struc-
tural and temporal constraints to initialize a local-
ized reasoning subgraph (Figure 3, Left).

Dual-Space Joint Optimization: Starting from
the initial state, the framework alternates three op-
erations (Figure 3, Center): selective frontier ex-
pansion retrieves query-aligned evidence, TFRP
updates fact-level temporal feasibility, and struc-
tural contraction removes facts that violate relation–
object, path-connectivity, temporal-feasibility, or
answer-role constraints.

Constrained Answer Selection: ConTExT evalu-
ates and ranks all remaining graph-supported can-
didates under the accumulated joint constraints to
output the final answer (Figure 3, Right).

The complete procedure is formally summarized
in Algorithm 1.

3.2 Question Parsing and Initialization

Given an input question q, ConTExT uses a deter-
ministic rule-based parser to extract a structured
query:

Qq = (Ea, Er,R, o, y, g), (1)

where Ea and Er denote anchor entities and ref-
erence events; R denotes candidate relations; and
o, y, and g represent the temporal operator, an-
swer type, and temporal granularity, respectively.
Lexical patterns, benchmark-provided question
and answer-type fields, entity linking, and graph-
relation matching populate these fields; this stage
does not invoke an LLM. Qq induces joint struc-
tural constraints Cstr

q and temporal constraints
Ctmp
q . If no explicit timestamp is provided, the refer-

ence time tref is estimated by resolving Er against
relation- and anchor-compatible facts in G.

Instead of performing unrestricted k-hop neigh-
bor expansion, ConTExT utilizes Qq to construct a
focused initial subgraph G0. Candidate facts are
ordered by a fixed priority πinit: facts connect-
ing two anchors are considered first, followed by
anchor-adjacent facts matching the parsed relation
and object, relation-matching facts with compati-
ble time hints, other relation-matching anchor facts,
and finally a bounded one-hop fill-in. The initial
subgraph G0 = (V0, E0) is materialized under an
initialization budget B:

E0 = TopB(F ;πinit), (2)

where V0 comprises all entities involved in E0. This
localized subgraph defines the initial reasoning
state S0 = (G0,Θ0, Cq), where Θ0(f) = {tf} ini-
tializes the active temporal region for each fact,
serving as the starting frontier for the subsequent
dual-space joint optimization, as shown in Fig-
ure 3(left).

Algorithm 1: ConTExT
Input: Question q, temporal knowledge graph G
Output: Answer a∗

// Rule-based query parsing and state
initialization

1 Oq ← RuleParse(q,G)
2 (Qq, Cq, t

ref
q )← Normalize(Oq,G)

3 S0 = (G0,Θ0, Cq,B0)← InitState(Qq, t
ref
q ,G)

// Iterative subgraph evolution
4 i← 0
5 while ¬Converged(Si) do
6 qi ← GenSubQ(q, Si)
7 Ci ← N (Bi)
8 G+

i ← Gi ∪ TopK

(
Ci; sexp(f ; qi, Si)

)

9 foreach f ∈ G+
i do

10 Θi+1(f)← Θi(f) ∩ {t ∈ T |
ϕ(t, Ctmp

q ) = 1}
11 Ḡi+1 ← (Πtime ◦Πpath ◦Πrel)(G

+
i ,Θi+1, Cq)

12 Gi+1 ← Πrole(Ḡi+1, Qq)
13 Bi+1 ← Frontier(Gi+1, Gi)
14 Si+1 ← (Gi+1,Θi+1, Cq,Bi+1); i← i+ 1

// Constrained answer selection
15 G∗ ← FinalSubgraph(Si)
16 (Aq, s̃,Ftop)← ScoreCandidates(G∗, Qq)
17 a′ ← LLMSelect(q,Aq,Ftop)
18 a∗ ← Guard(a′, Aq, s̃, Qq)
19 return a∗

3.3 Iterative Subgraph Evolution

The initial subgraph may contain incomplete evi-
dence or locally plausible but globally inconsistent
facts. ConTExT therefore evolves the reasoning
space through a coupled expansion–propagation–
contraction process. This design allows the model
to introduce new evidence when necessary, while
continuously suppressing facts that violate seman-
tic, structural, or temporal constraints.

Sub-question guided expansion. At iteration i,
ConTExT derives a local sub-question qi from the
original question q and the current state Si. The
generator receives q, the parsed constraints, the
current frontier and subgraph size, and summaries
of the two most recent expansion and contrac-
tion steps. It returns a compact structured record
containing a local search goal and relation, time,
and answer-type hints. An LLM may produce this
record; if it is unavailable or its output is invalid,
a deterministic rule-based template provides the
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Figure 3: Overview of the ConTExT framework. ConTExT parses the input question into structured constraints,
constructs an initial reasoning subgraph, iteratively evolves the subgraph through expansion, temporal propagation,
and contraction, and finally resolves graph-supported candidates under structural and temporal constraints.

same fields.
The generated record contains only search hints

and cannot overwrite Qq or introduce entities into
the parsed anchor set; the deterministic relations,
temporal constraints, and answer type retain sepa-
rate priority in expansion. Thus, qi is a soft search
guide rather than an intermediate answer commit-
ment. For each candidate fact adjacent to the cur-
rent frontier Bi, the expansion score is computed
as

sexp(f) = λs sim(f, qi) + λc coh(f, Si)

+ βrIr(f) + βoIo(f),
(3)

where sim combines token overlap with relation
and time-hint agreement, while coh measures con-
tact with the current frontier, existing entities, the
parsed object, and the reference entity. The indi-
cators Ir and Io mark parsed-relation and object-
compatible facts, respectively. The expanded sub-
graph is

G+
i = Gi ∪ TopK(Ci; sexp), Ci = N (Bi). (4)

This step keeps expansion selective: new facts are
introduced only when they are consistent with the
current search intent and the evolving reasoning
state.

Structure time joint contraction. After expan-
sion and temporal propagation, ConTExT con-
tracts the subgraph to preserve a compact and self-
consistent reasoning space:

Gi+1 = (Πrole ◦Πtime ◦Πpath ◦Πrel)(G
+
i ), (5)

where Πrel removes relation-object mismatches,
Πpath removes facts disconnected from valid rea-
soning paths, Πtime removes facts with empty fea-
sible time regions, and Πrole enforces answer-side
role consistency. The frontier is updated as

Bi+1 = Frontier(Gi+1, Gi). (6)

The iteration terminates when any of the follow-
ing holds: the maximum of three steps is reached;
the subgraph is empty; expansion selects no new
fact; the contracted subgraph contains at most 120
facts after one step when a complete relation–entity
scaffold is parsed (or after two steps otherwise); or
its fact count is unchanged across two consecutive
contraction steps. The explicit three-step cap pre-
vents indefinite add–remove oscillation even when
the fact identities change while their count remains
stable. Through repeated expansion and contrac-
tion, ConTExT approaches a compact reasoning
subgraph that is structurally connected and tempo-
rally valid under the parsed constraints.

Bounded search and scalability. The search is
explicitly bounded by the initialization budget, the
per-step expansion budget, and the three-step it-
eration cap. Contraction removes relation-, path-,
time-, and role-incompatible facts after each expan-
sion, preventing newly retrieved evidence from ac-
cumulating without control. The graph-side search
cost therefore grows with the number of inspected
frontier neighbors within these fixed budgets. Nev-
ertheless, frontier enumeration remains dependent
on local entity degree, and scaling to substantially
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larger or denser TKGs may require additional in-
dexing or neighbor sampling.

TFRP. For each fact f , ConTExT maintains a
feasible time region Θi(f), which records the
timestamps still compatible with the temporal con-
straints. Given c ∈ Ctmp

q , TFRP updates this region
as

Θi+1(f) = Θi(f) ∩ {t ∈ T | ϕ(t, c) = 1}, (7)

where ϕ(t, c) checks whether timestamp t satisfies
the temporal constraint c. This update makes tem-
poral validity part of the evolving reasoning state.
When Θi+1(f) = ∅, the fact becomes temporally
infeasible and is removed during contraction.

3.4 Answer Selection

After convergence, ConTExT selects the final an-
swer from the stabilized subgraph G∗. For each
candidate a, its supporting facts are

F∗(a) = {f ∈ G∗ | ρ(f,Qq) = a}, (8)

where ρ(·) extracts an answer according to the
parsed answer type and role constraint. The candi-
date set is Aq = {a | F∗(a) ̸= ∅}. Each candidate
is scored by

s̃(a) = |Fop
∗ (a)|+ ηb(a, o, trefq )+∆(a;xa), (9)

where the three terms measure operator-compatible
evidence, temporal boundary preference, and
lightweight reranking features. If the top candidate
is confident, ConTExT returns argmaxa∈Aq s̃(a);
otherwise, an LLM is used only to select from Aq,
and invalid outputs are replaced by the highest-
ranked graph-supported candidate.

4 Experiments

4.1 Experimental Setup

Dataset. We evaluate ConTExT on MultiTQ
(Chen et al., 2023), a large-scale TKGQA bench-
mark built from ICEWS05-15. MultiTQ contains
questions with multiple temporal granularities and
covers both single-constraint and multi-constraint
reasoning. The test split includes entity answers
and time answers, which allows us to evaluate
whether a model can jointly identify relevant facts,
compare temporal boundaries, and return the re-
quired answer type. Table 1 reports the category
distribution used in our experiments.

Table 1: Statistics of question categories in the MultiTQ
benchmark.

Category Train Dev 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 57,979 54,584

Baselines. Following previous TKGQA evalua-
tions (Qian et al., 2024; Gong et al., 2025), we com-
pare ConTExT with three groups of methods. The
first group contains pre-trained language models
and general LLM baselines, including BERT (De-
vlin et al., 2019), DistilBERT (Sanh et al., 2019),
ALBERT (Lan et al., 2020), LLaMA2 (Tou-
vron et al., 2023), and ChatGPT. The second
group contains embedding-based TKGQA meth-
ods, including EmbedKGQA (Saxena et al., 2020),
CronKGQA (Saxena et al., 2021), and Mul-
tiQA (Chen et al., 2023). The third group con-
tains recent temporal reasoning methods, includ-
ing ARI (Chen et al., 2024b), TimeR4 (Qian et al.,
2024), and RTQA (Gong et al., 2025). We report
Hits@1 and Hits@10, and further break down the
results by question type and answer type.

Implementation Details. We implement Con-
TExT in Python and conduct all experiments on the
official MultiTQ split. The deterministic parser ex-
tracts anchors, matched relations, reference events,
temporal operators, answer roles, and granularity
without an LLM. For each question, initialization
uses one-hop facts and keeps at most 800 facts.
Each of at most three evolution steps considers up
to 600 frontier-neighbor facts and adds the top 30.
The final candidate pack keeps 15 candidates, while
the final prompt contains at most the top 10 with
compact supporting evidence.

The main experiments use deepseek-v4-flash
through an OpenAI-compatible API for two
bounded roles: generating the structured local
sub-question and resolving ambiguous final can-
didates. Rule-based sub-question generation and
deterministic top-ranked selection serve as fall-
backs. We set the temperature to 0 and limit
sub-question and final-selection outputs to 256 and
1024 tokens, respectively. The final selector must
copy an answer from the evidence pack; off-list
or wrong-granularity outputs are replaced by the
highest-ranked valid candidate. The default hyper-
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Table 2: Performance comparison on the MultiTQ test set. The best and second-best results are marked in bold and
underlined, respectively.

Model Hits@1 (%) Hits@10 (%)

Overall Multiple Single Entity Time Overall Multiple Single Entity Time

BERT 8.3 6.1 9.2 10.1 4.0 44.1 39.2 46.1 53.1 22.2
DistilBERT 8.3 7.4 8.7 10.2 3.7 48.2 42.6 50.5 59.1 21.6
ALBERT 10.8 8.6 11.6 13.9 3.2 48.4 41.5 51.2 58.9 22.8
LLaMA2 18.5 10.1 22.0 23.9 5.5 – – – – –
ChatGPT 10.2 7.7 14.7 13.7 2.0 – – – – –

EmbedKGQA 20.6 13.4 23.5 29.0 0.1 45.9 43.9 46.7 64.8 0.1
CronKGQA 27.9 13.4 33.7 32.8 15.6 60.8 45.3 67.1 69.6 39.2
MultiQA 29.3 15.9 34.7 34.9 15.7 63.5 51.9 68.2 73.3 39.6

ARI 38.0 21.0 68.0 39.4 34.4 – – – – –
TimeR4 72.8 33.5 88.7 63.9 94.5 – – – – –
RTQA 76.5 42.4 90.2 69.2 94.2 76.8 42.7 90.7 69.7 94.2

ConTExT 77.1 53.9 86.2 74.5 82.6 87.2 74.8 92.2 86.6 88.5

parameters are operator-aware ranking strength
1.00, multiple-boundary score margin 0.250, and
peer-relation promotion gap 0.20. All reported
results are measured by Hits@1 and Hits@10.
Table 2 uses the full test split, whereas the diagnos-
tic ablation and LLM-selector studies in Tables 3
and 4 use the same fixed 50% test subset for effi-
ciency; their absolute Overall scores are therefore
not directly comparable.

4.2 Main Results

Overall Effectiveness. The main comparison on
MultiTQ demonstrates that ConTExT achieves the
strongest overall performance among all compared
methods, as reported in Table 2. Compared with
RTQA, the strongest baseline in Table 2, Con-
TExT improves overall Hits@1 by 0.6 percentage
points (77.1% vs. 76.5%) and overall Hits@10 by
10.4 percentage points (87.2% vs. 76.8%). This
indicates that dual-space contractive search can
more effectively control both structural evidence
and temporal validity than retrieval-augmented or
decomposition-based reasoning pipelines.
Strong Gains on Multi-hop Reasoning. The most
notable improvement appears on Multiple ques-
tions, where ConTExT increases Hits@1 from
42.4% to 53.9% compared with RTQA. This gain
suggests that ConTExT is particularly effective
when a question requires multiple reasoning steps
or involves more than one temporal constraint. A
likely reason is that ConTExT does not commit to
a fixed chain of intermediate answers. Instead, it
maintains an evolving reasoning subgraph and con-
tinuously removes evidence that violates structural
or temporal constraints, thereby reducing the effect
of early reasoning errors.

ConTExT is designed primarily for complex tem-
poral reasoning rather than single-fact matching. Its
advantage is therefore more pronounced when ques-
tions require multi-event search, temporal ordering,
and structural–temporal consistency, whereas the
gain can be smaller for Single questions that are al-
ready solvable through a direct evidence path. The
method should thus not be interpreted as uniformly
superior across all question categories.

Improved Candidate Quality. The Hits@10 re-
sults further show that ConTExT improves not only
the final top-ranked prediction but also the quality
of the candidate set. It achieves 74.8% Hits@10
on Multiple questions and 86.6% Hits@10 on en-
tity answers, indicating that correct answers are
more frequently preserved after iterative subgraph
evolution. This result supports the effectiveness of
semantic-driven expansion, structural contraction,
and TFRP, which jointly suppress irrelevant or tem-
porally infeasible paths before answer selection.

Remaining Gap on Time Answers. Although
ConTExT performs strongly on overall and entity-
based reasoning, its gains are not uniform across
temporal question types, and TimeR4 and RTQA
remain more competitive on time-answer Hits@1.
TFRP is most useful when multi-event ordering
and structural–temporal consistency jointly elim-
inate irrelevant evidence. Questions with explicit
temporal links, such as before/after and equality,
allow incompatible facts to be removed early. In
contrast, boundary-sensitive types such as after-
first and before-last depend on precise reference-
event grounding and boundary selection, so a lo-
cal grounding error can propagate to the final an-
swer. Exact-time questions further require times-
tamp normalization and preservation of boundary-
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adjacent evidence. Over-constrained pruning may
therefore remove a correct timestamp even when
the surrounding relation is identified, revealing a
precision–recall trade-off rather than an inherent
preference for entity answers. These cases motivate
more robust reference-event grounding, boundary-
aware retention, and timestamp calibration.

4.3 Ablation Study

Component Contributions. The ablation results
in Table 3 examine whether the performance of
ConTExT comes from its dual-space search design
rather than from a single scoring heuristic. Each
variant removes one core component while keep-
ing the same evaluation protocol and comparable
search budget. Here, “w/o” denotes removing the
corresponding module from the full framework.

Table 3: Ablation results on the fixed 50% MultiTQ test
subset (Hits@1).

Model Overall Multiple Single Entity Time

ConTExT 77.84 54.69 86.94 75.26 83.89
w/o expansion 77.66 54.38 86.82 75.02 83.85
w/o contraction 76.75 53.52 86.03 74.36 83.51
w/o TFRP 51.36 19.52 63.74 39.03 80.03

Expansion Safely Boosts Topology Recall. Ex-
pansion safely boosts topology recall: removing
expansion leads to a slight but consistent decline,
with Overall Hits@1 decreasing from 77.84%
to 77.66%, Multiple questions from 54.69% to
54.38%, and Entity answers from 75.26% to
75.02%. The small drop indicates that the initial
subgraph already covers many useful facts, while
expansion still recovers complementary topology
around the anchored evidence. Its gains are there-
fore concentrated on questions that require addi-
tional connected facts beyond the initial neighbor-
hood. This supports selective expansion as a con-
trolled recall mechanism rather than unrestricted
neighborhood growth.
Contraction Purges Inconsistent Candidates to
Fine-Tune Reasoning Precision. Contraction
purges inconsistent candidates to fine-tune rea-
soning precision: removing contraction causes a
smaller but consistent decline, with Overall Hits@1
decreasing from 77.84% to 76.75%, Multiple ques-
tions from 54.69% to 53.52%, and Time answers
from 83.89% to 83.51%. This suggests that expan-
sion and TFRP recover and temporally regulate
most necessary evidence, while contraction sharp-
ens the final reasoning space by filtering relation-
object mismatches, disconnected paths, temporally

infeasible facts, and role-inconsistent candidates.
Its effect is most visible when several semantically
plausible facts compete but only part of them re-
mains compatible with the evolved subgraph.
TFRP Actively Suppresses Temporal Conflicts.
Removing TFRP causes the most substantial degra-
dation. Overall Hits@1 drops from 77.84% to
51.36%, while Multiple-question performance falls
sharply from 54.69% to 19.52%. Entity-answer per-
formance also decreases from 75.26% to 39.03%,
showing that temporal conflicts can mislead en-
tity selection, not only timestamp prediction. This
confirms that temporal information should actively
regulate the search process. Without TFRP, relation-
compatible but temporally invalid facts remain in
the intermediate reasoning space, which increases
the number of misleading candidates and weakens
multi-hop reasoning stability.

4.4 LLM Analysis
We further evaluate ConTExT with different LLMs
only in the role of final constrained selector. The
deterministic parser, subgraph search, and the LLM
used for local sub-question generation are held
fixed, so this experiment does not establish back-
bone insensitivity for sub-question generation. It
also does not compare the parametric knowledge of
the selector models: all receive the same structured
candidate evidence pack and must select from the
provided candidates. As shown in Table 4, gpt-4o
obtains the best overall Hits@1, while deepseek-
v4-flash, gemini-2.0-flash, and gpt-4o-mini remain
close.
Table 4: ConTExT results when varying only the final
LLM selector on the fixed 50% MultiTQ test subset
(Hits@1).

Model Overall Multiple Single Entity Time

deepseek-v4-flash 78.53 53.98 87.73 75.25 86.30
gemini-2.0-flash 78.07 53.86 87.13 74.96 85.39
gpt-4o 78.83 54.48 87.96 75.48 86.74
gpt-4o-mini 77.67 52.70 87.04 73.89 86.56

The overall range across the four final selectors
is only 1.16 points, indicating limited sensitivity
to the LLM used at this final stage. This stabil-
ity comes from the separation between determinis-
tic evidence control and language-model selection:
rule-based query parsing, subgraph evolution, and
candidate ranking establish the admissible answer
space, while the final LLM resolves ambiguous
comparisons inside a compact evidence pack. The
small gap between gpt-4o and gpt-4o-mini sug-
gests that a smaller model can remain competitive
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Figure 4: Parameter sensitivity on overall Hits@1.

as the final selector once the reasoning space is
restricted. The effect of changing the sub-question-
generation backbone is outside the scope of this
table and should be evaluated separately.

4.5 Parameter Sensitivity

To examine parameter sensitivity, we vary one co-
efficient at a time while keeping the remaining set-
tings fixed, as shown in Figure 4. This one-factor
design isolates the contribution of each constraint
signal in ConTExT.
Operator-aware ranking strength (OAR). OAR
adjusts the influence of temporal-operator compati-
bility during candidate ranking. Raising OAR from
0.25 to 1.00 improves overall Hits@1 from 70.65%
to 77.11%, indicating that the final answer is sen-
sitive to whether candidates satisfy operators such
as before, after, first, last, and equality. The curve
also shows that further increasing this factor does
not bring additional gains, suggesting that temporal
ordering should guide the ranking process without
dominating all structural evidence.
Multiple-boundary score margin (MBM). MBM
strengthens the separation among candidates in
questions that involve several temporal boundaries.
Its improvement is more moderate than OAR but
remains stable across the tested range, which is con-
sistent with the role of MBM: it mainly helps cases
where an answer must satisfy more than one bound-
ary condition rather than simple single-operator
queries. The slight decline beyond the default set-
ting implies that overly strict boundary margins
may discard facts that are still compatible with the
intended reasoning path.
Peer-relation promotion gap (PRG). PRG refines
the ranking of semantically close relation candi-
dates after temporal feasibility has been established.
A larger gap helps prevent neighboring relations
with similar surface forms from sharing nearly iden-

tical scores, thereby making the top candidate more
stable. However, the curve is relatively flat com-
pared with OAR, showing that PRG is a secondary
calibration factor rather than the main source of
improvement.

4.6 Case Study

We analyze a MultiTQ test question labeled as Mul-
tiple: “After Tony Blair, which country was the first
to express an interest in cooperating with Iraq?”
This case requires two coupled reasoning steps. The
model must first resolve the reference event (Tony
Blair, express intent to cooperate, Iraq, 2006-05-
24), and then search for the earliest country-level
subject satisfying the same cooperation-intent rela-
tion with Iraq after this boundary. As illustrated in
Figure 5, a flat retriever can collect many relation-
compatible facts, including (France, express intent
to cooperate, Iraq, 2005-03-27), (Kuwait, express
intent to cooperate, Iraq, 2005-06-09), (Japan, ex-
press intent to cooperate, Iraq, 2005-12-06), and
(Iran, express intent to cooperate, Iraq, 2006-03-
17). Although these facts match the target relation
and object, they precede the reference event and
should not support the answer.

Figure 5: Case study of ConTExT on a multiple-
constraint MultiTQ question. ConTExT first grounds
the reference event, propagates the resulting temporal
boundary, removes relation-compatible but temporally
invalid facts, and selects the earliest valid answer fact
from the evolved subgraph.

ConTExT handles this case by explicitly sepa-
rating reference grounding, temporal propagation,
and answer selection. The reference fact fixes the
feasible region to timestamps later than 2006-05-
24. TFRP removes all candidate facts whose times-
tamps fall outside this region, while contraction
keeps only facts that remain connected to the parsed
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relation-object pattern and answer role. In the re-
maining subgraph, (Iran, express intent to coop-
erate, Iraq, 2006-05-26) is the earliest valid can-
didate, whereas later valid facts such as (Japan,
express intent to cooperate, Iraq, 2006-10-23) and
(South Korea, express intent to cooperate, Iraq,
2007-02-08) satisfy the boundary but lose under
the first operator. The final answer is therefore Iran.
This example explains why ConTExT is especially
effective on Multiple questions: the method does
not merely retrieve facts that mention the right rela-
tion, but constructs a compact reasoning subgraph
in which the reference event, temporal boundary,
answer role, and ordering operator must be jointly
satisfied.

5 Conclusion

In this paper, we introduce ConTExT, a framework
for temporal knowledge graph question answer-
ing that reformulates temporal reasoning as a con-
strained search process over a compact reasoning
subgraph. Rather than retrieving independent facts
and relying on free-form generation, ConTExT pro-
gressively constructs a graph-supported reasoning
space through query parsing, focused subgraph con-
struction, sub-question guided expansion, structure
time joint contraction, and TFRP. The final answer
is resolved from graph-supported candidates under
explicit structural and temporal constraints. Exper-
imental results on the evaluated TKGQA bench-
mark show that ConTExT effectively improves
complex temporal reasoning, particularly for ques-
tions involving temporal ordering, multi-hop evi-
dence, and multiple temporal constraints.

Limitations

Although ConTExT shows promising performance,
three limitations remain. First, its gains are not uni-
form across question types: contractive search may
be unnecessary for Single questions with direct
evidence paths, while exact-time and boundary-
sensitive questions depend on accurate reference-
event grounding, boundary selection, and times-
tamp normalization; overly aggressive pruning may
therefore discard correct temporal evidence. Sec-
ond, although fixed budgets and contraction bound
the retained reasoning space, frontier expansion
still depends on local entity degree, and substan-
tially larger or denser TKGs may require additional
indexing or neighbor sampling. Third, the current
evaluation is centered on MultiTQ and normalized

discrete timestamps with explicit comparison oper-
ators. Broader evaluation and more expressive mod-
eling of vague, interval-valued, and duration-based
temporal information remain important directions
for future work.
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must jointly consider entity–relation semantics,
temporal operators, event ordering, and multi-hop
dependencies. Existing studies are closely related
to three aspects of our problem setting: control-
ling error propagation in multi-hop evidence con-
struction, modeling temporal constraints during
TKGQA, and using LLMs for complex temporal
reasoning.

A.1 Error Propagation in Multi-hop Evidence
Construction

Multi-hop KGQA methods usually construct an in-
termediate reasoning space before predicting the
final answer. Early studies build question-specific
subgraphs and perform neural reasoning over re-
trieved evidence. GRAFT-Net constructs a hetero-
geneous subgraph from knowledge bases and text,
while PullNet further retrieves evidence iteratively
to expand the question-specific subgraph (Sun et al.,
2018, 2019). Later work introduces intermediate su-
pervision to improve multi-hop reasoning stability
and reduce spurious paths (He et al., 2021). These
methods show that explicit evidence construction
is important for multi-hop question answering, but
their expansion process is mainly driven by local
graph neighborhoods or learned retrieval scores.
When irrelevant nodes are introduced early, later
reasoning may still proceed over a noisy and en-
larged search space.

Recent LLM-enhanced graph reasoning methods
further explore planning, path discovery, and inter-
action with structured environments (Luo et al.,
2023; Cheng et al., 2024). Such methods improve
semantic flexibility and interpretability, but they
often rely on step-wise decisions or generated rea-
soning paths. This makes the reasoning process
vulnerable to accumulated errors when an early
path, entity, or intermediate answer is incorrect.
In TKGQA, this issue becomes more severe be-
cause an intermediate state must be not only struc-
turally plausible but also temporally valid. RTQA
explicitly addresses this problem by recursively
decomposing complex temporal questions and ag-
gregating multiple answer sources to mitigate er-
ror propagation (Gong et al., 2025). However,
decomposition-based reasoning still depends on
the correctness of intermediate sub-questions and
answers, and it does not fully replace the need for
a globally constrained reasoning space.

A.2 Temporal Constraint Modeling and
Delayed Validation

A central challenge in TKGQA is how to incorpo-
rate time into question answering. Early TKGQA
methods formulate the task as temporal knowl-
edge graph completion or representation match-
ing. CronKGQA projects question representations
into temporal KG embedding spaces, while Tem-
poQR augments question embeddings with contex-
tual, entity-aware, and time-aware modules (Sax-
ena et al., 2021; Mavromatis et al., 2022). Other
studies improve time sensitivity through temporal
fusion, temporal-aware scoring, or subgraph-based
reasoning (Shang et al., 2022; Liu et al., 2023; Chen
et al., 2022). These methods demonstrate that tem-
poral information is essential for TKGQA, espe-
cially when questions involve implicit time scopes
or time-dependent entity states.

More recent benchmarks and models further em-
phasize temporal granularity and complex temporal
constraints. MultiTQ introduces multi-granularity
temporal question answering, where questions may
involve different time units and temporal opera-
tors (Chen et al., 2023). MusTQ further focuses
on multi-step temporal reasoning over temporal
knowledge graphs (Zhang et al., 2024). TimeR4
incorporates time-aware retrieval and reranking
to reduce temporal hallucination in LLM-based
TKGQA (Qian et al., 2024). Despite these ad-
vances, temporal information is often used as an
embedding feature, a retrieval signal, or a final-
stage ranking criterion. Such designs can filter ob-
viously invalid answers, but temporally conflicting
facts may remain in the intermediate reasoning
space until late-stage selection. Therefore, complex
TKGQA still requires more explicit temporal-state
control during the reasoning process, rather than
treating time only as a post-hoc validation signal.

A.3 LLM-enhanced Complex Temporal
Reasoning

Large language models have recently been intro-
duced into TKGQA to improve question interpreta-
tion, temporal reasoning, and evidence utilization.
ARI divides temporal reasoning into knowledge-
agnostic and knowledge-based stages, enabling
LLMs to use abstract reasoning guidance and fac-
tual support (Chen et al., 2024b). Two-stage gener-
ative methods combine LLM-generated representa-
tions with graph information to improve temporal
question answering (Gao et al., 2024). Prog-TQA
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represents temporal constraints through executable
programs, while TempAgent uses time-aware tools
to handle temporal constraints in an agent-style rea-
soning process (Chen et al., 2024a; Hu et al., 2025).
These methods show the benefit of LLMs in pars-
ing complex questions and interpreting temporal
semantics.

However, LLM-centered temporal reasoning
also introduces new challenges. If the model freely
generates intermediate reasoning steps, the process
may become difficult to verify against graph evi-
dence. If it repeatedly calls an LLM for decompo-
sition, retrieval, and selection, the framework may
incur high inference cost and remain sensitive to
early mistakes. TimeR4 and RTQA are represen-
tative attempts to strengthen LLM-based TKGQA
through time-aware retrieval and recursive decom-
position, respectively (Qian et al., 2024; Gong et al.,
2025). Nevertheless, the two limitations discussed
above remain central: the reasoning process needs
stronger control over evidence scope to reduce er-
ror propagation, and temporal constraints need to
participate more actively in intermediate reasoning
rather than being delayed to the final answer stage.
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