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Abstract

Large language models are trained on static
corpora but deployed in a dynamic world,
leading to systematic temporal failures—from
mis-anchored expressions and inconsistent
timelines to hallucinated future events, stale
world knowledge, and related issues. Exist-
ing surveys on temporal knowledge graphs,
retrieval-augmented generation, hallucination,
and knowledge editing cover only isolated
fragments of this space: they are typically task-
centric and do not offer a holistic theoretical
account of how frozen LLMs represent and
reason about time. This survey provides a
unified perspective on temporal reasoning in
LLMs. We formalize temporal queries in an
information-theoretic framework based on the
parametric reachability of temporal premises
and answers, which induces four temporal in-
formation regimes corresponding to internal
reasoning, answer recency, premise anchor-
ing, and genuine world indeterminacy. Under
this lens, we delineate the landscape of tempo-
ral failure modes, consolidate methodologies
for diagnosing temporal deficiencies, and syn-
thesize mitigation approaches into a coherent
design space. Together, these contributions
provide a systematic roadmap toward reliable
time-aware large language models.

1 Introduction

Time is an invisible backbone of intelligence.
Large language models (LLMs), however, are es-
sentially static compressions of world knowledge
into neural parameters. This mismatch is partic-
ularly stark in a fundamentally dynamic world.
Temporal understanding is not a cosmetic linguis-
tic nuance: it is central to many modelling capa-
bilities and downstream applications. Dialogue
systems must track evolving timelines across
turns and speakers; retrieval-augmented genera-
tion (RAG) systems must distinguish fresh evi-
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dence from obsolete reports; autonomous agents
rely on temporal logic for planning, coordination,
and causal reasoning. Yet a foundational tension
remains: models trained on a finite snapshot of
data struggle to represent time as an abstract, struc-
tured dimension and to answer questions whose
truth values evolve over time. In practice, this
misalignment yields recurrent failure modes, in-
cluding (i) errors in parsing and anchoring, such
as contextual reference-frame drift (e.g., narrative
vs. reporting time) and distractor-induced spuri-
ous anchors; (ii) failures in temporal logic and
commonsense, including confused temporal order-
ing/interval relations and violations of typical du-
rations or preconditions; (iii) distortions in factual-
ity and recency, such as stale knowledge, halluci-
nated updates (including purported future events),
and variant—invariant confusion that causes answer
drift across changes in reference time, time zone,
or calendar system; and (iv) deficits in robustness
and uncertainty, where underspecified expressions
(e.g., “recently”) are collapsed into a single inter-
pretation with unwarranted confidence rather than
prompting clarification or abstention.

Despite the growing attention to temporal as-
pects of LLMs, the literature still lacks a sur-
vey that takes LLM temporal competence—how
a frozen model represents, anchors, and reasons
about time—as the primary object of study and
provides a unified, cross-task evaluation account.
Existing surveys cover adjacent pieces of this
problem but remain largely task-centric. Tempo-
ral KG/TKGQA surveys assume structured, time-
stamped triples and systematize temporal question
types and solution paradigms within that setting
(Su et al., 2024a; Cai et al., 2024). Temporal in-
formation extraction reviews focus on extraction-
centric pipelines (e.g., identifying/normalizing
temporal expressions and extracting temporal re-
lations) and transformer-based modeling choices
(Su et al., 2025a). Temporal IR and QA surveys
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emphasize temporally-aware retrieval objectives,
datasets, and evaluation protocols tailored to re-
trieval/QA scenarios (Piryani et al., 2025), while
RAG surveys largely frame time through knowl-
edge freshness and model updating via external
evidence rather than LLM-intrinsic temporal rea-
soning and generalization (Gao et al., 2024; Fan
et al., 2024). Knowledge editing work similarly
prioritizes post-hoc updating of stale facts, leaving
a fragmented picture of what temporal knowledge
a frozen LLM encodes, where it fails across sce-
narios, and how to evaluate its temporal abilities
in a principled and comprehensive manner (Wang
et al., 2023b).

To bridge this gap, this survey establishes a uni-
fied perspective on temporal reasoning in LL.Ms.
In Section 2, we first introduce an information-
theoretic framework to systematize the problem
space. By formalizing temporal queries based
on the parametric reachability of their premises
(Kprem) and answers (K4,s), we define four dis-
tinct information regimes: Internal Reasoning, An-
swer Recency, Premise Anchoring, and World In-
determinacy. This taxonomy serves as the theo-
retical axis of our survey, distinguishing whether
a failure stems from a lack of knowledge, a struc-
tural inability to parse constraints, or the genuine
indeterminacy of the future.

Guided by this coordinate system, we delineate
the full lifecycle of temporal reliability. We be-
gin by mapping the landscape of failure modes
in Section 3, systematically categorizing the spe-
cific contexts and error patterns—such as recency
bias and logical collapse—that models encounter
across different regimes. Subsequently, Section 4
consolidates methodologies for identifying capa-
bility boundaries, moving beyond static accuracy
to review benchmarks that diagnose robustness,
calibration, and sensitivity to temporal constraints.
Finally, in Section 5, we organize the landscape
of existing solutions, classifying approaches rang-
ing from internalization (pre-training) and aug-
mentation (RAG/TKGs) to cognitive scaffolding
and alignment. Ultimately, motivated by the lack
of a holistic perspective in current literature, this
survey aims to unify the capability taxonomy and
evaluation blueprint for LLM temporal compe-
tence across tasks and settings, thereby offering
the critical theoretical guidance necessary for a
comprehensive resolution of temporal challenges
in large language models. The overview of this sur-
vey and related datasets are presented in Appendix

A and B, respectively.

2 An Information-Theoretic Framework
for Temporal Reasoning

To address the tension between static parameters
and dynamic world, we formalize temporal rea-
soning through an information-theoretic lens, as
illustrated in Figure 1. We define the paramet-
ric reachability of a query’s premises and answer,
which partitions the problem space into four dis-
tinct regimes.

Definition 2.1 (Temporal Atomic Query) Let
X be the space of natural language inputs and C
the space of contexts (e.g., reference time, locale).
We define the space of temporal atomic queries as
Q := X x C. A query q is defined as atomic if it
targets a single, irreducible temporal variable (e.g.,
a specific timestamp, duration, or boolean state)
and cannot be decomposed into independent sub-
queries. Given a world-time structure M, each
atomic query ¢ € Q admits a semantic interpre-
tation denoted by the tuple:

(Htime(Q)v a*(Q)) (1)

where Hiime(q) denotes the temporal premises
required to interpret g (e.g., anchor points for rela-
tive expressions, calendar conventions), and a*(q)
denotes the ground-truth temporal answer.

Definition 2.2 (Parametric Reachability) Let
fo denote a language model with parameters 6 and
training cutoff ¢.,;. We introduce two binary indi-
cator functions to characterize the model’s internal
knowledge state regarding a query ¢:

1. Premise Reachability (K;.m). We define
Kprem(q;0) = 1 if 6 encodes sufficient
knowledge to reconstruct Hiime(q). For-
mally, this implies the existence of an infer-
ence path that correctly resolves temporal an-
chors and constraints necessary for the query.

2. Answer Reachability (K ,,s). We define
Kans(q;0) = 1if a*(q) is determined prior
to t.yy and is sufficiently represented in the
pre-training corpus to be recallable.

Based on the tuple (Kprem,Kans), the query
space Q is partitioned into four mutually exclusive
information regimes.

Regime I: Internal Frontier / Temporal Reason-
ing (Rr). Defined by

Kprem = 17 Kans =1 (2)
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Figure 1: Classification of atomic temporal questions based on Parametric Accessibility. The left panel illustrates
the four-quadrant taxonomy determined by whether the question’s premise and answer are accessible within the
model’s pre-trained parameters. The right panel provides representative examples for each of the four categories.

The model possesses both the structural knowl-
edge to parse constraints and the factual knowl-
edge of the answer.
Regime II: Answer Frontier / Recency (Rar).
Defined by

Kprem = 07 Kans = 1. 3)
The model can recover the temporal premises
Hiime(q), but the answer a*(q) post-dates the
training cutoff or is distributionally absent.
Regime III: Premise Frontier / Anchoring
(Rpr). Defined by

Kprem = 17 Kans = 0. (4)
The answer a*(q) is theoretically known (e.g., his-
torical facts), but the model lacks the internal
representations to fully reconstruct the premises
Htime(q)-
Regime IV: World Frontier / Indeterminacy
(Rwr). Defined by

Kprem = O’ Kans = 0. (5)
Both the premises and the answer are undeter-
mined or indeterminate at the time of querying.

For a fixed model 6, the temporal query space

Q can be decomposed into four regimes:

[OR~ 'RIF(Q)U'RAF(O)URPF(@)URWF(9), (6)

where U denotes a disjoint union in an idealized
sense.

However, real-world inquiries are rarely sin-
gular atomic instances; they are typically com-
posite problems constructed from multiple atomic
queries. Crucially, parametric reachability is nei-
ther a necessary nor a sufficient condition for cor-
rectness. Accurate temporal reasoning depends

heavily on a synthesis of broader capabilities—
including generalization, logical reasoning, con-
text understanding, and instruction following—
rather than memory alone. Consequently, the pres-
ence of parametric knowledge serves merely as a
favorable condition for reliability rather than a de-
terminant. This understanding underscores the ne-
cessity for a comprehensive taxonomy of failure
modes, which we will detail in the subsequent sec-
tion.

3 Taxonomy of Temporal Failures

Building on the theoretical framework in Sec-
tion 2, we map the landscape of temporal failures.
These deficiencies systematically undermine the
reliability of LLMs, ranging from low-level pars-
ing errors to high-level epistemic miscalibration.

3.1 Errors in Parsing and Anchoring

Parsing and anchoring constitute the entry point
of temporal understanding. Errors in this domain
arise when models fail to interpret implicit time,
discriminate irrelevant cues, or bind expressions
to the correct reference frame.

Contextual Reference-Frame Drift. A primary
failure mode involves binding temporal expres-
sions to incorrect anchors, e.g., conflating narra-
tive time with reporting time or missing implicit
temporal cues. In parallel, temporal reference
frames may drift due to relative time, time zones,
calendar conventions, and cross-lingual or cultural
variation, severely interfering with temporal an-
choring. First, LLMs are often insufficiently sensi-
tive to contextual time signals, showing frequent
anchor drift when tracking discourse-level refer-
ence points across turns or narratives (Zhang et al.,
2024b; Fan and Strube, 2025; Su et al., 2023a;
Wallat et al., 2024; Qiu et al., 2024). Second, they
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recurrently fail to recover implicit temporal piv-
ots across heterogeneous inputs (including natural
language and semi-structured/structured text), re-
flecting temporal robustness deficiencies that can
trigger mis-anchoring and absolute-time inconsis-
tencies under differing reference frames (Fan and
Strube, 2025; Su et al., 2025b; Deng et al., 2025;
Wallat et al., 2024; Qiu et al., 2024; Lazaridou
et al., 2021; Gautam et al., 2024; Yang et al.,
2023; Qian et al., 2024a; Holtermann et al., 2025).
Third, anchoring errors intensify under cross-
lingual and cultural drift, including cross-temporal
summarization shifts, non-Gregorian calendars,
culturally grounded norms, co-temporal reasoning
weaknesses, time—place inconsistencies, and time-
varying multilingual distributions (Zhang et al.,
2024a; Sasaki et al., 2025; Alqifari et al., 2025; Su
et al., 2024c; Holtermann et al., 2025; Liu et al.,
2025a).

Distractor-Induced Spurious Anchors. A pri-
mary failure mode is mis-binding events to se-
mantically related but temporally irrelevant cues,
such that distractor timestamps (e.g., adjacent
years, background timelines, or topically simi-
lar snippets) become de facto anchors—especially
in multi-source, fast-updating settings where ev-
idence is stale, conflicting, or temporally mis-
aligned. Under dense distractors and fluctuating
context quality, temporally wrong yet semantically
plausible snippets can dominate attention and pull
predictions toward incorrect anchors (Schumacher
et al., 2025; Zeng et al., 2025). Mis-anchoring fur-
ther worsens when externally introduced informa-
tion has mismatched timing/recency, creating con-
flicts between retrieved cues and internal knowl-
edge (Cheng et al., 2024b; Zeng et al., 2025);
as contexts lengthen and become more hetero-
geneous, the set of temporally irrelevant but se-
mantically similar candidates expands, increasing
spurious-anchor risk (Xiong et al., 2024; Kulkarni
et al., 2025).

3.2 Failures in Logic and Commonsense

Even when expressions are parsed correctly, mod-
els frequently fail in logical deduction and com-
monsense reasoning, leading to internally incon-
sistent timelines.

Temporal Relation Confusion. Models strug-
gle to maintain consistent Allen interval relations,
often confusing before/after and overlap/during
under minor context shifts. This failure is per-

vasive in document-level extraction, where graph-
based and memory-augmented approaches high-
light the brittleness of locally made decisions
(Mathur et al., 2021; Phu et al., 2021; Yuan et al.,
2024a). Errors often stem from over-reliance on
shallow cues or fragile point estimates, rather than
deep interval semantics (Cheng and Weiss, 2023).
Unified frameworks diagnose these as systematic
transitivity violations (Huang et al., 2023; Ning
et al., 2024), corroborating earlier evidence on
the degradation of temporal ordering capability
(Ballesteros et al., 2020; Han et al., 2019). In gen-
erative settings, these inconsistencies surface as
narrative incoherence and long-horizon temporal
drift (Mathur et al., 2024), and in co-temporal rea-
soning where models conflate co-occurrence with
simultaneity (Su et al., 2024c¢; Ge et al., 2025).

Temporal Commonsense Violation. Models
frequently generate answers that violate physical
or social temporal regularities, such as implausi-
ble durations or reversed preconditions. Large-
scale benchmarks reveal persistent gaps in estimat-
ing event durations and frequencies (Jain et al.,
2023), partly attributable to reporting bias in text
corpora (Cai et al., 2022). Although auxiliary-
task and multi-task training can improve temporal
commonsense performance (Kimura et al., 2022),
models still struggle to internalize well-calibrated
priors over typical event timescales (Wenzel and
Jatowt, 2023) and to exploit question-specific tem-
poral context in time-sensitive QA (Yang et al.,
2024). In embodied decision making and plan-
ning, these temporal inconsistencies can surface as
unsafe or non-executable action sequences, includ-
ing incorrect step ordering (Son et al., 2025; Ishay
and Lee, 2025).

3.3 Distortions in Factuality and Recency

Failures in this category reflect a misalignment be-
tween the model’s static parameters and the dy-
namic world, manifesting as hallucinations, stal-
eness, or confusion of variability.

Recency Distortion and Stale Knowledge. Be-
cause pretraining captures a snapshot of the world,
language models can systematically produce tem-
porally misaligned answers—relying on facts that
were true during data collection but have since
changed. Empirically, performance degrades as
evaluation moves beyond the training period, re-
vealing temporal generalization failures and “tem-
poral blind spots” (Lazaridou et al., 2021; Wal-
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lat et al., 2024). This mismatch is further exacer-
bated by implicit, topic- or source-dependent ‘“‘ef-
fective cutoffs,” where a model’s demonstrated re-
cency can vary substantially across sub-resources
even under a single reported cutoff (Cheng et al.,
2024a). This mismatch is particularly salient for
volatile or time-evolving knowledge: models may
confidently recite outdated statements unless they
can identify which facts have likely expired or de-
fer to up-to-date sources (Zhang and Choi, 2023;
Wallat et al., 2024). Even with retrieval, ro-
bustness under fast-changing, time-sensitive cor-
pora is not guaranteed: stress tests over dynamic
sources and systematic query/document perturba-
tions show RAG systems remain vulnerable to
noisy, conflicting, or shifting evidence, limiting
their ability to reliably stay current (Zeng et al.,
2025). However, continually repairing such stale-
ness is non-trivial—continual knowledge updates
via naive fine-tuning risk catastrophic forgetting of
time-invariant knowledge (Jang et al., 2022).

Variant-Invariant Confusion. Models often
conflate time-varying facts (e.g., “current presi-
dent”) with time-invariant ones (e.g., “birth date™),
and time-aware probing suggests they may either
overfit to a specific period or smear temporally
distinct variants when trained over narrow slices
or broad ranges (Dhingra et al., 2022). This con-
fusion manifests as temporal QA/forecasting er-
rors where dynamic signals are blurred across
time (e.g., over-reliance on recency/recurrency
patterns or mixing timestamped evidence in tem-
poral KG forecasting/embeddings), and mechanis-
tic analyses similarly indicate that even temporal-
specialized attention heads do not reliably sepa-
rate temporal regimes (Gastinger et al., 2024; Han
et al., 2024; Park et al., 2025).

3.4 Deficits in Robustness and Uncertainty

Finally, we address the inability of models to han-
dle ambiguity or signal ignorance, which renders
answers brittle and untrustworthy. When con-
fronted with underspecified expressions (e.g., “re-
cently”), models often collapse ambiguity to a sin-
gle implicit interpretation and present it with un-
warranted confidence rather than eliciting missing
context. First, evidence from ambiguous open-
domain QA shows that underspecification fre-
quently reflects temporal dependence and other la-
tent assumptions, yet systems still fail to represent
multiple plausible readings (Min et al., 2020; Pa-

pakostas and Papadopoulou, 2023). Second, even
when interaction could resolve ambiguity, mod-
els often do not initiate clarification and instead
proceed with speculative completion (Zhang and
Choi, 2025). Third, pipeline analyses suggest that
robustness hinges on reliably detecting underspec-
ification; when detection fails, downstream fusion
or checking can still yield confident but arbitrary
outputs (Gao et al., 2021). Additionally, these fail-
ures persist in time-sensitive contexts where ab-
stention or verification would be appropriate, as
illustrated by selective prediction in realistic set-
tings and self-consistency based hallucination de-
tection over dated factual claims (Xin et al., 2021;
Manakul et al., 2023).

4 Identifying Temporal Deficiencies

Having mapped the landscape of temporal fail-
ures in Section 3, we now turn to the methodolo-
gies for systematically identifying these deficien-
cies. Existing evaluation protocols can be orga-
nized into four families based on their intervention
strategies: (i) anchor-controlled contrastive test-
ing, (ii) constraint-based reasoning evaluation, (iii)
version-sensitive knowledge assessment, and (iv)
perturbation- and uncertainty-oriented evaluation.
These families transition the field from anecdotal
observation to reproducible measurement.

4.1 Anchor-Controlled Contrastive Testing

Targeting parsing and anchoring errors, this
methodology employs contrastive evaluation—
varying temporal reference frames to test if mod-
els correctly resolve relative expressions versus
relying on shallow heuristics. = More general
reading-comprehension benchmarks motivate con-
trolled context shifts, which temporal benchmarks
then specialize into explicit re-anchoring tests
(Hermann et al., 2015; Trischler et al., 2017).
Concretely, TORQUE evaluates whether models
preserve event order under narrative and ques-
tion re-anchoring, while implicit-event supervi-
sion stresses anchoring when temporal signals
are missing or indirect (Ning et al., 2020; Zhou
et al., 2021a). Dialogue further amplifies refer-
ence drift: TIMEDIAL probes temporal com-
monsense grounded in conversational context (Qin
et al., 2021). Recent benchmarks disentangle ex-
plicit/implicit/vague mentions (TRAVELER) and
cross-cultural calendar conversion (SPAN), expos-
ing over-reliance on surface cues (Kenneweg et al.,
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2025; Miao et al., 2026). Finally, unified suites
(TIMEBENCH, TRAM) consolidate tasks to local-
ize anchoring bottlenecks, and temporal-sensitive
RAG QA benchmarks extend anchor control to
retrieval-time alignment (Chu et al., 2024; Wang
and Zhao, 2024; Chen et al., 2025b).

4.2 Constraint-Based Temporal Reasoning
Evaluation

This methodology identifies logical and common-
sense failures by framing temporal reasoning as a
global constraint satisfaction problem. The evalu-
ation asks whether outputs satisfy global temporal
structure, treating violations of explicit relations
(e.g., interval constraints) or implicit priors (e.g.,
typical duration/frequency) as failures. Temporal
commonsense resources show that events evoke
stereotyped durations and scripts, while discourse-
level datasets require globally coherent ordering
beyond sentence-local cues (Zhou et al., 2019;
Naik et al., 2019). Reading and dialogue bench-
marks operationalize constraint satisfaction by re-
quiring consistent event graphs or conversational
timelines, including TORQUE, TIMEDIAL, and
implicit-event reasoning from distant supervision
(Ning et al., 2020; Qin et al., 2021; Zhou et al.,
2021a). Diagnostic and synthetic benchmarks fur-
ther isolate propagation and temporal arithmetic,
e.g., TEST OF TIME and broader LLM temporal-
reasoning evaluations (Fatemi et al., 2025; Tan
etal., 2023); TIMEBENCH and TRAM unify these
into hierarchical testbeds (Chu et al., 2024; Wang
and Zhao, 2024). In QA, implicit-time-constraint
and complex multi-hop settings enforce global
consistency across latent time conditions (Jia et al.,
2024; Gruber et al., 2025). In structured knowl-
edge settings, temporal-KGQA datasets impose
strict structural and multi-granularity constraints
over time-varying relations (Saxena et al., 2021;
Chen et al., 2023b; Ong et al., 2023).

4.3 Version-Sensitive Knowledge Assessment

This line of work targets factual staleness and hal-
lucinations by treating world knowledge as time-
indexed facts and evaluating whether a model can
return the correct version of a fact under an ex-
plicit temporal (or situational) reference, rather
than merely retrieving a plausible answer. Bench-
marks such as time-sensitive QA and SITUAT-
EDQA make version selection explicit via times-
tamps and extra-linguistic context (Chen et al.,
2021; Zhang and Choi, 2021). To track adapta-

tion as “now” advances, self-updating benchmarks
refresh gold answers from external sources, en-
abling longitudinal evaluation without manual re-
labeling (Meem et al., 2024; Lin et al., 2025).
Complementary analyses benchmark temporal re-
call boundaries and diagnose misalignment be-
tween query time and stored facts (Herel et al.,
2024). Verification-oriented protocols such as DY-
KNoOw dynamically check outputs against up-to-
date KGs to separate outdated recall from confab-
ulation, while EVOLVEBENCH integrates cogni-
tion, awareness, and trustworthiness under evolv-
ing knowledge and invalid timestamps (Mousavi
et al., 2024; Zhu et al., 2025b). Robustness stud-
ies further show that even simple temporal context
shifts can trigger factual anomalies, clarifying the
staleness—hallucination boundary (Khodja et al.,
2025). Finally, historical news QA datasets ex-
tend version-sensitive evaluation to archived cor-
pora with controlled temporal access (Wang et al.,
2022; Piryani et al., 2024).

4.4 Perturbation and Uncertainty Oriented
Evaluation

The final family probes robustness and epistemic
uncertainty, evaluating behavior under ambigu-
ity, perturbation, or conflict. Robustness diag-
nostics measure stability under benign temporal
rewrites and reference shifts, revealing systematic
anomaly patterns (Khodja et al., 2025). In RAG,
temporal-sensitive QA benchmarks test whether
small temporal perturbations induce retrieval drift
toward temporally confusable evidence (Chen
et al., 2025b). For vagueness, TRAVELER quan-
tifies over-commitment when references are un-
derspecified, turning “over-interpretation” into a
measurable failure mode (Kenneweg et al., 2025).
Consistency-based verification such as DYKNOwW
uses disagreement across prompts as a proxy
for uncertainty and a detector for confident-but-
outdated answers (Mousavi et al., 2024). Finally,
refusal- and safety-oriented evaluation injects con-
flicting/invalid timestamps and scores whether
models abstain rather than confabulate, as empha-
sized in EVOLVEBENCH (Zhu et al., 2025b).

S Methodologies for Time-Aware LLMs

Building upon the failure analysis in Section 3, we
review current strategies for equipping LLMs with
time-awareness. As visualized in Figure 2, we
categorize existing approaches into four primary
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Figure 2: Taxonomy of mitigation techniques for equip-
ping LLMs with temporal capabilities. Note: Rein-
forcement Learning is omitted here as it serves as an or-
thogonal optimization paradigm applicable across the
three strategies.

families based on their underlying mechanisms for
temporal integration.

5.1 Internalization: Tuning for
Time-Awareness

Internalization makes models time-aware by ab-
sorbing knowledge via parameter updates (typ-
ically LoRA-based SFT), functioning indepen-
dently of external retrieval or symbolic modules.
Representative evidence can be summarized
compactly across a few recurring training patterns.
Time-conditioned continued pretraining and tem-
poral adaptation inject timestamp or temporal sig-
nals into contextual representations and help mod-
els track time-varying semantics and facts (Dhin-
gra et al., 2022; Rosin and Radinsky, 2022; Wang
et al., 2023a; Rottger and Pierrehumbert, 2021;
Tang et al., 2023; Su et al., 2023b). For tem-
poral QA and temporal graph reasoning, instruc-
tion tuning on multi-hop datasets and fine-tuning
with temporal-graph intermediates improve order-
ing and event-time inference (Tan et al., 2024; Su
et al., 2023a; Xiong et al., 2024). For temporal re-
lation extraction, structure-guided fine-tuning and
global constraint regularization improve consis-
tency at sentence and document levels (Zhou et al.,
2022, 2021b). In domain-specialized and broad-
coverage settings, time-aware instruction tuning
over longitudinal EHRs and temporal-specialist

post-training further strengthen time sensitivity
(Cui et al., 2025; Su et al., 20244d).

5.2 Augmentation: RAG and Structured
Memory

Augmentation addresses the static nature of LLM
parameters by integrating external, updatable in-
formation sources, thus solving the issues of stale
knowledge and hallucination.

Temporal Retrieval-Augmented Generation
(RAG). Temporal RAG enhances standard
retrieval by explicitly modeling timestamps and
dynamic information needs. To combat knowl-
edge obsolescence, (Vu et al., 2024; Wang et al.,
2025) augment generation with search-engine
evidence, where iterative query refinement and
temporal evidence fusion improve complex tem-
poral reasoning. Beyond always-on retrieval, (Su
et al., 2024b; Zhang et al., 2025, 2024c) study
adaptive and modular RAG pipelines that decide
when and what to retrieve under time-sensitive
information needs. For temporal coherence over
multi-document narratives, (Yang et al., 2025)
structures retrieved evidence into event-centric
graphs to preserve temporal dependencies during
generation.  Finally, (Wu et al.,, 2024a; Chen
et al., 2025b) analyze time-sensitive RAG failures
and provide benchmark evaluations, while (Wu
et al., 2024b) shows a closely related alternative
that enforces time constraints through external
memory selection and updates without changing
model weights.

External Temporal Knowledge Graphs
(TKGs). Structured memory provides a rig-
orous alternative to unstructured text. Early

embedding-based TKGQA methods (e.g., Tem-
poQR) ground questions to TKG entities and a
question-specific temporal scope for complex
temporal reasoning (Mavromatis et al., 2022).
Recent LLM-based approaches largely improve
evidence selection over TKGs via time-aware
RAG pipelines and graph-based summarization,
e.g., retrieve—(rewrite/plan)-rerank and temporal
GraphRAG-style retrieval (Qian et al.,, 2024a,
2025; Zhu et al., 2025c). In parallel, LLMs
support more structured reasoning interfaces for
TKGQA—including abstract reasoning induction,
time-aware ReAct agents, self-improving pro-
grams, and dynamic rule generation/adaptation
for evolving TKGs (Chen et al., 2024b; Hu et al.,
2025; Chen et al., 2024a; Wang et al., 2024;
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Chen et al., 2025a). Beyond QA, prompt-based
forecasting and chain-of-history reasoning enable
parameter-free temporal prediction (Lee et al.,
2023; Xia et al., 2024), while zero-shot relational
learning extends TKG reasoning to unseen
relations with LLMs (Ding et al., 2024).

5.3 Cognitive Scaffolding: Structuring
Inference

Scaffolding methods enhance reliability without
modifying parameters by imposing explicit tempo-
ral structures (e.g., timelines, narratives, or expla-
nations) during inference.

Explicit Temporal Structures and Narratives.
A common strategy for improving (and auditing)
temporal reasoning is to force LLMs to exter-
nalize intermediate artifacts, such as instruction—
explanation trajectories (Yuan et al., 2024b), re-
counted narratives prior to extracting temporal re-
lations (Zhang et al., 2024b), or self-generated ex-
emplars as an explicit scaffold (Yasunaga et al.,
2024). Related work imposes stronger tempo-
ral structure to enable self-checking: models
may construct timelines for self-reflection and
correction (Bazaga et al., 2025), explicitly gen-
erate anchors and intervals to explain answers
(Jiang et al., 2025), or use Allen-style interval
prompts with reflection-based consistency checks
for discourse-level relation extraction (Fan and
Strube, 2025). Complementarily, counterfactual-
consistency prompting strengthens relative tem-
poral understanding by generating counterfac-
tual queries and enforcing consistency constraints
across them (Kim and Hwang, 2025).

Tool Augmentation and Programmatic Reason-
ing. To overcome the brittleness of LLMs in tem-
poral arithmetic (e.g., calendar conversion), mod-
els serve as agents dispatching tasks to external
tools. (Chen et al., 2023a) propose Program of
Thoughts prompting, expressing reasoning as ex-
ecutable programs and delegating computation to
an interpreter. (Miao et al., 2026) develop a
Time Agent capable of invoking code tools for
high-precision conversion between Gregorian, Lu-
nar, and Islamic calendars (SPAN). (Schick et al.,
2023) demonstrate a general paradigm where mod-
els learn to call APIs, such as calendar tools, to of-
fload date calculations, effectively resolving com-
mon arithmetic failures.

5.4 Reinforcement Learning Enhanced
Methods

Distinct from standard supervised fine-tuning, Re-
inforcement Learning (RL) is increasingly used to
“sharpen” temporal reasoning by optimizing mod-
els against specific temporal rewards or Al feed-
back.

Self-Supervised and AI Feedback. RL enables
models to generalize beyond labeled data through
curriculum learning. (Liu et al., 2025b) implement
Time-R1, which employs a comprehensive three-
stage RL curriculum spanning basic understand-
ing to creative future scenario generation, showing
that smaller models can achieve strong temporal
performance via carefully designed reinforcement
schedules. Relatedly, (Tan et al., 2023) improve
LLM temporal reasoning using a time-sensitive
RL post-training strategy on a dedicated bench-
mark.

Task-Specific RL Frameworks. For specific
challenges, RL optimizes decision boundaries.
(Yang et al., 2024) introduce granular contrastive
reinforcement learning for time-sensitive QA, us-
ing temporal information-aware embeddings to pe-
nalize models for selecting temporally proximate
but incorrect answers. (Du et al., 2025) propose
Memory-T1, applying RL to temporal reasoning
in multi-session agents, training the model to se-
lectively retain and utilize temporal context across
long interaction histories. Beyond QA and dia-
logue, (Han et al., 2022) use RL to encourage tem-
porally coherent flashbacks in story generation,
and (Wu et al., 2025) apply REINFORCE-style re-
wards to train a T5-based generator for event tem-
poral relation extraction. In temporal knowledge
graphs, (Sun et al., 2021; Qian et al., 2024b; Zhu
et al., 2025a) formulate forecasting/reasoning/QA
as RL-guided path exploration with time-shaped
or adaptive rewards.

6 Conclusion

This survey systematizes the landscape of tempo-
ral reasoning in LLMs through an information-
theoretic lens, mapping the fundamental tension
between static parameterization and dynamic in-
formation needs. By formalizing temporal queries
based on the parametric reachability of premises
and answers, we have provided a structured diag-
nostic for failure modes—from anchoring artifacts
to epistemic hallucinations—and consolidated a
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roadmap of methodologies ranging from internal-
ization to dynamic augmentation. As the field
progresses, the paradigm is shifting from treating
time as a mere metadata attribute to modeling it
as a cognitive scaffold. We posit that the next
generation of reliable LLMs will move beyond
static snapshots, evolving into continuously adap-
tive agents capable of navigating the "World Fron-
tier" with calibrated uncertainty and robust tempo-
ral logic.

Limitations

While this survey offers a comprehensive synthe-
sis, we acknowledge three scope boundaries:

Modality Restrictions. Our analysis focuses ex-
clusively on text-based and symbolic temporal rea-
soning. Although temporal dynamics are intrinsic
to multimodal domains (e.g., video or audio pro-
cessing), we restrict our scope to textual modal-
ities to prioritize the linguistic and logical chal-
lenges inherent to LLMs, thereby excluding sen-
sory data streams.

Taxonomic Fluidity. The categorization in Sec-
tion 5 serves as an organizational heuristic rather
than a rigid dichotomy. As hybrid systems in-
creasingly blend strategies (e.g., combining aug-
mentation with internalization), we classify contri-
butions based on their primary innovation mecha-
nism to maintain structural clarity.

Temporal Velocity. Given the rapid evolution of
LLMs, this survey represents a snapshot of the
current research landscape. While our proposed
framework (Section 2) is designed to be model-
agnostic, specific performance metrics and SOTA
distinctions are subject to the inherent latency and
fast-paced nature of the domain.

Ethics Statement

In this survey, we analyze existing methodologies
and utilize publicly available datasets/resources as
listed in the Appendices. We do not collect any
personally identifiable information or conduct new
human subject studies. All datasets and models
discussed are cited and utilized in accordance with
their respective licenses.

The primary objective of this survey is to facil-
itate the mitigation of critical temporal errors in
LLMs—specifically parsing failures, logical viola-
tions, and knowledge obsolescence; we condemn
any potential misuse of these technologies.
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Figure 3: Comprehensive taxonomy of temporal perception in LLMs, organized along three pillars: failure modes
(Section 3), evaluation methodologies (Section 4), and mitigation techniques (Section 5), with representative refer-
ences for each sub-category.

1930



B Resources table

Dataset / Resource Reference

Size (coverage; scale)

Brief description

New York Times Annotated
Corpus

(Sandhaus, 2008)

1987-2007; >1.8M articles

Large diachronic news archive with
metadata; widely used for historical IR
and time-aware NLP, and as a source
corpus for downstream historical QA.

CNN/Daily Mail (RC cor- (Hermann et al., 2007-2015; CNN 90,266 News-based cloze-style reading

pora) 2015) docs / 380,298 queries; DM comprehension triples
196,961 docs / 879,450 (document—query—answer) automatically
queries constructed from articles and highlights.

Chronicling America (Library of Congress, 1690-1963; >11M digitized Library of Congress historical newspaper

(Historic American News- n.d.) pages collection; long-range diachronic source

papers) for historical retrieval and downstream
QA construction.

Newswire (Silcock et al., 2024)  1878-1977; 2.7M articles Structured historical newswire database
enriched with metadata (e.g., geo
datelines and entity links), enabling
fine-grained spatio-temporal modeling.

CUSTOMNEWS (Lazaridou et al., 1969-2019; ~395.6GB Large crawled English news corpus used

2021) train (avg. 491 words/doc)  to study temporal generalization and
temporal distribution shift in language
models.

Wikidata (KB) (Vrandecié¢ and snapshot; 14.45M items / Collaborative structured knowledge base

Krotzsch, 2014) 30.26M statements with qualifiers and time-related fields;
often linked to Wikipedia snapshots for
temporally-scoped modeling.

TimeBank (Pustejovsky et al., annotated news; 183 docs Classic TimeML-annotated corpus with

2003) (61,418 tokens) events, temporal expressions, and
temporal relations for structured temporal
reasoning.

WikiWars (Mazur and Dale, Wikipedia narratives; 22 Annotated corpus focusing on temporal

2010) docs (~120k tokens) expressions in long historical narratives

(TIMEX tagging and normalization).

RED (Richer Event De-

scription) 2016)

(O’Gorman et

al.,

annotated docs; 95 docs

Event-centric annotation corpus
integrating event coreference with
temporal, causal, and bridging relations
for richer narrative/event modeling.

Table 1: Resource-style temporal corpora, collections, and knowledge bases used as evidence sources or annotated

data for time-aware modeling.
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Dataset

Reference

Dataset size

Brief description

CNN/DailyMail RC

(Hermann et al., 2015)

1.38M cloze Qs (CNN 387K +
DM 997K)

Cloze RC over news: fill in anonymized entities in summary-style
questions given the article.

NewsQA (Trischler et al., 2017) 119K QA pairs Human-written QA over CNN articles; answers are grounded in the
passage and include harder, less templatic questions.
TORQUE (Ning et al., 2020) 21K questions Temporal RC benchmark: questions explicitly probe
before/after/during relations and event ordering constraints in text.
TRACIE (Zhou et al., 2021a) 5.4K instances Temporal inference with implicit events: requires reasoning about
events that are suggested but not explicitly stated.
TIMEDIAL (Qin et al., 2021) 1.1K questions Dialog-based temporal commonsense (multiple-choice): resolve
schedules, durations, and ordering from conversational context.
TRAVELER (Kenneweg et al., 2025) 3.3K questions Synthetic temporal reasoning across explicit, implicit, and vague
references; emphasizes underspecified and relative time
expressions.
SPAN (Miao et al., 2026) Real-time generation ques- Cross-calendar temporal reasoning: tests date conversion and
tions temporal reasoning across heterogeneous calendar systems.
TimeBench (Chu et al., 2024) 19K instances Hierarchical, broad-coverage temporal reasoning suite spanning
multiple temporal phenomena (e.g., ordering, duration, arithmetic).
TRAM (Wang and Zhao, 2024) 526.7K questions Large-scale LLM benchmark aggregating diverse temporal aspects
(order, arithmetic, frequency, duration) across multiple datasets.
TS-RAG QA (Chen et al., 2025b) 5.2K questions based on Time-sensitive RAG QA: evaluates whether retrieval selects
300k+ news time-appropriate evidence and generation produces time-correct
answers.
Factual knowledge under (Khodja et al., 2025) 5K questions Tests factual robustness when the prompt’s reference time changes,

temporal context shifts

exposing temporal-context-induced inconsistencies.

Test of Time (ToT)

(Fatemi et al., 2025)

1.8K questions

Synthetic temporal benchmark combining controlled temporal
semantics with temporal arithmetic and compositional reasoning.

TempReason (Tan et al., 2023) 52.8K questions Temporal reasoning QA over time-scoped knowledge, designed to
probe temporal generalization across long time ranges.

CRONQUESTIONS (Saxena et al., 2021) 410K questions Temporal KGQA: answer queries with temporal constraints over
time-scoped facts (intervals, start/end times, validity).

Multi-granularity TKGQA (Chen et al., 2023b) 151K questions Temporal KGQA with multiple time granularities (e.g.,

year/month/day), stressing fine-grained temporal constraints.

TimeQA (Time-sensitive (Chen et al., 2021) 41.2K questions Time-sensitive QA where answers can change across time; supports

QA) evaluating temporal awareness and update sensitivity.

SituatedQA (Zhang and Choi, 2021) 12.2K questions Contextual QA with extra-linguistic signals (time/location): the
same question may require different answers under different
contexts.

PAT-Questions (Meem et al., 2024) 6.1K questions Present-anchored temporal QA that can self-update, aiming to
remain current as “today” and facts evolve.

DynaQuest (Lin et al., 2025) 22.6K QA pairs Dynamic QA with multiple time snapshots to measure knowledge

drift and model responsiveness to real-world updates.

Time awareness (fact recall
across time)

(Herel et al., 2024)

32K samples, Real-time gener-
ation questions

Probes factual recall conditioned on different reference times,
measuring time awareness and temporal calibration in LLMs.

DyKnow

(Mousavi et al., 2024)

390 questions

Dynamic verification setting: evaluates time-sensitive factual
claims by checking against evolving knowledge sources.

EvolveBench

(Zhu et al., 2025b)

1640 questions

Temporal awareness on evolving knowledge: tests whether models
track and reflect changing real-world facts over time.

MC-TACO (Zhou et al., 2019) 13K questions Multiple-choice temporal commonsense: focuses on typical
durations, frequencies, and plausible temporal relations in context.
TDDiscourse (Naik et al., 2019) 6.1K pairs Discourse-level temporal ordering: annotate temporal relations
between events across sentences and broader discourse structure.
TiQ (Jia et al., 2024) 10K questions Temporal QA with implicit time constraints: requires inferring
hidden temporal conditions to retrieve/derive the correct answer.
ComplexTempQA (Gruber et al., 2025) 100.2M QA pairs Large-scale complex temporal QA emphasizing compositional
constraints, multi-step reasoning, and temporal metadata.
TKGQA Dataset (Ong et al., 2023) 60K questions QA to guide and validate temporal KG evolution, checking whether
KG updates preserve temporal consistency and correctness.
ArchivalQA (Wang et al., 2022) 532K QA pairs Open-domain QA over historical news archives; requires retrieving
time-appropriate articles and extracting answers from them.
ChroniclingAmericaQA (Piryani et al., 2024) 485K QA pairs Large-scale QA over digitized historical newspapers (page/OCR

artifacts), combining retrieval over archives with answer extraction.

Table 2: Benchmark datasets details.
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