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Abstract

Reasoning about future factual states remains
a critical challenge for Large Language Mod-
els (LLMs). Current methods typically rely on
static knowledge and fail to capture the underly-
ing dynamic patterns of factual change, causing
LLMs to exhibit temporal awareness deficits
such as Persistence Bias and Change Insensi-
tivity. To address these limitations, we pro-
pose Confidence-Aware Temporal Reasoning
(CTR), a framework that determines whether
and how future factual predictions should be
made by explicitly modeling temporal evolu-
tion and assessing factual predictability prior to
answer generation. CTR leverages token-level
entropy to weight historical evidence, allowing
the model to distinguish between reliable pat-
terns and uncertain noise. We evaluate our ap-
proach on an updated version of the FRESHQA
benchmark across multiple LLMs. Experi-
mental results demonstrate consistent improve-
ments in future factual reasoning: on GPT-4o,
accuracy increases from 44.8% to 53.7% across
all facts compared to prompt-based baselines.
Moreover, CTR reduces hallucination rates by
14.2% on LLaMA-3.1 and 6.5% on GPT-40,
substantially enhancing the trustworthiness of
future-oriented predictions.

1 Introduction

Large language models (LLMs) have demonstrated
impressive capabilities in factual reasoning and
question answering (Fatemi et al., 2024; Wang
et al., 2024; Hu et al., 2025). However, their reli-
ability on time-sensitive queries remains a critical
challenge (Dhingra et al., 2022). While recent work
has addressed issues such as outdated knowledge
and temporal inconsistency (Bajpai et al., 2024),
a fundamental question remains insufficiently ex-
plored: How do LLMs reason about future factual
states when real-world facts evolve over time?
When facing such future-oriented factual reason-
ing queries, existing approaches typically treat time

as an supplementary retrieval condition or context
tag, answering by combining static knowledge (Vu
et al., 2024; Wu et al., 2024). This formulation
overlooks the reality that knowledge evolves as a
dynamic process rather than a static lookup table.
For instance, the answer to "Who is the President of
France?" changes in regular and predictable cycles,
whereas facts such as "Where will ACL be held?"
evolve in irregular and non-periodic ways. Cor-
rectly answering such queries requires more than
simply retrieving historical data; it also demands
that models reason about the underlying dynamics
of factual evolution and regulate their confidence
accordingly when extrapolating into the future.

Consequently, we conduct a preliminary study in
Section 3 to test whether models can capture such
logical changes when provided with complete his-
torical context. The study reveals a systematic fail-
ure in temporal awareness: current models remain
overly confident, failing to detect periodic change
and either persisting with outdated answers or hal-
lucinating when confronted with volatile facts.

The findings motivate us to reframe future fac-
tual reasoning as a problem of temporal decision-
making rather than unconditional extrapolation.
We propose Confidence-Aware Temporal Rea-
soning (CTR), in an attempt to simulate human
temporal reasoning behavior, where people confi-
dently extend stable and predictable patterns, yet
deliberately suspend judgment when future out-
comes are volatile or poorly constrained.

CTR is implemented via a confidence-aware in-
ference mechanism to improve temporal reasoning
chains. Rather than treating all retrieved histor-
ical evidence as equally reliable, CTR leverages
token-level entropy to weight historical informa-
tion, thereby automatically filtering out noisy or
uncertain records. This design enables the model
to maintain reasoning consistency while also self-
correcting erroneous historical knowledge and pre-
venting the propagation of errors.



We evaluate our framework across multiple
LLMs (including LLaMA-3.1, Qwen3, and GPT-
40) on an updated version of FRESHQA (Vu et al.,,
2024), a dynamic benchmark designed for time-
evolving factual questions. Building upon the orig-
inal dataset, we update and extend its underlying
knowledge to reflect more recent factual states. Ex-
perimental results show that CTR consistently im-
proves performance on future factual reasoning
across models. Most notably, CTR acts as a safety
valve for volatile queries, reducing hallucination
rates by up to 21.7%.

In summary, our contributions are as follows:

* We provide a quantitative diagnosis of tempo-
ral reasoning failures in current LLMs, reveal-
ing a systematic Persistence Bias and Change
Insensitivity. Our analysis shows that current
models lack an internal signal for factual evo-
lution.

* We propse CTR, a structured framework that
advances future reasoning by explicitly mod-
eling factual evolution. Unlike static retrieval,
CTR leverages confidence-aware signals to
validate historical stability, ensuring that fu-
ture predictions rely on consistent trends
rather than noisy data.

* We demonstrate that CTR significantly en-
hances the trustworthiness of future predic-
tions. It achieves a superior trade-off by main-
taining accuracy on stable facts while dras-
tically reducing hallucinations in uncertain,
changing scenarios.

2 Related Work

Temporal reasoning has long been a central topic
in the study of large language models (Vashishtha
et al., 2020; Hu et al., 2023; Gurnee and Tegmark,
2023; Beniwal et al., 2024). A substantial body of
work has evaluated LLMs’ temporal reasoning ca-
pabilities from multiple perspectives, leading to the
development of benchmark datasets and evaluation
metrics that assess factual correctness (Fatemi et al.,
2024; Chu et al., 2024; Zhu et al., 2025; Kasai et al.,
2023), consistency (Bajpai et al., 2024; Jia et al.,
2024), and reasoning traceability (Xu et al., 2023;
Bazaga et al., 2025; Zhu et al., 2025). These studies
consistently show that temporal factuality in LLMs
is fundamentally challenged by the static and tem-
porally mixed nature of pretraining corpora, which
often results in outdated predictions, averaging of

conflicting facts across time, and poorly calibrated
confidence when models are queried about future
states (Dhingra et al., 2022; Vu et al., 2024; Bajpai
et al., 2024; Kasai et al., 2023).

Part of existing research focuses on improving
LLMs’ temporal awareness through pretraining or
fine-tuning strategies that incorporate explicit tem-
poral signals, with the goal of enhancing tempo-
ral scope understanding and confidence calibra-
tion (Ning et al., 2018; Dhingra et al., 2022; Yang
et al., 2023; Xiong et al., 2024a). These approaches
typically treat time as a conditioning variable that
constrains the validity of factual knowledge, rather
than explicitly modeling how facts evolve over
time.

One line of work seeks to enhance temporal rea-
soning through structured representations, most
notably knowledge graph—based approaches that
explicitly encode entities, relations, and temporal
constraints (Vu et al., 2024; Xiong et al., 2024b;
Wang and Zhao, 2024; Hu et al., 2025). But they
typically rely on predefined schemas, which makes
graph updates costly and complex in dynamic set-
tings where facts continuously evolve, thereby lim-
iting their practicality for future-oriented reasoning
that requires timely knowledge updates.

Another prominent research direction augments
LLMs with external retrieval mechanisms to re-
fresh factual knowledge and reduce staleness (Vu
et al., 2024; Wu et al., 2024). Retrieval-augmented
and deep search methods leverage web search, doc-
ument retrieval, or similar tools to improve perfor-
mance on time-sensitive queries(Xu et al., 2023; Fu
et al., 2024). However, most RAG-style pipelines
implicitly treat retrieved documents as reliable evi-
dence, despite differences in publication time and
potential conflicts across sources. The lack of
explicit modeling of temporal validity and uncer-
tainty allows errors to propagate through reasoning
chains, resulting in hallucinations and inconsisten-
cies (Trivedi et al., 2023; Vu et al., 2024; Singal
et al., 2024).

Consistency-focused probes further reveal that
LLMs often produce unstable predictions across
paraphrases and temporal directions (Bajpai et al.,
2024; Jia et al., 2024), suggesting that errors can
propagate along extended reasoning chains even
when relevant facts are available.

Synthesizing these findings, it becomes evident
that temporal factuality depends not only on access
to time-indexed facts, but also on how temporal
information is structured and propagated through



multi-step reasoning. However, how large lan-
guage models leverage historical knowledge to rea-
son about future knowledge while maintaining ac-
curacy, consistency, and interpretability remains
largely unexplored, motivating a focused empirical
analysis of future-oriented temporal reasoning.

3 Preliminary Study: The Persistence
Bias in Future Reasoning

In this section, we aim to investigate a critical ques-
tion: Is access to complete historical knowledge
sufficient for correct future reasoning?

3.1 Problem Setting

For each predictable fact instance 7, associated with
a latent annotation:

ei = {(qi, ty, ag, t., ai), (1)
where g; is the factual query; t} is the latest refer-
ence time at which the fact is known to be valid;
a} is the correct answer before the change; t% is the
change point; and a/ is the correct answer after the
change.

This annotation defines a ground-truth answer
function:

ah, t<ti

: : 2)
ab, t>ti

Answer(g;,t) = {
Importantly, the annotation e; is not provided to
the model. The model is still queried with the same
input format (g;, t) and produces the same outputs
(Tit,Yit, i) as in the general task.

For each instance e;, we construct a set of prob-
ing times:

tik =th+ A,

3)
Ape{-W,...,—3, 4, ..., W}h

where W = 3 years in our experiments, and the
temporal resolution is half-year increments. We
exclude Ay = 0 to avoid ambiguity exactly at the
change point. At each probing time ?; j, the model
is provided with complete historical information:

v = (@ (thoah). th tin), @

and is asked to predict the factual state as of ¢; j,
where the outputs consist of a reasoning trace 7; j,
and a final predicted answer a; j.

This setting simulates an idealized retrieval-
augmented environment, ensuring that any failure
cannot be attributed to missing or outdated infor-
mation.

3.2 Evaluation Metrics

We evaluate model behavior using complementary
metrics that characterize change-aware future rea-
soning.

Pre- and Post-change Accuracy We report pre-
diction accuracy separately for time points before
and after the change point, measured by exact
match against the ground-truth factual state. Pre-
change accuracy reflects factual stability, while
post-change accuracy evaluates adaptation after the
transition.

Change-aware Success (CAS) To directly as-
sess whether a model captures the transition itself,
we define CAS as:

CAS; = H(&i,—l = aé A di,—i—l = azi), ®))

where predictions immediately before and after the
change point must both be correct. CAS rules out
accidental correctness at isolated time steps and
explicitly measures temporal switching behavior.

Persistence Rate (PR) The PR quantifies the ten-
dency to repeat the anchor answer regardless of
time:

1 )
PR = — > T(aix = ap), (6)
714

where T denotes all probed time points. A high
PR indicates over-reliance on static factual knowl-
edge, especially when extending beyond the change
point.

Entropy Shift (AH) We measure whether model
uncertainty changes across the transition using
the difference in average answer entropy between
post-change and pre-change regions. The formal
definition of answer entropy is provided in Ap-
pendix D.2.

3.3 Analysis

We empirically diagnose how current large lan-
guage models behave when answering future-
oriented factual queries under an idealized setting
in which all relevant historical information is ex-
plicitly provided. Table 1 and Figure 1 jointly re-
veal a consistent failure mode of current LLMs in
future factual reasoning: blind persistence coupled
with confidence miscalibration.



Model Pre AccT Post AccT CAST PR, AH 7T
LLaMA3.1  0.500 0.158 0.000 0.462 0.006
Qwen3 0.911 0.219 0.250 0.918 0.004
Mistral 0.333 0.082 0.036 0.302 0.000
GPT-40 0.839 0.316 0.286 0.758 0.022

Table 1: Results on Future Reasoning in LLMs
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Figure 1: Temporal flip curves of model predictions
around factual change points. The figure shows the
probability of predicting the anchor (pre-change) an-
swer and the next (post-change) answer as a function of
relative time to the change point.

The Persistence Trap. Although models achieve
high accuracy before the change point, their per-
formance collapses afterward, with post-change
accuracy dropping below 0.32 for all models. This
gap indicates that strong pre-change performance
primarily reflects persistence of previously valid
facts, rather than reasoning about future state tran-
sitions.

Figure 1 further exposes this behavior. For GPT-
4o, the probability of predicting the anchor answer
decays slowly after the change point, while the
probability of the correct post-change answer in-
creases only marginally. Qwen3 exhibits an even
more extreme pattern, maintaining an anchor pre-
diction probability above 0.9 across nearly the en-
tire temporal window.

The Silence of Uncertainty Signals. Beyond in-
correct answers, models also fail to recognize when
a change occurs. Change-aware Success (CAS) re-
mains uniformly low, indicating that temporally
coherent switching across the transition is rare.
Moreover, uncertainty does not respond to factual
change: entropy shifts (A H) are near zero for most
models, showing that confidence remains largely
unchanged at the transition boundary. This sug-
gests that current LLMs lack an internal uncertainty

signal that reliably reflects factual transitions.

These results suggest that future reasoning fail-
ures stem not from missing knowledge, but from
the absence of an internal signal indicating when
factual commitments should be revised. This
profound lack of change sensitivity and confi-
dence calibration directly motivates our proposed
Confidence-Aware Temporal Reasoning (CTR)
framework, which explicitly models factual evo-
lution and regulates confidence across temporal
transitions.

4 Confidence-Aware Temporal Reasoning
(CTR)

To overcome the persistence bias inherent in
static knowledge recall, we propose Confidence-
Aware Temporal Reasoning (CTR). By integrat-
ing entropy-based confidence signals to filter his-
torical noise and explicitly model factual evolu-
tion, CTR establishes a structured framework for
future-oriented inference. The overall architecture
is illustrated in Figure 2.

4.1 Problem Setting

Given a factual query ¢ and a future time t*, the
model takes x = (g,t*) as input and infers the
factual state at t* by explicitly reasoning about
temporal evolution and outputting (7, z, a¢=).
where r is a reasoning trace explaining the deci-
sion, z € {FAST,SLOW,NEVER} denotes the
predicted factual evolution type!, and d;« is the
predicted fill-in value for ¢ as of year t*.

4.2 CTR Architecture

CTR deliberately adopts conservative heuristics
rather than optimized predictors. The goal is not
to maximize change detection recall, but to avoid
unfounded speculation when evidence is weak or
inconsistent.

Driven by this principle, the CTR architecture
is designed as a confidence-driven pipeline that
progressively filters uncertainty through the follow-
ing stages. The framework consists of five-stage
process: (1) Historical Recall; (2) Timeline Re-
construction; (3) Change-Point Detection; (4) Tem-
poral Pattern Induction and (5) Confidence-Aware
Inference.

'We adopt the factual evolution types from (Dhingra et al.,
2022; Vu et al., 2024) without modifying their original defini-
tions.
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Figure 2: Overview of the Confidence-Aware Temporal Reasoning (CTR). CTR leverages entropy-based
confidence to shift from static retrieval to dynamic evolution modeling. Notably, its confidence-aware mechanism
suppresses erroneous historical evidence (e.g., the low-confidence 2011 entry) to mitigate error propagation. By
inducing explicit evolution patterns, CTR overcomes the persistence bias seen in the traditional reasoning modes
and prioritizes reliability, avoiding hallucinated extrapolation for volatile future queries.

Historical Recall Given a future time t*, CTR
performs fine-grained historical probing over a win-
dow of past years:

YV={t"-W,...  t*—1}. 7

For each target time y € )/, the model is queried to
answer the cloze question as of time y, producing
a predicted fill-in value a, and a token-level un-
certainty estimate measured by average generation
entropy H,. Each historical probe is represented
as

ry = (Y, ay, Hy). (8)

To obtain a calibrated reliability signal, entropy is
mapped to a base confidence score via a monotonic
transformation:

Cy = f(Hy)7

yielding a sequence of historical recall probes

Cy € [07 1]7 (9)

R = {(y; ay, cy) byey- (10)

Timeline Reconstruction The recall probes are
organized into a temporal timeline

T ={(y,vy,q)},

where v, = a, denotes the recalled factual state at
time y, and g, is a corrected reliability weight.
Importantly, g, is not directly inherited from
the entropy-based confidence c¢,. Instead, CTR ap-
plies a probe-quality correction function that down-
weights unreliable probes, such as those exhibiting

1D

abnormally long outputs, repetitive generation pat-
terns, or malformed responses. Formally, we define

qy = CLIP|g ) (cy (1= prea(y)) - (1 — Prep(y)))a

12)
where plen and prep denote mild penalties based on
output length and n-gram repetition, respectively.
This correction reflects the fact that historical recall
itself may be noisy and should not be treated as
uniformly reliable.

Change-Point Detection Given the recon-
structed timeline 7, CTR aims to identify years
in which the factual state undergoes a genuine
transition. We adopt a procedure that combines
candidate proposal with consistency-aware
reweighting.

Candidate proposal: We first obtain a set of
candidate change-point years C by prompting the
model to inspect the timeline and identify major
state transitions. If the model output is unavailable
or invalid, we fall back to a deterministic rule that
proposes time y whenever v, # vy_1. All candi-
dates are restricted to years explicitly appearing in
the timeline.

Consistency-aware reweighting: Each candidate
y € C is then filtered and assigned a confidence
weight. Candidates with no effective state change
(vy = vy—1) are discarded. For the remaining can-
didates, we compute

Wy = /Qy—19qy " Gy, (13)



where w, denotes the confidence of the change
point at time y and g, € (0, 1] penalizes isolated
single-year deviations.

Specifically, a candidate is treated as singleton
noise if it is unsupported by its immediate temporal
context, i.e., vy_1 = vy41 but vy # v,_1, and its
probe reliability is substantially lower than that of
neighboring years.

In such cases, g, is reduced whenever

qy < Tsingle * min(‘]y—h Qy+1)7 (14)

thereby enforcing a local temporal consistency con-
straint. This design favors transitions that persist
across time and suppresses spurious one-off fluctu-
ations.

The resulting set of weighted change points is
denoted as

C={(y, wy)}- (15)

Temporal Pattern Induction Given the recon-
structed timeline 7 and weighted change points
C, CTR induces a high-level temporal evolution
pattern by aggregating volatility statistics over the
timeline. Based on the frequency and persistence
of state changes, the factual evolution type z is
inferred.

Stable temporal segments and high-confidence
change points are then summarized into a struc-
tured pattern representation

m = (z,summary, key_evidence),  (16)

which serves as an explicit evolution hypothesis for
subsequent inference.

Confidence-Aware Future Inference Finally,
CTR performs future inference conditioned on the
induced pattern representation 7, rather than di-
rectly extrapolating from raw historical facts.

The model predicts the factual state at the future
time t* as

amn

ap = argmaxp(a | q,t*, ),
a

subject to strict constraints that prohibit unsup-
ported extrapolation.

5 Experiments

5.1 Dataset

We construct our evaluation dataset by extend-
ing and restructuring existing temporal factual QA
benchmarks to support diagnostic analysis of tem-
poral evolution and confidence-aware reasoning.

Dataset Construction We take FRESHQA ? as
the primary foundation and manually update all fac-
tual answers to reflect the world state as of Septem-
ber 2025. Following prior work on temporal factual
probing, all questions are converted into a unified
cloze-style format, where the target entity or value
is replaced by a placeholder _X_. This formula-
tion enables controlled evaluation across different
temporal future times.

For diagnostic purposes, we augment each in-
stance with a next_answer field whenever the fu-
ture factual state is well-defined and predictable.
This field is used only for analysis and evaluation,
and is not provided to the model as input. For un-
predictable facts, where no stable future transition
is assumed, next_answer is set to N/A.

Dataset Statistics The final dataset comprises a
total of 337 temporal factual queries. To ensure
comprehensive evaluation across different volatil-
ity profiles, we maintain a balanced distribution
of evolution types: 102 fast-changing, 119 slow-
changing, and 116 never-changing facts. This di-
versity allows us to rigorously assess whether mod-
els can distinguish between stable knowledge and
volatile trends. Dataset details and additional ex-
amples are provided in the Appendix F.

5.2 Models

We evaluate CTR on both open-source and closed-
source large language models to ensure broad cov-
erage of contemporary architectures. Since our
evaluation involves future-oriented temporal rea-
soning, all selected models are required to have
training data that do not include knowledge beyond
2025.

Our open-source models include LL.aMA-3.1-
8B-Instruct (Dubey et al., 2024)°, Qwen3-4B-
Instruct (Yang et al., 2025)* and Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023)°, with weights
obtained from Hugging Face. We additionally eval-
uate the closed-source model GPT-40° via the offi-
cial APL

All models are evaluated in a zero-shot setting
with identical prompts and decoding configura-
tions.

Zhttps://github.com/freshllms/freshga

3https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

*https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507

>https://huggingface.co/mistralai/Mistral-7B-Instruct-
v0.3

®https://platform.openai.com/docs/models/gpt-40
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Answer Accuracy (%) 1

Type Acc. (%) T

Halluc. (%) |

Model Variant
Fast Slow Never Overall

LLaMA3.1 Base 6.9 21.0 50.0 26.7 23.7 36.8
+Prompting 5.9 29.4 53.4 30.6 26.1 33.2
+CTR 6.9 31.9 56.0 32.6 55.3 22.6

Qwen3 Base 4.9 26.9 414 25.2 35.0 56.7
+Prompting 8.8 21.0 474 26.4 54.9 54.6
+CTR 6.9 32.8 57.8 33.5 57.5 25.5

Mistral Base 7.8 12.6 50.0 24.0 29.7 40.1
+Prompting 49 16.0 42.2 21.7 51.9 36.8
+CTR 8.8 21.0 50.9 27.6 52.8 18.4

GPT-40 Base 16.7 40.3 74.1 44.8 48.1 17.8
+Prompting 13.7 46.2 79.3 47.8 63.8 13.7
+CTR 18.6 52.9 85.3 53.7 63.8 11.3

Table 2: Main results (%) on answer accuracy, type accuracy, and hallucination rate. Prompt-guided reasoning
yields inconsistent gains over plain QA, while CTR consistently improves performance on slow- and never-changing

facts and reduces hallucinations across models.

5.3 Experimental Setup

All experiments are conducted with a fixed fu-
ture time t* > 2025. Unless otherwise specified,
CTR probes a historical window of size W = 50,
querying years {t* — 50, ...,t* — 1}. All models
are evaluated in a zero-shot setting using identical
prompts, with a decoding temperature of 0.2 and
max_new_tokens set to 1024.

To isolate the contribution of our structured
framework from generic in-context learning, we in-
troduce a Prompt-guided baseline based on Chain-
of-Thought (Wei et al., 2022) prompting. This base-
line represents the standard paradigm for temporal
reasoning, where the model is prompted to perform
step-by-step deduction over the historical timeline
to extrapolate future states. For a fair comparison,
this baseline shares the same backbone models,
decoding configurations, and historical context as
CTR, serving as a control to ensure that perfor-
mance gains arise from CTR’s confidence-aware
architecture rather than prompting alone.

Experiments are run on a Linux server equipped
with 10 NVIDIA A100 GPUs (80GB). All experi-
ments are repeated 5 times, and results are averaged
across runs.

Hallucination rates are reported for controlled
relative comparison across methods under identi-
cal evaluation conditions, and are measured using
a two-stage verification protocol combining auto-
mated screening and expert human adjudication, as
detailed in Appendix E.

5.4 Main Result

Table 2 compares the Base models, the prompt-
guided baseline, and the proposed CTR framework.
Overall, CTR consistently improves answer accu-
racy and evolution type prediction while substan-
tially reducing hallucination, demonstrating more
reliable future reasoning.

CTR outperforms both baselines in answer accu-
racy across all backbone models, with the largest
gains on Slow- and Never-changing facts. On GPT-
40, accuracy on Slow-changing facts increases
from 46.2% to 52.9% and on Never-changing facts
from 79.3% to 85.3% compared to prompting. Im-
portantly, these gains do not degrade performance
on Fast-changing facts. GPT-4o0 with CTR achieves
18.6% accuracy on Fast facts, exceeding both the
Base (16.7%) and Prompt-guided (13.7%) settings,
indicating that CTR selectively commits to predic-
tions rather than suppressing them under uncer-
tainty.

Prompt engineering alone provides limited and
unstable benefits. While prompting improves over-
all accuracy for some models, such as LLaMA3.1
from 26.7% to 30.6%, it fails to generalize across
fact types. In particular, prompting can hurt Fast-
fact performance, as observed on Mistral where ac-
curacy drops from 7.8% to 4.9%. By contrast, CTR
introduces explicit confidence calibration, lead-
ing to higher Evolution Type Accuracy, improving
Qwen3 from 54.9% with prompting to 57.5%.

CTR also yields the largest improvements in re-
liability. Hallucination rates are consistently lower
than both baselines across all models. For Qwen3,



Case Model Gold Prompt-guided Baseline Confidence-Aware TR (CTR)
The number of GPT-40 3 Answer: 4 Answer: 3
books published by Reasoning: Assumes a slow publication = Reasoning: "The number of books re-
Shoshana Zuboff rate without citing concrete historical ~mained stable at 3 from 2018 to 2024.
evidence. Given the Slow-changing pattern, it is
likely unchanged in 2025."
Children of Qwen3 0 Answer: 1 Answer: 0

Leonardo DiCaprio

Reasoning: "Leonardo DiCaprio has
been publicly known to have one child,
a daughter named Matilda, born in
2004."(Hallucination)

Reasoning: "The evidence indicates a
stable period from 1978 to 2024 with no
children."

Table 3: Two representative case studies comparing standard prompt-guided reasoning and our CTR framework.
While the baseline suffers from speculative extrapolation (Case 1) and factual hallucination (Case 2), CTR utilizes

structured temporal grounding to produce reliable, evidence-based predictions.

hallucination decreases from 56.7% in the Base
setting to 25.5% under CTR, far below the prompt-
guided result of 54.6%. GPT-40 exhibits a similarly
low hallucination rate of 11.3%. These results show
that CTR effectively suppresses unsupported future
claims while preserving predictive accuracy.

5.5 Case Study

Table 3 provides a qualitative comparison between
the prompt-guided baseline and our CTR frame-
work. We selected two representative cases that
highlight distinct failure modes in future-oriented
reasoning: unsupported extrapolation and factual
hallucination.

In the first case concerning Shoshana Zuboff’s
publications, the baseline predicts an increase in
the number of books without citing any concrete
historical evidence, reflecting a tendency to assume
change by default. CTR, in contrast, evaluates the
temporal reliability of historical recall and iden-
tifies a long stable period with consistently high
confidence. Based on this inferred slow-changing
evolution pattern, CTR conservatively maintains
the historical value for 2025.

A more severe failure is observed in the
Leonardo DiCaprio case. The baseline fabricates
a specific but non-existent detail ("a daughter
named Matilda"), demonstrating that without ex-
plicit grounding, LL.Ms can generate coherent yet
completely hallucinated narratives. CTR avoids
this error by aggregating decades of consistent his-
torical evidence. The confidence-aware mechanism
effectively filters out low-probability generative
noise, allowing the model to conclude that the fac-
tual state remains "Zero".

These cases illustrate a critical advantage of our
framework: by explicitly modeling factual evolu-
tion patterns and regulating confidence, CTR serves

as a reliability layer, preventing the model from
making baseless guesses in uncertain temporal con-
texts. A detailed confidence-level and temporal
evolution analysis of this repair mechanism is pro-
vided in Appendix C.

6 Conclusion

In this work, we investigate the challenge of future-
oriented factual reasoning in large language mod-
els. Our preliminary study reveals a fundamental
limitation: even when provided with complete his-
torical evidence, current LLMs suffer from severe
persistence bias and insensitivity to change. They
tend to extrapolate outdated facts and fail to exhibit
increased uncertainty near temporal boundaries,
indicating a limited internal awareness of factual
evolution.

To address this issue, we propose CTR, a struc-
tured inference framework that shifts the paradigm
from static retrieval to dynamic evolution model-
ing. CTR grounds future reasoning in confidence-
aware temporal signals, distinguishing stable from
unreliable historical evidence and committing to
predictions only when the inferred evolution is suf-
ficiently supported. As a result, CTR enables mod-
els to reason not only about what may happen, but
also about whether a future prediction is warranted,
rather than extrapolating unconditionally.

Extensive experiments across four LLMs demon-
strate that CTR significantly outperforms both stan-
dard and prompt-guided baselines. It not only
achieves higher accuracy but also reduces hallu-
cination rates. By explicitly summarizing temporal
patterns, CTR provides transparent grounding for
its predictions. These findings position CTR as a
robust approach for more reliable and trustworthy
time-sensitive artificial intelligence.



Limitations

While CTR demonstrates consistent improvements
in future-oriented factual reasoning, several limita-
tions remain.

Computational efficiency. Our primary experi-
mental setup adopts a rigorous year-by-year prob-
ing strategy (W = 50) to establish a diagnostic
upper bound for temporal reasoning performance.
We acknowledge that this incurs a linear compu-
tational cost (O(W)) relative to the window size.
However, the historical recall process is fully paral-
lelizable. Furthermore, for real-world deployment,
CTR is designed to function primarily as an of-
fline knowledge curation pipeline, constructing re-
liable temporal indices once to support low-latency
lookups for subsequent queries. Future iterations
can further optimize efficiency by implementing
adaptive sampling (e.g., binary search) to reduce
the probing complexity from linear O(W) to loga-
rithmic O(log W).

Uncertainty estimation. CTR uses token-level
entropy as a proxy for model confidence. While
this signal is model-agnostic and easy to compute,
it may not fully capture epistemic uncertainty, par-
ticularly for models with imperfect probability cal-
ibration. Exploring alternative or complementary
uncertainty measures remains an important direc-
tion for future work.

Scope of evaluation. Our evaluation focuses
on cloze-style temporal factual question answer-
ing with discrete time points. While this setting
enables controlled analysis of future commitment
and abstention, it does not cover more complex
scenarios such as open-ended forecasting, interact-
ing events, or long-horizon planning, which remain
open challenges for future exploration.

Ethics Statement

All work in this paper adheres to the ACL Code of
Ethics. For the human evaluation of hallucinations,
we recruited volunteer annotators and compensated
them in accordance with local wage standards. The
collected data do not involve any personally identi-
fiable or sensitive information.

The study is conducted in a controlled research
setting using released large language models under
their respective licenses and usage policies. The
proposed framework is intended for methodolog-
ical analysis of future-oriented factual reasoning
rather than real-world deployment. While model-
generated outputs may contain inaccuracies, such

risks are inherent to large language models and are
not the focus of this work.
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Figure 3: Average answer entropy of different models around factual change points.

around factual change points. Following the same
controlled setting, we probe each model at multiple
time offsets before and after the annotated change
point and compute token-level answer entropy as a
measure of predictive uncertainty (Appendix D.1).

Figure 3 shows the average answer entropy tra-
jectories of four models aligned by their relative
distance to the change point. Consistent with the
findings in Section 3, entropy does not exhibit a
clear increase at or immediately after the change
boundary. For LLaMA-3.1, Qwen3, and Mistral,
uncertainty remains largely flat across pre- and
post-change regions, indicating that these models
persist with confident predictions even when the
underlying fact has changed. GPT-40 shows higher
overall entropy and a mild upward trend after the
change point, but the increase is gradual rather than
localized, suggesting sensitivity to temporal dis-
tance rather than explicit change awareness.

These results reinforce the conclusion of Section
3: current LLMs lack an internal uncertainty signal
that reliably reflects factual transitions. As a con-
sequence, models remain overconfident precisely
where increased uncertainty is warranted, moti-
vating the need for an explicit confidence-aware
mechanism to regulate future commitment, as im-
plemented in CTR.
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B Algorithm of CTR inference
framework

This appendix provides a detailed description of
the CTR inference framework, complementing the
high-level method overview in the main paper. Al-
gorithm 1 formalizes the end-to-end inference pro-
cedure, including historical recall with uncertainty
estimation, timeline reconstruction, change-point
detection, temporal pattern induction, and future
inference. The algorithm is presented to clarify im-
plementation details and intermediate signals used
by CTR, without introducing additional modeling
assumptions beyond those discussed in the main
text.

Furthermore, the historical probing step (Lines
2-5 in Algorithm 1) is fully parallelizable, allowing
batch processing of temporal queries to minimize
wall-clock latency.

C Case study: Confidence-Aware Repair
in CTR

Figure 4 illustrates a representative case study for
the query "What was the shortest war in history?",
highlighting how CTR preserves prediction relia-
bility under noisy historical recall.

In early years, historical recall exhibits substan-
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Figure 4: An illustrative case showing how CTR suppresses low-confidence change points and commits to future
predictions only when long-term temporal stability is observed.

tial fragmentation, alternating between multiple
candidates such as the Anglo-Zanzibar War and the
Anglo-Portuguese War. Although some recalled an-
swers appear with high instantaneous confidence,
the overall confidence signal fluctuates sharply.

Around 1991, a deviation to the Anglo-French
War is detected as a potential change point. How-
ever, this change point is assigned low weight due
to its isolated nature and the absence of sustained
support in subsequent years. CTR therefore treats it
as a spurious fluctuation rather than genuine factual
evolution.

From 1992 onward, the Anglo-Zanzibar War
forms a long, stable period characterized by con-
sistently high confidence and low variance, estab-
lishing a reliable temporal anchor. Based on this
stability, CTR commits to the Anglo-Zanzibar War
as the future answer.

In contrast, the prompt-guided baseline produces
a fluent but hallucinated reasoning chain by enu-
merating multiple unrelated conflicts without tem-
poral grounding. This comparison demonstrates
that CTR’s confidence-aware mechanism enables
conservative future commitment by suppressing un-
reliable change signals and prioritizing long-term
temporal stability.

D Detailed Evaluation Protocol

D.1 Answer Correctness Criteria

Strict Correctness. As formally defined in Sec-
tion 3, we primarily use Strict Correctness to eval-
uate whether the model identifies the exact factual
state. This serves as our main accuracy metric.
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Lenient Post-change Correctness. For future-
oriented queries (K > 0), strict evaluation may
penalize reasonable caution. Therefore, we addi-
tionally introduce a Lenient Criterion that accepts
explicit expressions of uncertainty (e.g., outputs
containing "Unknown", "Uncertain", or "TBD") as
valid responses for volatile facts:

Correcti‘j’giem = C?rrectﬁffclcz, k<0,
I(;x € {a%,Unknown}), k& > 0.
(18)

This metric distinguishes between correctable epis-
temic uncertainty and confident hallucinations.

D.2 Uncertainty Estimation

We quantify model confidence using token-level
entropy derived from the decoding process. Let
T; i denote the set of token indices corresponding
to the generated answer a; ;.. The average answer
entropy is defined as:

1
T k|

)

Hi =

)

Z Hpo(- | v<jzik)), (19)

JET K

where py is the model’s predictive distribution and
H(-) denotes the Shannon entropy.

To measure temporal sensitivity, we analyze the
Entropy Shift (A H) across the change boundary.
Specifically, we compute the difference between
the average entropy of post-change predictions and
pre-change predictions:

AH; = H; >0 — Hi j<0- (20)



Algorithm 1 CTR Inference Framework

Input: Query ¢, future time t*, window size
w
Output: Reasoning trace r, evolution type z,
answer G-
Historical Recall
fory=t"—Wtot*—1do
Query (g, y) to obtain a,;, entropy H,
cy < [(Hy)
end for
Timeline Reconstruction
for each year y do
Uy < Ay
qy < PROBEQUALITY (cy)
end for
T~ {(y, vy, q9)}
: Change-Point Detection
: for each candidate y with v, # v,_1 do

wy — \/Qy—IQy ' gy

: end for

€ {(ywy)}

: Temporal Pattern Induction

: 7 < (z,summary, key_evidence)

: Future Inference

G+ argmax, pla | g, t*, )

: Construct aggregated reasoning trace r

¥ X RN R

O = o—m ke e e e
— OV ©® N LA LW = O

A positive AH indicates that the model correctly
recognizes increased uncertainty when extrapolat-
ing into the future. Conversely, a AH = 0 suggests
that temporal evolution is not explicitly represented
in the model’s reasoning process.

E Reasoning Hallucination Judgement

To ensure the reliability of our hallucination evalu-
ation, we employ a rigorous two-stage verification
pipeline, combining broad automated screening
with fine-grained human adjudication.

Stage 1: Strict Automated Screening. First, we
utilize GPT-5.1 as an independent judge to perform
an initial screening of all reasoning traces. The
judge is instructed to flag instances based on three
strict criteria:

1. Fabrication: Citing specific events, names,
or data points that do not exist (e.g., inventing
a "2025 release date" for a cancelled movie).

2. Unsupported Extrapolation: Making defini-
tive claims about volatile future states without
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citing stable historical patterns or official an-
nouncements.

3. Logical Contradiction: Deriving a conclu-
sion that contradicts the cited historical evi-
dence within the trace.

This stage acts as a high-recall filter to identify
potential hallucinations (Hallucination; j, = 1).

Stage 2: Expert Human Adjudication. To elim-
inate false positives from the automated judge and
ensure gold-standard quality, we conduct a sec-
ondary human review. This process is performed
by expert annotators familiar with the temporal rea-
soning task. The human review protocol involves:

» Fact Verification via Search: For every
flagged instance, annotators are required to
verify the validity of the generated claims
against external search engines (e.g., Google
Search) to confirm whether the "hallucinated"
detail is indeed false or merely obscure.

Logic and Grounding Check: Annotators
assess whether the reasoning logically follows
from the provided context. A trace is marked
as valid only if the prediction is grounded
in verifiable patterns (e.g., "consistent 4-year
cycle") rather than spurious correlations.

* Final Adjudication: In cases of disagreement
between the automated judge and human as-
sessment (e.g., the model correctly inferred a
complex fact that GPT-5.1 mistook for hallu-
cination), the human judgment prevails.

This human-in-the-loop refinement ensures that our
reported hallucination rates reflect genuine genera-
tive failures rather than evaluation artifacts.

We emphasize that hallucination rates are used
for controlled relative comparison across methods
under identical judging conditions, rather than as
absolute measures of factuality.

F Dataset Examples and Annotations

Table 4 presents representative examples from
our evaluation dataset. The structure strictly fol-
lows the formal definition provided in Section 3,
where each instance is annotated as a tuple e; =
<qi> t%)v CLE, tes Ml)

Specifically, the table columns correspond to:

* Fact Type: The evolution category.



Fact Type Query (g;) Ref. Time (t)) Current Answer (a}) Next Answer (a})
Never _X_ won the 2020 Formula 1 world 2022 Lewis Hamilton N/A
driver’s championship.
Never The real name of the Unabomber was 2022 Theodore John Kaczyn- N/A
X ski
Slow The Winter Olympics were held most 2022 Beijing, China Italy
recently in _X_.
Slow The next leap yearis _X_. 2024 2028 2032
Fast The most recent movie in the Marvel 2025 The Fantastic Four: First Spider-Man: Brand New
Cinematic Universe is _X_. Steps Day
Fast King Gizzard’s most recent studio album 2025 Phantom Island N/A

is_X_.

Table 4: Annotated examples from the evaluation dataset. The columns align with the formal definition in Eq. (1).
For diagnostic purposes, a} (Next Answer) serves as the ground truth for evaluating future reasoning capabilities
but is not provided to the model during inference.

* Query (g;): The cloze-style factual query.

¢ Ref. Time (té): The latest reference time at
which the fact is known to be valid (corre-
sponding to the effective_year in the raw

data).

¢ Current Answer (aé): The correct answer
valid at time 2.

¢ Next Answer (a’i): The verifiable future an-
swer after the change point. This is set to N/A
for Never-changing facts or Fast-changing
facts where the future state is highly volatile
or yet to be determined.
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