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Abstract

Large language models (LLMs) are widely
used as factual knowledge sources, yet reli-
able deployment requires not only accurate
predictions but also well-calibrated confidence
estimates. While prior work on temporal ro-
bustness has primarily focused on changes in
factual accuracy over time, we study temporal
confidence calibration: whether model confi-
dence remains aligned with correctness across
questions associated with different reference
times. We evaluate multiple LLMs on tem-
porally grounded question answering bench-
marks spanning both historical and dynami-
cally evolving facts, comparing five confidence
estimation strategies using Expected Calibra-
tion Error (ECE) and Brier Score computed
across temporal slices. Our experiments reveal
substantial temporal miscalibration: as factual
accuracy varies across time, model confidence
often fails to track these changes proportion-
ally, leading to pronounced overconfidence on
time-sensitive queries. Across the evaluated
confidence estimators, no single method consis-
tently dominates: P(True) and Token Probabil-
ity Confidence perform best most often, while
the optimal estimator varies across models and
datasets. We further show that global temper-
ature scaling improves calibration but leaves
meaningful period-specific variation, indicat-
ing that standard post-hoc calibration does not
fully eliminate temporal miscalibration. These
findings highlight temporal calibration as an
important and previously underexplored dimen-
sion of LLM reliability.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable performance across a wide
range of natural language processing tasks, includ-
ing question answering, summarization, and rea-
soning (Brown et al., 2020; Wei et al., 2022). De-
spite these advances, LLMs are typically trained
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Figure 1: Representative examples illustrating temporal
miscalibration across different time periods. Although
the model assigns consistently high confidence, factual
correctness varies substantially, including confidently
incorrect answers under temporal shift (e.g., predicting
that Meta owned Instagram in 2010). These examples
highlight that confidence alone does not reliably reflect
temporal correctness, motivating the need for studying
temporal calibration, namely the alignment between
model confidence and correctness across time.

on static corpora with a fixed temporal cutoff, after
which their internal knowledge may no longer reli-
ably reflect changes in the world (Lazaridou et al.,
2021; Dai et al., 2024; Zhu et al., 2025). As aresult,
model performance often deteriorates when answer-
ing questions involving evolving entities, changing
relations, or recent events (Lazaridou et al., 2021;
Vu et al., 2024).

While prior work has primarily focused on how
accuracy changes over time (Lazaridou et al., 2021;
Zhu et al., 2025; Wallat et al., 2024), considerably
less attention has been paid to whether model con-
fidence remains reliable across temporal contexts.
Figure 1 illustrates this phenomenon through repre-
sentative examples spanning historical, intermedi-
ate, and recent periods. Although the model assigns
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consistently high confidence, factual correctness
varies substantially across time. This mismatch
suggests that temporal reliability cannot be charac-
terized by accuracy alone.

Reliable confidence estimates are critical for the
safe deployment of LLMs. A model that is in-
correct but uncertain may be relatively harmless,
whereas a confidently incorrect model can pose
substantial risks in applications such as journalism,
education, and decision-support systems (Kada-
vath et al., 2022). These risks become particularly
important in temporally sensitive settings, where
factual validity evolves over time while the model’s
internal knowledge remains static after training (Vu
et al., 2024; Zhang and Choi, 2023). Consequently,
models may confidently generate outdated or tem-
porally inconsistent information even when factual
accuracy deteriorates.

Such behavior reflects a failure of calibration,
where predicted confidence no longer aligns with
empirical correctness. Existing calibration stud-
ies largely assume stationary evaluation distribu-
tions (Guo et al., 2017; Jiang et al., 2021); however,
temporal Question Answering (QA) introduces a
fundamentally non-stationary setting in which the
validity of facts changes over time. We refer to this
problem as temporal calibration: the alignment
between model confidence and correctness condi-
tioned on the temporal reference of a question.

To study this phenomenon, we evaluate multiple
confidence estimation strategies across temporally
stratified subsets of two factual QA benchmarks
spanning multiple decades. We analyze calibration
behavior using Expected Calibration Error (ECE)
and Brier Score (Guo et al., 2017; Jiang et al., 2021)
computed across temporal intervals, enabling a
fine-grained analysis of how confidence reliabil-
ity changes over time. Our analysis is guided by
the following research questions:

RQ1: Do confidence estimates remain calibrated
when answers are conditioned on different tempo-
ral reference periods?

RQ2: How stable is confidence calibration
across temporal periods?

RQ3: To what extent does temporal miscali-
bration manifest as overconfidence on dynamic or
time-sensitive factual queries?

RQ4: Does a globally fitted post-hoc calibrator
remain reliable across individual temporal slices?

Our experiments reveal substantial temporal mis-
calibration across model families and confidence
estimation strategies. While factual accuracy varies

over time, confidence often fails to track these
changes proportionally, resulting in pronounced
overconfidence on temporally dynamic questions.
Across the five evaluated confidence estimators, no
single method consistently dominates: P(True) and
Token Probability Confidence perform best most
often, while the optimal estimator varies across
models and datasets. We further show that standard
global temperature scaling improves calibration
but leaves meaningful period-specific variation, in-
dicating that post-hoc calibration does not fully
eliminate temporal miscalibration.

Our contributions are !:

(1) we introduce the problem of temporal cal-
ibration in LLMs; (2) we provide a systematic
empirical analysis of confidence reliability across
temporal QA benchmarks, model families, and con-
fidence estimation strategies; and (3) we assess the
effectiveness of post-hoc calibration under tempo-
ral distribution shift and characterize its limitations
across temporal periods.

These findings highlight temporal calibration as
an important dimension of LLM reliability.

2 Related Work

Our work relates to prior research on confidence
calibration and uncertainty estimation in LLMs
(Guo et al., 2017; Kadavath et al., 2022; Jiang
et al., 2021), temporal generalization and knowl-
edge freshness (Lazaridou et al., 2021; Vu et al.,
2024; Zhu et al., 2025), time-aware language mod-
eling (Dhingra et al., 2022), and temporal reasoning
and robustness in language models (Wallat et al.,
2025; Tan et al., 2024).

To the best of our knowledge, this is the first sys-
tematic empirical study of temporal confidence cal-
ibration in LLMs, focusing on whether confidence
remains aligned with correctness across explicit
temporal reference periods. A detailed discussion
of related work is provided in Appendix A.

3 Methodology
3.1 Problem Definition

We study temporal confidence calibration in large
language models for time-sensitive factual question
answering. Each question q is associated with a
reference year ¢, representing the temporal context
in which the queried fact is valid. Given (g,t),

!Code and experimental resources are avail-
able at https://github.com/DataScienceUIBK/
temporal-confidence-calibration
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a language model produces an answer a together
with a confidence estimate ¢ € [0, 1], interpreted
as the estimated probability that the prediction is
correct.

Let z € {0, 1} denote factual correctness, where
z = 1 if a matches the ground-truth answer and
z = 0 otherwise. A confidence estimation strategy
is considered well-calibrated if:

P(z=1|c=p)=p,

meaning that predictions assigned confidence p are
correct approximately a p fraction of the time.
Our goal is to characterize how confidence cal-
ibration varies across temporal reference periods
and confidence estimation strategies. In particular,
we investigate whether confidence remains aligned
with correctness when models answer factual ques-
tions conditioned on different reference times.

3.2 Confidence Estimation Methods

We evaluate five complementary confidence estima-
tion strategies that derive uncertainty from differ-
ent signals: explicit self-assessment (Verbal Confi-
dence) (Xiong et al., 2024), verification (P(True))
(Kadavath et al., 2022), sequence likelihood (Token
Probability Confidence) (Tian et al., 2023), gener-
ation agreement (Self-Consistency) (Wang et al.,
2023), and meaning-level variation across sampled
responses (Semantic Entropy) (Kuhn et al., 2023).
Each method produces a scalar confidence score
c € [0, 1] for every prediction.

Verbal Confidence Verbal confidence estimates
uncertainty using the model’s explicit self-reported
confidence score (Jiang et al., 2021; Xiong et al.,
2024). In the same generation prompt, the model is
asked to produce both an answer and a confidence
score between 0 and 100, indicating its confidence
in the answer’s correctness. We normalize this
score to [0, 1].

This approach captures the model’s direct self-
assessment of correctness and reflects the type of
confidence signal commonly exposed to end users
in interactive systems. The prompt template is
shown in Figure 7 in Appendix E.

P(True): Verification-Based Confidence We
adopt the P(True) formulation (Kadavath et al.,
2022; Zhang and Choi, 2023). After generating
an answer @, the model is prompted with a binary
verification query constrained to respond with ei-
ther True or False. Confidence is computed as the

normalized probability assigned to the True token:

eXp(lTrue)
eXp(lTrue) + exp(lFa]se) ’

CP(True) —

where e and [pyse denote the next-token logits
corresponding to the True and False responses.
The prompt templates are shown in Figure 8 in
Appendix E.

Token Probability Confidence Token Probabil-
ity Confidence estimates uncertainty using the prob-
ability assigned by the model to its generated an-
swer (Tian et al., 2023). The intuition behind this
approach is that answers assigned higher likelihood
under the model distribution correspond to more
confident predictions.

For each generated answer sequence a =
(a1,...,an), we compute sequence-level confi-
dence using the geometric mean token probability:

N
1
Ctoken(y) = exp (N ; log P(a; | a<i, x))

where = denotes the input question and a; is the
generated token at position .

We use the geometric mean to normalize differ-
ences in answer length and avoid systematically pe-
nalizing longer enerations. Higher values indicate
greater model confidence in the generated answer.
The prompt template used for token probability
confidence is provided in Figure 10 in Appendix E.

Self-Consistency Confidence Self-consistency
estimates confidence from the stability of predic-
tions under stochastic sampling (Wang et al., 2023;
Lin et al., 2023).

For each question, we generate K = 5 inde-
pendent samples using temperature sampling with
T = 0.7 and select the most frequent answer (the
mode) as the final prediction. Confidence is defined
as the fraction of samples agreeing with the mode
answer:

where m denotes the number of generations match-
ing the modal answer. Higher agreement across
generations corresponds to higher confidence.

The prompt template used for Self-Consistency
is provided in Figure 9 in Appendix E.
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Model P(True) Verbal Confidence Token Probability Self-C 'y S ic Entropy

‘ Acct ECE| Brier] Acct ECE| Brier] Acct ECE| Brier] Acct ECE| Brier] Acct ECE| Brierl

ArchivalQA
Qwen-3 4B 30.08 0317 0320 2391 0529 0499 2554 0457 0424 2553 0.626  0.613 26.0 0.619  0.612
Gemma-3 4B 21.82 0612 0592 21.30 0.741 0.721  21.37 0320  0.292 2428 0.428 0.372 249 0.401 0.356
Ministral-3 8B 36.85 0220 0313 3406 0592 0576 3240 0297 0285 1056 0.076  0.077 295 0.207 0.238
LLaMA-3.1 8B 3147  0.055 0220 3022 0.581 0.548 2947 0279 0.241 31.61 0308 0.283 34.6 0.289  0.288
Gemma-3 27B 39.51 0434 0447 3741 0535 0526 3746 0347 0355 4037 0423 0.404 40.8 0.400 0392
Qwen-3 30B 3855 0429 0451 3722 0.563 0.543 3676 0362 0344 39.15 0422 0405 40.2 0.406  0.397
LLaMA-3370B | 46.10 0.191  0.242 44838 0.384 0367 4449 0421 0397 4562 0378 0.369 48.5 0.382 0.378
Qwen-2.5 72B 4641 0254 0282 4156 0412 0392 4128 0347 0329 4333 0415 0.397 43.6 0.386 0379
TEMPLAMA

Qwen-3 4B 8.34 0.683  0.572 8.67 0.647 0560 1049 0.540 0429 1220 0.621 0.562 12.4 0.604  0.545
Gemma-3 4B 1377 0723 0.680 13.04 0839 0816 13.64 0320 0278 1487 0.524 0437 15.0 0.477 0.394
Ministral-3 8B 1334 0.609 0487 1411 0.822  0.801 1429 0449 0317 9.24 0.128  0.115 22.0 0.318 0.285
LLaMA-3.1 8B 19.19 0125 0175 17.19 0.776 0747 2284 0409 0323 22.07 0371 0.324 235 0359 0323
Gemma-3 27B 3238 0447 0455 31.65 0.650 0.635 31.80 0403 0409 3212 0.505 0.478 324 0.484  0.463
Qwen-3 30B 2588 0.566 0544 2506 0.719 0697 2453 0452 0409 2682 0500 0.452 272 0.478 0.433
LLaMA-3370B | 40.46 0.155 0250 37.02 0.502 0473 4153 0493 0.474 4143 0476  0.462 41.6 0.456  0.448
Qwen-2.5 72B 3040 0338 0332 2890 0589  0.544 3000 0452 0401 29.63 0.503 0.456 29.9 0.472 0.431

Table 1: Model-wise calibration performance across five confidence estimation strategies on ARCHIVALQA and
TEMPLAMA. We report Accuracy (Acc), Expected Calibration Error (ECE), and Brier Score aggregated across
all temporal slices. Higher Accuracy and lower ECE/Brier Scores indicate better performance. Best results within
each model row are shown in bold, while the best overall result for each metric is underlined.

Semantic Entropy Semantic Entropy estimates
uncertainty from meaning-level variation across

multiple sampled responses (Kuhn et al., 2023).

Using the same set of K sampled generations, we

group semantically equivalent answers into clusters.

Let n; denote the number of sampled responses
assigned to semantic cluster j. We estimate the
empirical probability of each cluster as
.
J
by = ?7
and compute the semantic entropy

M

Heern = — ij 10gpj7
j=1

where M denotes the number of distinct semantic
clusters.

Because the maximum entropy attainable with
K samples is log K, we normalize the entropy and
convert it to a confidence score:

_ Hsem
log K~

SE _

Thus, ¢>F approaches one when sampled responses
concentrate on a single semantic interpretation and
decreases as responses become more semantically
diverse. We refer to this estimator as sample-based
Semantic Entropy, since cluster probabilities are
estimated from empirical sample frequencies.

Unlike Self-Consistency, which depends only
on agreement with the modal answer, Semantic
Entropy incorporates the distribution of probability
mass across all observed semantic clusters.

3.3 Temperature Scaling for Temporal
Calibration

Temperature scaling is an established post-hoc cal-
ibration method (Guo et al., 2017). We use it as
a mitigation baseline to assess whether a standard
globally fitted calibrator remains effective when
confidence reliability varies across temporal peri-
ods. We apply temperature scaling to both Token
Probability Confidence and P(True), since both
are derived from model logits and therefore support
direct probability rescaling.
Given logits z, temperature scaling produces

exp(z;/T)
>ojexp(z/T)’

where 7" > 0 is a scalar temperature parameter.
Values T > 1 soften the probability distribution,
whereas values 7' < 1 sharpen it.

For Token Probability Confidence, temperature
scaling is applied to the token-level logits before
computing the geometric mean probability of the
generated answer. For P(True), the True and False
logits are rescaled before computing the normal-
ized probability assigned to True. Temperature
scaling therefore modifies only the associated con-
fidence estimates and does not alter the generated
answers or their accuracy.

For each model-dataset pair, we divide the data
into a calibration split and a held-out test split. The
temperature parameter is selected on the calibration
split by minimizing binary negative log-likelihood
(NLL) and is then evaluated on the held-out test

PT(i ‘ Z) =
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split without further tuning. We search over

T € {0.4,0.7,0.9,1.0,1.2,1.5,2,
2.5,2.8,3,3.5,4,5,7,10}.

We consider two calibration settings:

Global Temperature Scaling. A single tempera-
ture parameter is learned from the calibration split
for each model-dataset pair and applied uniformly
to all temporal periods in the corresponding test
split.

Temporal Temperature Scaling. A separate
temperature parameter is learned for each temporal
bucket using the corresponding calibration exam-
ples and is evaluated on held-out examples from
the same temporal bucket. This setting allows us
to examine whether conditioning the calibrator on
temporal period provides additional benefits over a
single globally fitted temperature.

4 Experimental Setup

4.1 Datasets

We evaluate temporal confidence calibration on
two temporally grounded QA benchmarks span-
ning both historical and dynamically evolving fac-
tual knowledge.

ARCHIVALQA (Wang et al., 2022) contains his-
torical question—answer pairs associated with ex-
plicit reference years. To study long-range tempo-
ral calibration while maintaining balanced temporal
coverage, we sample 100 questions for each refer-
ence year from 1950 through 2010, yielding 6,100
questions covering diverse historical periods.

TEMPLAMA (Dhingra et al., 2022) consists
of temporally anchored cloze-style factual state-
ments spanning 2010-2020. Because our evalua-
tion requires natural question-answer interactions
and confidence elicitation, we convert the cloze
statements into natural-language questions, yield-
ing 4,654 temporally grounded question—answer
pairs. The conversion prompt and representative
examples are provided in Appendix B.

Across the two datasets, our evaluation com-
prises 10,754 temporally grounded questions.
We analyze temporal trends separately within
each benchmark rather than pooling the datasets:
ARCHIVALQA provides balanced coverage of long-
range historical periods, whereas TEMPLAMA
captures shorter-term changes in temporally dy-
namic factual knowledge. Additional dataset de-

tails and example questions are provided in Ap-
pendix B.

4.2 Evaluation Metrics

We evaluate factual correctness and confidence cal-
ibration using three primary metrics: Accuracy, Ex-
pected Calibration Error (ECE) (Guo et al., 2017),
and Brier Score (Glenn et al., 1950).

Accuracy is computed using GPT-EVAL to ac-
count for semantically correct paraphrased answers
(Kamalloo et al., 2023). Prior work has shown that
GPT-based evaluation better captures semantic cor-
rectness than strict lexical matching for open-ended
QA (Badshah et al., 2025; Adlakha et al., 2024). To
improve robustness and reduce stochastic variance
in LLM-based judgments, each generated answer
is evaluated independently three times using the
same GPT-EVAL prompt, and the final correctness
label is determined through majority voting over
the three binary judgments.

We report ECE and Brier Score both at the ag-
gregate level and separately for each temporal slice.
The aggregate scores characterize overall calibra-
tion for each model-dataset setting, while the slice-
level scores enable analysis of how calibration
varies across reference periods. Following prior
calibration literature, ECE is computed using 10
equally spaced confidence bins. Full metric defini-
tions, evaluation prompts, and additional compar-
isons with Exact Match (EM) and Contains accu-
racy are provided in Appendix C.

4.3 Models and Implementation Details

We evaluate eight open-weight, instruction-tuned
LLMs from the LLaMA (Grattafiori et al., 2024),
Qwen (Yang et al., 2025), Gemma (Team et al.,
2025), and Ministral (Liu et al., 2026) model fami-
lies, with parameter sizes ranging from 4B to 72B.
All models are evaluated in a zero-shot setting with-
out task-specific fine-tuning or retrieval augmen-
tation. Additional implementation details and the
complete model list are provided in Appendix D.

5 Results and Discussion

We evaluate temporal confidence calibration across
multiple model families, confidence estimation
strategies, and temporally grounded QA bench-
marks. We first analyze aggregate calibration be-
havior, then examine temporal calibration trends,
post-hoc calibration via temperature scaling, and
additional robustness analyses.
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Figure 2: Temporal evolution of ECE across representative models and confidence estimation strategies on
(a) ARCHIVALQA (1950-2010) and (b) TEMPLAMA (2010-2020). Lower values indicate better calibration.
Calibration varies substantially across reference periods, models, and confidence estimators. ARCHIVALQA exhibits
heterogeneous temporal trajectories, whereas TEMPLAMA generally shows decreasing calibration error toward

more recent reference years.

51

Table 1 shows substantial variation in aggregate
calibration across estimators, models, and datasets.
Overall, no single confidence estimator consistently
dominates across all settings.

Method-wise Calibration Comparison

The best confidence estimator depends on the
model and dataset. Across the 16 model-dataset
settings, P(True) and Token Probability Confi-
dence each achieve the lowest ECE/Brier pair in 7
settings, while Self-Consistency performs best in
the remaining two. P(True) performs particularly
strongly for the LLaMA models. For example,
on ARCHIVALQA, LLaMA-3.1-8B achieves an
ECE of 0.055 with P(True), compared with 0.279
for Token Probability Confidence, 0.308 for Self-
Consistency, and 0.289 for Semantic Entropy. In
contrast, Token Probability Confidence performs
best for several Gemma and Qwen settings. These
results indicate that estimator quality depends on
the model and dataset rather than a universally op-
timal confidence signal.

Estimator-specific calibration patterns. Verbal
Confidence is generally poorly calibrated, while Se-

mantic Entropy provides a stronger sampling-based
alternative, achieving lower ECE than Verbal Con-
fidence in 15 of 16 settings and lower ECE than
Self-Consistency in 13 of 16. However, Seman-
tic Entropy does not achieve the lowest ECE/Brier
pair in any setting. Self-Consistency and Token
Probability Confidence can also achieve competi-
tive factual accuracy while remaining substantially
miscalibrated in some cases; for example, on TEM-
PLAMA, LLaMA-3.3-70B achieves over 41% ac-
curacy under both methods, with ECE values of
0.476 and 0.493, respectively. The poor calibra-
tion of Verbal Confidence further suggests that
instruction-tuned LLMs may produce authoritative
confidence statements that are only weakly aligned
with their underlying uncertainty in these tempo-
rally grounded settings.

Calibration quality does not consistently im-
prove with model scale. Larger models often
achieve higher factual accuracy, but lower calibra-
tion error does not follow consistently from in-
creased model size. For example, LLaMA-3.1-
8B achieves lower P(True) ECE than LLaMA-
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Figure 3: ECE before and after applying Global Temperature Scaling on held-out test sets for (a) Token Probability
Confidence and (b) P(True). Global Temperature Scaling reduces calibration error for both confidence signals across

the representative models and datasets.

3.3-70B on both datasets: 0.055 versus 0.191
on ARCHIVALQA, and 0.125 versus 0.155 on
TEMPLAMA. Moreover, low calibration error
does not necessarily imply high factual accuracy:
Ministral-3 8B obtains an ECE of 0.076 under Self-
Consistency on ARCHIVALQA while achieving
only 10.56% accuracy. Thus, factual accuracy and
confidence calibration capture distinct aspects of
model reliability, and improvements in factual per-
formance do not automatically translate into better
calibration.

Calibration behavior differs across datasets.
For many model—estimator combinations, calibra-
tion error is generally lower on ARCHIVALQA
than on TEMPLAMA. For example, LLaMA-
3.1-8B achieves a P(True) ECE of 0.055 on
ARCHIVALQA, compared with 0.125 on TEM-
PLAMA. Similar trends are observed across Ver-
bal Confidence, Self-Consistency, Token Proba-
bility Confidence, and Semantic Entropy. These
differences suggest that dynamically evolving fac-
tual knowledge can present a greater calibration
challenge, while differences in dataset construc-
tion, temporal coverage, and factual characteristics
may also contribute.

Reliability diagrams for all models and con-
fidence estimation methods are provided in Ap-
pendix F. Temporal Brier Score results are reported
in Figures 11 and 13 of the same appendix. Addi-
tional qualitative examples of temporal miscalibra-
tion are provided in Appendix I.

5.2 Temporal Dynamics of Calibration

Aggregate metrics provide an overall view of cal-
ibration quality, but they obscure how confidence
estimation behaves across different temporal peri-
ods. To better understand the relationship between
temporal drift and uncertainty estimation, we ana-

lyze year-wise calibration trends over time.

Figure 2 presents year-wise ECE trends for four
representative models spanning different parameter
scales and model families: Gemma-3-4B, LLaMA-
3.1-8B, Gemma-3-27B, and LLaMA-3.3-70B. We
focus on representative models in the main paper
for clarity and readability, while full temporal cali-
bration results for all evaluated models are provided
in Appendix F. Corresponding Brier Score trends
are reported in Figures 11 and 13.

Temporal calibration drift differs across
datasets. On ARCHIVALQA, calibration exhibits
heterogeneous temporal trajectories across models
and confidence estimators. Several settings, includ-
ing P(True) for LLaMA-3.1-8B, show a counter-
intuitive pattern in which ECE and Brier Score are
comparatively lower for earlier historical periods
and increase toward more recent decades. For ex-
ample, LLaMA-3.1-8B exhibits relatively strong
calibration during the 1950s and 1960s, with both
metrics increasing toward the 1990s and 2000s.
One possible explanation is that historical facts
from earlier periods may be more canonical and
temporally stable in pretraining data, whereas facts
from more recent decades may exhibit greater tem-
poral variation.

In contrast, TEMPLAMA exhibits a clear tem-
poral pattern: calibration error generally decreases
toward more recent reference years across models
and confidence estimators. This trend is especially
consistent for P(True), Verbal Confidence, Self-
Consistency, and Semantic Entropy, for which all
four representative models show decreasing ECE
toward 2020. One possible explanation is that more
recent facts are better represented in the models’
learned knowledge, whereas older dynamic facts
may be more susceptible to stale factual represen-
tations.
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Figure 4: Temporal ECE for raw confidence estimates, Global Temperature Scaling, and Temporal Temperature
Scaling for (a) Token Probability Confidence and (b) P(True) across representative models and datasets. Global
Temperature Scaling generally reduces calibration error across temporal periods, while Temporal Temperature
Scaling provides additional improvements in selected temporal slices. The relative performance of global and

temporal scaling varies across models, datasets, and reference periods.

Temporal trends are broadly consistent across
calibration metrics. ECE and Brier Score ex-
hibit qualitatively similar temporal patterns across
many model-estimator combinations, although
their trajectories are not identical in every setting.
Methods with higher ECE often also exhibit higher
Brier Scores across temporal periods, while the
relative ranking of confidence estimators can vary
by model and reference period. This consistency
suggests that the observed temporal trends reflect
broader variation in confidence reliability under
temporal shift rather than artifacts of a particular
calibration metric.

Overall, our results demonstrate that calibration
reliability varies substantially across temporal peri-
ods, models, confidence estimation methods, and
datasets. The contrasting temporal trajectories ob-
served on ARCHIVALQA and TEMPLAMA fur-

ther indicate that the relationship between calibra-
tion and temporal distance is not uniform across
datasets. Instead, confidence reliability depends on
the specific reference period and evaluation setting,
highlighting the importance of assessing calibra-
tion within individual temporal slices rather than
relying solely on aggregate metrics.

5.3 Assessing Post-hoc Calibration across
Temporal Periods

Temperature scaling is an established post-hoc cali-
bration method (Guo et al., 2017). We use it as a
mitigation baseline to assess whether confidence
estimates can be recalibrated under temporal distri-
bution shift and whether a calibrator fitted globally
remains reliable across individual temporal periods.
We evaluate temperature scaling for both Token
Probability Confidence and P(True).
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Global Temperature Scaling. We first learn a
single global temperature for each model-dataset
pair on the calibration split and evaluate it on the
corresponding held-out test split. Global Temper-
ature Scaling improves aggregate calibration for
both Token Probability Confidence and P(True)
across the evaluated models and datasets. As shown
in Figure 3, ECE decreases after scaling for both
confidence signals, with corresponding Brier Score
results reported in Appendix F. These results show
that both confidence signals benefit from standard
post-hoc calibration.

Calibration Remains Period-Dependent. Al-
though Global Temperature Scaling improves ag-
gregate calibration, its effectiveness varies across
temporal periods. Different temporal buckets
often favor different temperature values. For
ARCHIVALQA, the preferred temperatures vary
across decades, while for TEMPLAMA they vary
across individual reference years. This pattern is
observed for both confidence signals, indicating
that a single globally fitted temperature can im-
prove overall calibration without fully removing
period-specific differences. Bucket-level tempera-
ture results are provided in Appendix F (Figure 18).

Global versus Temporal Temperature Scaling.
We further compare Global Temperature Scaling
with Temporal Temperature Scaling, where sepa-
rate temperature parameters are learned for individ-
ual temporal buckets. Figure 4 presents the result-
ing temporal ECE trends, with panel (a) showing
Token Probability Confidence and panel (b) show-
ing P(True).

Temporal Temperature Scaling provides addi-
tional improvements in some temporal slices, but it
does not consistently outperform Global Tempera-
ture Scaling. Across both confidence signals, the
two approaches often yield similar calibration, with
their relative performance varying across models,
datasets, and reference periods. These results indi-
cate that temporal conditioning can provide local
calibration gains, but fitting a separate temperature
for each period is not uniformly superior to a single
global calibrator.

Overall, Global Temperature Scaling provides
substantial calibration improvements for both To-
ken Probability Confidence and P(True), but resid-
ual variation remains across temporal periods.
These findings show that aggregate post-hoc cali-
bration can conceal period-specific differences in
confidence reliability, motivating the evaluation

and monitoring of calibration at the level of indi-
vidual temporal slices.

5.4 Additional Robustness Experiments

We conduct additional robustness analyses to eval-
uate whether the observed temporal calibration
trends are specific to temporally grounded QA set-
tings or sensitive to prompt formulation.

Non-Temporal Baseline Comparison. We first
compare calibration performance on temporally
grounded QA with non-temporal factual QA (Triv-
iaQA (Joshi et al., 2017)) using temporally neutral
prompts. Calibration is consistently stronger on
non-temporal QA across nearly all evaluated set-
tings, suggesting that temporally evolving factual
knowledge poses a substantially greater calibra-
tion challenge. Detailed results are provided in
Appendix G.1, with corresponding prompts in Ap-
pendix H.

Prompt Sensitivity Analysis. We additionally
evaluate multiple temporal prompt formulations to
assess whether the observed calibration behavior
depends on prompt phrasing. Across prompt vari-
ants, the overall calibration patterns remain qual-
itatively consistent across models and confidence
estimation strategies, indicating that the observed
effects are not artifacts of a particular prompt for-
mulation. Full quantitative results are provided
in Appendix G.2, with prompt templates in Ap-
pendix H.

6 Conclusion

We presented the first systematic study of temporal
confidence calibration in LLMs. Across two tem-
porally grounded QA benchmarks, we find substan-
tial variation in calibration across temporal periods,
models, and confidence estimation strategies. No
single estimator consistently dominates: P(True)
and Token Probability Confidence perform best
most often, while the best-performing estimator
varies across models and datasets. Our temporal
analysis further shows that confidence reliability
changes across reference periods. Global Temper-
ature Scaling improves calibration for both Token
Probability Confidence and P(True), but meaning-
ful period-specific variation remains, and Temporal
Temperature Scaling does not consistently outper-
form a globally fitted calibrator. These findings
highlight the importance of evaluating confidence
calibration at the level of individual temporal slices
rather than relying solely on aggregate metrics.
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Limitations

Our evaluation focuses on temporal confidence cal-
ibration in factual question answering across two
temporally grounded benchmarks and a diverse set
of open-weight, instruction-tuned LLMs. While
this setting enables a controlled analysis of how
confidence reliability varies across reference pe-
riods, calibration behavior may differ in tasks in-
volving complex reasoning, multi-step inference,
multimodal inputs, or other forms of temporally
conditioned generation.

We evaluate Global and Temporal Temperature
Scaling to characterize the effectiveness of estab-
lished post-hoc calibration under temporal varia-
tion. Our results show that post-hoc calibration
can substantially improve confidence reliability,
while residual period-specific differences remain.
Extending this analysis to additional calibration
techniques and developing methods that explicitly
account for temporal variation constitute promising
directions for future work.

Finally, although our evaluation spans multiple
model families and parameter scales, the findings
may not fully generalize to proprietary models or
systems trained with substantially different data,
architectures, or alignment procedures.
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A Related Work

Confidence Estimation and Calibration in
LLMs Model calibration has been extensively
studied in classification and question answering.
Expected Calibration Error (ECE) and Brier Score
are standard metrics for assessing the alignment
between predicted confidence and empirical accu-
racy. Jiang et al. (2021) analyzed calibration in
open-domain QA, while Kadavath et al. (2022)
showed that large language models possess inter-
nal uncertainty signals correlated with correctness,
even when these signals are not reflected in gener-
ated outputs. Recent work has further examined the
reliability of confidence estimation and knowledge
probing methods, showing that such signals can be
highly inconsistent across prompts and approaches
(Zhao et al., 2025).

More recent work has also studied hallucina-
tions, abstention, and overconfidence in LLMs. For
example, abstention-based approaches aim to al-
low models to withhold answers when uncertain
(Wen et al., 2025), while Zhang and Choi (2023)
address temporal misalignment by predicting fact
duration and discarding volatile facts. Post-hoc cal-
ibration methods such as temperature scaling have
also been widely studied for improving confidence
reliability in neural networks (Guo et al., 2017).
However, these approaches are typically evaluated
under aggregate or stationary settings and do not
explicitly analyze how calibration behavior varies
across temporal dimensions. In contrast, our work
examines whether confidence estimation and both
global and temporally adaptive temperature scaling
remain reliable for temporally grounded question
answering.

Temporal Generalization and Knowledge Fresh-
ness A growing body of research has exam-
ined how language models generalize across time.
Lazaridou et al. (2021) showed that neural language
models exhibit significant performance degradation
when evaluated on data from time periods outside
their training distribution, particularly for future
events. Subsequent work confirmed that simply
increasing model size does not resolve this issue
and that temporal distribution shift remains a fun-
damental challenge for static models. Zhu et al.
(2025) further demonstrated that even state-of-the-
art LL.Ms suffer from accuracy decay as temporal
distance increases.

Several studies have proposed evaluation frame-
works for time-sensitive question answering.
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TimeQA (Chen et al., 2021) introduced questions
whose answers depend on temporal context, while
StreamingQA (Liska et al., 2022) and RealTimeQA
(Kasai et al., 2023) evaluate models under continu-
ously evolving information streams. FreshQA (Vu
et al., 2024) and Daily Oracle (Zhu et al., 2025)
extend this line of work by focusing on recent and
rapidly changing world knowledge. While these
efforts document temporal accuracy degradation,
they largely treat outputs as correct or incorrect
without analyzing the confidence associated with
those predictions.

Related work has also explored time-aware lan-
guage modeling. Dhingra et al. (2022) introduced
TEMPLAMA, a benchmark for probing tempo-
rally scoped factual knowledge, and proposed time-
aware pretraining methods to improve temporal
memorization and future calibration. Their work
highlighted temporal averaging, forgetting, and
poor calibration on future facts. Our work builds
on this motivation but focuses on systematic confi-
dence calibration across time rather than temporal
knowledge representation or pretraining.

Recent work has further examined the distinc-
tion between temporally stable and mutable knowl-
edge. Pletenev et al. (2025) introduced EVER-
GREENQA, a multilingual benchmark for iden-
tifying whether questions are evergreen or tem-
porally mutable, showing that temporality-aware
question classification can support dataset filtering
and self-knowledge estimation. In contrast, our
work does not aim to classify whether a question
is mutable; instead, we study whether model con-
fidence remains calibrated when answering tem-
porally grounded questions whose correctness de-
pends on time.

Temporal Reasoning and Robustness in Lan-
guage Models Beyond knowledge freshness,
LLMs also struggle with temporal reasoning and
temporal robustness. Wallat et al. (2025) analyzed
LLM robustness through temporal perturbation
tests such as year shifts, temporal reversal, tempo-
ral removal, and relativization, showing that mod-
els are highly sensitive to temporal reformulations
and often fail to robustly encode temporal informa-
tion. Earlier work on temporal blind spots (Wallat
et al., 2024) similarly identified temporal shifts,
time invariance, temporal inertia, and referencing
errors as recurring failure modes in temporal QA.
Tan et al. (2024) introduced multi-hop temporal
reasoning datasets and demonstrated that perfor-

TEMPLAMA Question Conversion Prompt

Convert the following sentence with "_X_" into a natural question:
{query}

Question:

Figure 5: Prompt used to convert TEMPLAMA cloze-style
statements into questions.

mance drops substantially as temporal complexity
increases.

These studies show that LLMs often ignore, mis-
interpret, or inconsistently use temporal constraints.
Our work complements this literature by examining
how such failures manifest in confidence estima-
tion. Rather than asking only whether a temporally
grounded answer is correct, we ask whether the
model’s stated or inferred confidence appropriately
reflects correctness across time.

Our work bridges research on calibration, tem-
poral QA, and temporal robustness by focusing
on temporal calibration: the alignment between
model confidence and correctness conditioned on
the temporal reference of a question. Unlike prior
studies that evaluate temporal reliability primar-
ily through accuracy, robustness tests, or mutable-
question classification, we explicitly analyze confi-
dence behavior over time using calibration metrics
such as ECE and Brier Score. We further compare
multiple confidence estimation strategies and eval-
uate whether post-hoc calibration methods remain
effective under temporal distribution shift.

B Dataset Details

TEMPLAMA consists of temporally anchored
cloze-style statements associated with explicit
timestamps. For our experiments, we convert the
cloze-style statements in the TEMPLAMA val-
idation set into natural-language questions using
LLaMA-3.3-70B, yielding 4,654 question—answer
pairs annotated with a timestamp ¢ indicating when
the answer was valid. The prompt used for this con-
version is shown in Figure 5, while Table 2 presents
representative examples of cloze-style statements
and their converted questions.

For ARCHIVALQA, we retain temporally ex-
plicit questions containing reference years between
1950 and 2010. To maintain temporal balance, we
sample 100 questions per year, resulting in 6,100
evaluation instances.

Table 3 shows representative temporally

39594



Dataset Year Cloze-Style Statements Question
TempLAMA 2015 Lewis Hamilton plays for _X_. Which team does Lewis Hamilton play for?
TempLAMA 2019 Michael Beasley plays for _X_. Which team does Michael Beasley play for?

Table 2: Example of Cloze-Style Statements from TEMPLAMA converted into questions.

Dataset Year Question Answer
TempLAMA 2015 Which team does Lewis Hamilton play for? Mercedes
TempLAMA 2019  Which team does Michael Beasley play for? Memphis Grizzlies
ArchivalQA 1957  Who was the mayor of West Berlin in 19577 Brandt

Archival QA 1965  What news network did Louis Rukeyser join in 1965? ABC News

Table 3: Example temporally grounded questions from ARCHIVALQA and TEMPLAMA.

grounded question—answer pairs from both

datasets.

C Evaluation Metrics

We assess model performance and calibration using
three primary metrics: Accuracy, Expected Cali-
bration Error (ECE), and Brier Score.

Accuracy For each temporal slice ¢, accuracy
is computed as the proportion of generated an-
swers judged correct. For open-ended generation,
we compute correctness using GPT-EVAL, since
LLMs often produce correct answers in different
phrasings that Exact Match (EM) would unfairly
penalize.

In the GPT-EVAL framework, we prompt an
LLM with the template shown in Figure 6 to deter-
mine whether a generated answer is semantically
correct given the ground-truth answer. The model
outputs a binary judgment: Yes or No. All GPT-
EVAL judgments are performed using determinis-
tic decoding (1" = 0).

To improve evaluation robustness and reduce
stochastic variance in LLM-based judgments, we
evaluate each generated answer three times inde-
pendently using the same GPT-EVAL prompt. The
final correctness label is determined through major-
ity voting across the three independent judgments.
We additionally report Exact Match (EM) and Con-
tains Match accuracy in Table 4 for comparison.
EM scores are substantially lower due to lexical
mismatch in open-ended answer generation, which
motivates our use of GPT-EVAL across all experi-
ments.

Expected Calibration Error (ECE) Expected
Calibration Error (ECE) (Guo et al., 2017) mea-
sures the discrepancy between predicted confidence
and empirical accuracy. We partition predictions

Evaluating Generated Answer using LLM

Question: <question>

Answer: <ground_truth>

Predicted Answer: <predicted_answer>

Is the Predicted Answer correct? Choose between "Yes" or "No".

Figure 6: Prompt template used for GPT-EVAL-based
answer verification. The placeholders <question>,
<ground_truth>, and <predicted_answer> denote
the input question, reference answer, and generated an-
swer, respectively.

into M equally spaced confidence bins (we use
M = 10). For a given bin B,,, the empirical accu-
racy is defined as:

1
o > 1z =1]
1€ Bm
and the average predicted confidence is:

>

’LeBm

conf(B,,)

B |

The ECE is computed as the weighted average of
the absolute difference between accuracy and con-
fidence across all bins:

ECE = Z'

To analyze temporal effects, we compute ECE;
independently for each temporal slice ¢, enabling
us to track calibration drift over time.

lacc(By,) — conf(B,,)]| .

Brier Score The Brier Score (Glenn et al., 1950)
measures the mean squared error between the pre-
dicted confidence and the binary correctness out-
come. Unlike ECE, it is a proper scoring rule that
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Model | p(True) Verbal Confidence Token Probability Self-Consistency

‘ EM 1 Containst GPT-EVALT EMY ContainstT GPT-EVAL1 EM*T Containst GPT-EVAL1 EM*T Contains T GPT-EVAL 1
ArchivalQA
Qwen-3 4B 4.43 13.47 30.08 4.52 11.95 23.89 5.36 12.86 25.50 4.57 11.98 25.53
Gemma-3 4B 1.56 18.17 21.78 3.89 16.57 21.24 4.92 16.36 21.32 5.14 15.94 24.28
Ministral-3 8B 3.38 2242 36.85 5.53 17.41 34.06 5.97 17.78 3240 2.08 3.60 10.56
LLaMA-3.1 8B 11.25 2232 31.47 11.40 21.76 30.02 11.40 21.03 29.47 11.49 21.34 31.61
Gemma-3 27B 5.80 28.95 3951 11.44 26.60 37.41 11.15 27.29 37.46 10.95 27.19 40.37
Qwen-3 30B 11.29 23.64 38.49 10.42 2333 37.19 11.35 23.72 36.73 11.25 23.64 39.15
LLaMA-3.370B | 15.57 32.18 46.01 15.69 31.88 44.81 15.48 31.56 44.37 16.41 31.56 45.62
Qwen-2.5 72B 13.98 28.54 46.41 15.25 28.07 41.56 15.36 28.54 41.27 15.16 28.49 43.33
TEMPLAMA
Qwen-3 4B 3.46 7.80 8.34 2.92 5.52 8.66 3.87 6.27 10.49 3.89 5.67 12.20
Gemma-3 4B 1.05 10.70 13.77 2.79 9.05 13.04 5.09 9.82 13.64 3.61 9.84 14.87
Ministral-3 8B 2.30 15.38 13.32 5.74 13.79 13.97 5.65 13.00 14.29 3.65 5.05 9.24
LLaMA-3.1 8B 10.38 16.80 19.19 10.66 14.89 17.15 13.21 19.27 22.65 13.11 19.10 22.07
Gemma-3 27B 12.18 30.66 32.38 17.88 30.38 31.65 17.17 29.80 31.80 15.21 29.35 32.12
Qwen-3 30B 11.07 21.59 2591 1143 20.11 25.05 12.40 19.72 24.54 12.27 20.33 26.82
LLaMA-3.370B | 25.93 38.89 40.46 23.66 34.62 37.02 27.01 39.26 41.53 27.72 38.68 41.43
Qwen-2.5 72B 15.15 25.87 30.40 18.05 25.46 28.90 18.59 26.30 30.00 18.37 25.48 29.63

Table 4: Comparison of EM, Contains Match, and GPT-EVAL accuracy across confidence estimation methods. EM
substantially underestimates performance due to lexical mismatch in open-ended generation, motivating the use of

GPT-EVAL for all calibration experiments.

penalizes instance-level overconfidence and under-
confidence:

L
—_— P . 2
BS = N E_l(cl zi)”,

where z; € {0,1} denotes whether the i-th pre-
diction is correct. Lower Brier Scores indicate
better-calibrated predictions. Similarly to ECE, we
compute BS; independently for each temporal slice
t.

D Models and Implementation Details

Table 5 summarizes the models evaluated in our
experiments. All models are instruction-tuned
and evaluated in a zero-shot setting without task-
specific fine-tuning or retrieval augmentation. Un-
less required otherwise by the confidence estima-
tion strategy, all models are evaluated using greedy
decoding with temperature 7' = (. For Self-
Consistency, stochastic decoding is performed us-
ing temperature sampling with 7" = 0.7.

E Prompts Used in Main Experiments

This section provides the exact prompts used for
answer generation and confidence estimation in the
main experiments (Section 5). All prompts are ap-
plied in a zero-shot setting and conditioned on a
reference year. Figures 7, 8, 9, and 10 show the
prompts used for Verbal Confidence, P(True), Self-
Consistency, and Token Probability Confidence, re-
spectively. The placeholders {YEAR}, {QUESTION},
and, where applicable, {ANSWER} vary across in-
stances.

Model Category Parameters Inst. Tuned
Qwen-3 Small 4B v
Gemma-3 Small 4B v
Ministral-3  Medium 8B v
LLaMA-3.1 Medium 8B v
Gemma-3 Large 27B v
Qwen-3 Large 30B v
LLaMA-33 XL 70B v
Qwen-2.5 XL 72B v

Table 5: Instruction-tuned LLMs evaluated in our exper-
iments, grouped by parameter scale.

F Additional Plots

This appendix presents additional calibration anal-
yses and visualizations. Figure 12 reports temporal
ECE trends for the remaining evaluated models,
complementing the representative-model results
shown in Figure 2 of Section 5.2. Corresponding
Brier Score trends for the representative and re-
maining models are reported in Figures 11 and 13,
respectively.

Figures 14 and 15 present reliability diagrams
for all evaluated models and confidence estimation
strategies.

Additional temperature scaling analyses are
shown in Figures 16, 17, and 18. Figure 16 presents
calibration error across different temperature values
on the calibration split for representative models,
illustrating that each model exhibits a distinct op-
timal temperature region. Figure 17 reports Brier
Score before and after applying Global Temper-
ature Scaling on held-out test sets, showing cal-
ibration improvements consistent with the ECE
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Verbal Confidence Prompt

System Prompt: You are a factual question-answering assistant. You
must answer questions based ONLY on knowledge available up to
the end of that year. Provide your answer in strict JSON format
with exactly these three keys: (1) "Answer”: The direct answer. (2)
"Justification”: Explanation using only context from that year.
(3) "ConfidenceScore”: Integer (0—100). Do not output any text
outside the JSON block.

User Prompt: Imagine the current year is { YEAR}.
Question: {QUESTION}

Based ONLY on information available in {YEAR}, provide:
1. "Answer" — the most accurate answer based on knowledge.

2. "Justification” — adetailed explanation of the reasoning
behind your answer.

3. "ConfidenceScore” — an integer between 0 and 100 indi-
cating how confident you are in your answer for the given
year.

Format your response as a JSON object in the following exact struc-
ture:

{
"Answer"”: "<answer>",
"Justification”: "<justification>",
"ConfidenceScore”: <confidence_score>

}

Figure 7: Prompt used to elicit verbalized confidence
alongside an answer and justification under temporal
constraints.

Answer Generation Prompt

System Prompt: You are a factual question-answering assistant.
You must answer questions based ONLY on knowledge available up
to the end of the specified year. You must not use any information
beyond that time. Provide your answer in strict JSON format with
exactly the specified keys. Do not output any text outside the JSON
object. User Prompt: Imagine the current year is { YEAR}. Based

ONLY on information available in { YEAR}, provide the most accurate
answer for the given question. Question:

{QUESTION} Format: {

"Answer": "<answer>"

}

(a) Prompt used for temporally grounded answer generation.

P(True) Confidence Prompt

Question: {QUESTION}
Answer: {ANSWER}

Is the answer factually correct based only on information available

in {YEAR}? Respond with exactly one word: True or False.

(b) Prompt used to estimate internal model confidence
P(True).

Figure 8: Prompts used in the temporal QA pipeline. (a)
generates an answer conditioned on knowledge avail-
able up to a specified year, while (b) estimates whether
the generated answer is factually correct under the same
temporal constraint.

Self-Consistency Answer Generation Prompt

System Prompt: You are a factual question-answering assistant. You
must answer questions based ONLY on knowledge available up to
the end of that year. Provide your answer in strict JSON format with
exactly these keys: (1) "Answer" and (2) "Justification”. Do not
output any text outside the JSON block.

User Prompt: Imagine the current year is { YEAR}. Based ONLY on
information available in {YEAR}, provide the most accurate answer
for the given question.

Question:
{QUESTION}
Respond ONLY in the following JSON format:
{
"Answer": "<answer>",
"Justification”: "<justification>"

}

Figure 9: Prompt used to generate multiple temporally
grounded answers for self-consistency-based confidence
estimation.

Token Probability Confidence Prompt

System Prompt: You are a factual question-answering assistant.
You must answer questions based ONLY on knowledge available
up to the end of that year. Provide your answer in strict JSON
format with exactly these keys: (1) "Answer"”: The direct answer.
(2) "Justification”: Explanation using only context from that
year. Do not output any text outside the JSON block. User Prompt:

Imagine the current year is {YEAR}. Based ONLY on information
available in {YEAR}, provide the most accurate answer for the given
question. Question:

{QUESTION} Respond ONLY in the following JSON format:

{
"Answer"”: "<answer>",
"Justification”: "<justification>"
}
| J
Figure 10: Prompt used to generate temporally

grounded answers for computing token probability con-
fidence estimation.

reductions discussed in the main paper. Figure 18
visualizes the optimal temperature learned inde-
pendently for each temporal bucket, highlighting
period-specific variation in calibration behavior.

G Additional Experiments

G.1 Non-Temporal Baseline Comparison

To determine whether the observed miscalibration
patterns are specific to temporal QA or reflect gen-
eral overconfidence in factual QA, we evaluate
Gemma-3-4B and LLaMA-3.3-70B on stratified
samples of 500 questions using P(True), Verbal
Confidence, Token Probability Confidence, and
Self-Consistency under temporally neutral prompts.
We consider three settings: (1) ArchivalQA (no-
year), where reference years are removed from
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ArchivalQA: Brier Score Over Time (! Better)

P(True) Verbal Confidence Token Prob. Confidence Self-Consistency Semantic Entropy
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Figure 11: Temporal evolution of Brier Score across representative models and confidence estimation strategies
on (a) ARCHIVALQA (1950-2010) and (b) TEMPLAMA (2010-2020). Lower values indicate better calibration.
Brier Score varies substantially across reference periods, models, and confidence estimators, with ARCHIVALQA
exhibiting heterogeneous temporal trajectories and TEMPLAMA generally showing lower calibration error toward
more recent reference years.
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and (b) TEMPLAMA (2010-2020).

39598



ArchivalQA: Brier Score Over Time (1 Better)

P(True) Verbal Confidence

Token Prob. Confidence Semantic Entropy

—o0s
£ [ 05 05 B
2 J 0.45
= 0s y
@ . = ¢ 02 0.2
° 030 - 2, 5
0.2 03 01 01
00
00
& & & & & & & & o & S 5o & s> $ 5 & S o
& g EC & § S A EAC N C A

—— Qwen3-48 = Ministral-3-88 == Qwen3-308 = Qwen2.5-72B

(a) ARCHIVALQA

TEMPLAMA: Brier Score Over Time (! Better)

P(True)

nce
065 s
060 0.450
080
o 055 0425
5 075
g
050 0.400
070
045
0.40

2
g
g
@
2

(1 Better)

B
%
2,
%
2,
2
%s
2,
3

Token Prob. Confidence Semantic Entropy

—— QWen34B  —— Ministral 388 —— Qen3-30B —— Quen2.5-72B

(b) TEMPLAMA

Figure 13: Temporal evolution of Brier Score across the remaining evaluated models on (a) ARCHIVALQA (1950-

2010) and (b) TEMPLAMA (2010-2020).

prompts; (2) TEMPLAMA (no-year), where
temporal grounding is omitted; and (3) Trivi-
aQA (Joshi et al., 2017), a standard non-temporal
factual QA benchmark. Table 6 reports the result-
ing calibration performance.

Calibration differs between temporal and non-
temporal factual QA. Across both models, cal-
ibration performance is consistently stronger on
TriviaQA than on the temporal datasets. For ex-
ample, for LLaMA-3.3-70B, verbal confidence
achieves an ECE of only 0.052 on TriviaQA, com-
pared to 0.365 on ArchivalQA and 0.598 on TEM-
PLAMA. Similar improvements are observed for
Self-Consistency and token-based probabilities.
These results suggest that temporal factual QA
poses a substantially greater calibration challenge
than standard non-temporal factual QA.

Temporal framing improves calibration relia-
bility. Removing explicit year information gener-
ally worsens calibration on both temporal datasets.
Compared to the original temporally grounded
prompts, the no-year setting produces higher cal-
ibration error across several methods and mod-
els. For example, LLaMA-3.3-70B exhibits higher
P(True) ECE under the no-year setting than under
the corresponding temporally grounded setting (Ta-

ble 7). This trend suggests that temporal framing
helps anchor model uncertainty to a specific factual
period, improving calibration reliability.

Interestingly, no single confidence estimation
strategy dominates across all datasets. While
P(True) generally performs strongly on tempo-
ral QA, Self-Consistency and Verbal Confidence
achieve comparatively low ECE on TriviaQA for
LLaMA-3.3-70B. This suggests that the effective-
ness of confidence estimation strategies depends
strongly on the underlying factual setting and tem-
poral characteristics of the task.

G.2 Prompt Sensitivity Analysis

To assess whether our findings depend on the spe-
cific temporal prompt framing used in the main
experiments, we conduct a prompt sensitivity anal-
ysis across three temporal prompt variants: Variant
A (original): “Imagine the current year is {year).
{question}”, Variant B (natural phrasing): the year
is embedded directly into the question text (e.g.,
“Which team did Lewis Hamilton play for in 2015?"),
and Variant C (as-of framing): “As of {year}, an-
swer the following question: {question}”.

We evaluate all variants on stratified samples of
500 questions from each dataset using Gemma-3-
4B and LLaMA-3.3-70B across P(True), Verbal
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ARCHIVALQA Reliability Diagrams

P(True) Verbal Confidence Token Prob. Confidence Self-Consistency Semantic Entropy
10
ece-0317 £cE=0529 EcE=0.457 Ece=0.626 EcE=0.619
08 1 1
@
g
2
§
g
&
v v v v
10 - -
ece-0.612 ece=0.7a1 EcE=0.320 EcE=0.428 EcE=0.401
08 1 1
2
£ —
5
8
00 4= v v v v s v v T v : v v v v : v v v v
10 - - = =
£cE=0.220 £ce-0592 EcE=0.297 ECE=0.076 EcE=0.207
08 a a a 4 a 4
8
@ o5
g
v v T v : v v v v = r v v v “ T v v T
10 - - — —
ECE=0.055 EcE=0.561 EcE=0.279 £c=0.308 EcE=0.209
o P ] - . .
8
2 05 1 —
£ 04+ — e
02 §is 1
10 - - — —
ECE=0.434 EcE=0535 EcE=0.347 EcE=0.423 ECE=0.400
o P ] - | . .
®
£
£
5
8
10 - - — —
£ce-0.429 £CE=0.563 £ce=0.362 £ce=0.422 £cE=0.406
v P ] - | . .
R | |
2 04 N T 1
& ~]
02 4 s ] |
0.0 F—— g — . . . —~
10
ece-0101 el ecemo384 ece-0.421 ece-0.378 ece-0.362
«
R
o
H
00 4= v v : T T v T 2 v v v v : v v v v = v v v T
10
ece-0254 Ece-0.412 EcE=0.347 EcE-0.415 Ece-0.386
&
0
<
§ ] ]
]
&
00 v v v v v v v v v v v v 3 v v v v . u v v v
00 0z o4 06 08 10 00 o0z o4 06 08 Lo 0o 02 o4 06 08 1o 00 02 04 05 08 10 00 02 04 06 08 10
Confidence Confidence Confidence Confidence Confidence

Figure 14: Reliability diagrams for all evaluated models and confidence estimation strategies on ARCHIVALQA. The
dashed diagonal denotes perfect calibration, where predicted confidence matches empirical accuracy. Calibration
behavior varies substantially across models and confidence estimators, consistent with the aggregate results in
Table 1. Verbal Confidence is generally overconfident, while Token Probability Confidence, Self-Consistency,
P(True), and Semantic Entropy exhibit model-dependent calibration behavior. ECE values for each model-method
combination are shown within each subplot.

Confidence, Token Probabilities Confidence, and ~ prompt formulations.
Self-Consistency. Full prompt templates are pro-

vided in Appendix H. Verbal Confidence remains poorly calibrated

across prompts. Verbal Confidence exhibits sub-

Table 7 reports calibration performance across  stantial calibration error across prompt variants,
all prompt variants. Overall, the main calibra- particularly for Gemma-3-4B, where ECE exceeds
tion patterns remain qualitatively consistent across  0.75 under all three variants on both datasets. This
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P(True)
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TEMPLAMA Reliability Diagrams
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Figure 15: Reliability diagrams for all evaluated models and confidence estimation strategies on TEMPLAMA. The
dashed diagonal denotes perfect calibration, where predicted confidence matches empirical accuracy. Calibration
behavior varies substantially across models and confidence estimators, with pronounced overconfidence in several
settings. Verbal Confidence is generally poorly calibrated, while the remaining estimators exhibit model-dependent
deviations from the diagonal. ECE values for each model-method combination are shown within each subplot.

indicates that the poor calibration of verbal confi-
dence is not specific to a single temporal prompt
formulation.

Estimator rankings remain model-dependent
across prompts. Across prompt variants, Token
Probability Confidence achieves the lowest cali-
bration error for Gemma-3-4B on both datasets,

whereas P(True) achieves the lowest calibration
error for LLaMA-3.3-70B. For example, LLaMA-
3.3-70B achieves P(True) ECE values as low as
0.116 on ARCHIVALQA and 0.129 on TEM-
PLAMA. This pattern remains qualitatively sta-
ble across the evaluated prompt formulations and
is consistent with the main-paper finding that no
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Figure 16: Calibration performance across different temperature values on the calibration split for (a) Token
Probability Confidence and (b) P(True) across representative models and datasets. ECE, Brier Score, and binary
NLL vary with temperature across model—dataset pairs; the global temperature is selected by minimizing binary
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Figure 17: Brier Score before and after applying Global Temperature Scaling on held-out test sets for (a) Token
Probability Confidence and (b) P(True). Global Temperature Scaling improves calibration for both confidence
signals, consistent with the ECE reductions shown in Figure 3.

single confidence estimator uniformly dominates  In particular, changing the temporal phrasing does
across models and datasets. not systematically change the best-performing con-
fidence estimator for either model. The varia-
Temporal calibration patterns are stable across  tion across prompt formulations is also generally
prompt formulations. Although calibration val- ~ smaller than the calibration differences observed
ues vary across prompt variants, the broader  between confidence estimation methods.
method-wise patterns remain qualitatively stable. These results suggest that the temporal calibra-
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Figure 18: Optimal temperature parameters learned independently for each temporal bucket for (a) Token Probability
Confidence and (b) P(True) across representative models and datasets. Different decades and years frequently prefer
different temperature values for both confidence signals, indicating that calibration behavior is non-stationary across

temporal periods.

tion patterns observed in our experiments are robust
to the evaluated prompt formulations and are not
driven solely by a particular choice of temporal
phrasing.

H Additional Experiment Prompts

In this appendix, we present the prompts used in
the additional experiments. Figure 19 provides
the baseline prompts without temporal condition-
ing. Figures 20, 21, 22, and 23 show the prompt
variants used for Verbal Confidence, P(True), Self-
Consistency, and Token Probability Confidence re-
spectively, in the prompt sensitivity analysis.

I Temporal Miscalibration Case Studies

To complement the aggregate calibration analy-
ses presented in the main paper, we provide rep-

resentative qualitative examples of temporal mis-
calibration across different confidence estimation
strategies. These examples illustrate several recur-
ring failure modes observed throughout our experi-
ments, including severe verbalized overconfidence,
incorrect temporal associations, agreement-driven
overconfidence under Self-Consistency, and unreli-
able token-level uncertainty estimation. Together,
these cases demonstrate that temporal miscalibra-
tion can arise through multiple distinct mechanisms
beyond simple factual inaccuracy.

Overall, these examples highlight that high con-
fidence in temporally grounded QA often reflects
linguistic fluency, semantic agreement, or stale
factual associations rather than reliable temporal
correctness. Even when models produce factually
correct answers, confidence estimates may remain
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ArchivalQA TEMPLAMA TriviaQA
Model Method Acc. ECE | Brier| Acc. ECE] Brier| Acc. ECE | Brier |

P(True) 200 0.636 0.614 9.8 0.744 0.703 57.8 0.290 0.338
Verbal Confidence 184 0.804 0.795 88 0907 0904 57.7 0.415 0414
Token Probability 21.0 0.397 0.334 11.0 0.371 0.288 56.1 0.236 0.270
Self-Consistency 19.4 0.528 0476 9.6 0.610 0.503 59.2 0.289 0.315

P(True) 433 0.191 0.248 237 0.227 0.235 927 0327 0.224
LLaMA-3.3-70B Verbal Confidence 44.2 0.365 0.340 23.8 0.598 0.548 93.1 0.052 0.051
’ Token Probability 48.9 0.381 0.358 33.2 0.562 0.543 919 0.059 0.077

Self-Consistency 43.2 0.440 0.417 244 0.604 0.586 91.2 0.062 0.070

Gemma-3-4B

Table 6: Calibration performance under temporally neutral prompts across ARCHIVALQA, TEMPLAMA, and
TRIVIAQA. Lower ECE and Brier Scores indicate better calibration, with the lowest values within each model—
method row shown in bold. Calibration is consistently stronger on non-temporal QA across nearly all evaluated
settings, suggesting that temporally evolving factual knowledge presents a substantially greater calibration challenge.

Variant A Variant B Variant C
Dataset Model Method Acc. ECE Brier Acc. ECE Brier Acc. ECE Brier
P(True) 19.1 0.543 0.520 19.4 0.599 0.570 20.9 0.629 0.608

Verbal Confidence 18.8 0.762 0.734 19.2 0.792 0.781 20.3 0.777 0.764
Token Probability 19.6 0.356 0.305 22.9 0.325 0.293 22.1 0.342 0.301
Self Consistency  18.0 0.482 0.421 18.6 0.539 0.472 19.2 0.496 0.433

P(True) 39.9 0.127 0.202 44.1 0.201 0.244 43.3 0.116 0.209
Verbal Confidence 40.7 0.414 0.394 43.3 0.399 0.367 41.5 0.440 0.408
Token Probability 48.6 0.380 0.356 51.5 0.338 0.329 47.0 0.381 0.350
Self Consistency  41.6 0.462 0.437 42.0 0.446 0.421 41.4 0.447 0.432

P(True) 16.8 0.697 0.656 11.0 0.718 0.666 15.6 0.703 0.664
Gemma-3-4B Verbal Confidence 16.0 0.808 0.785 10.6 0.887 0.880 13.2 0.850 0.835
Token Probability 14.2 0.317 0.285 12.2 0.392 0.316 14.9 0.295 0.282
Self Consistency  15.8 0.600 0.526 11.2 0.670 0.585 14.6 0.573 0.488

P(True) 324 0.196 0.246 329 0.129 0.202 33.1 0.167 0.227
LLaMA-3.3-70B Verbal Confidence 35.3 0.541 0.511 36.4 0.520 0.498 38.3 0.530 0.508
Token Probability 33.5 0.558 0.544 34.1 0.568 0.543 34.0 0.575 0.553
Self Consistency  35.8 0.535 0.533 36.6 0.531 0.517 36.6 0.481 0.467

Gemma-3-4B

ArchivalQA

LLaMA-3.3-70B

TEMPLAMA

Table 7: Prompt sensitivity results across temporal prompt variants. We report Accuracy (Acc.), ECE, and Brier
Score for Variants A, B, and C across both datasets and models. Lower ECE and Brier Scores indicate better
calibration. Bold indicates the lowest ECE or Brier Score across variants within each model-method—dataset
combination.

poorly aligned with actual uncertainty under tem-
poral shift.
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Verbal Confidence

System Prompt:

You are a factual question-answering assistant. Provide your answer
in strict JSON format with exactly these three keys:

1. "Answer": The direct answer.

2. "Justification”: Explanation of your reasoning.

3. "ConfidenceScore": Integer (0-100).

Do not output any text outside the JSON block.

User Prompt:
Question: {QUESTION}

Format your response as a JSON object:
"Answer": "<answer>",

"Justification”: "<justification>",
"ConfidenceScore"”: <confidence_score>

Answer Generation

System Prompt:

You are a factual question-answering assistant. Provide your answer
in strict JSON format with exactly these keys:

1. "Answer": The direct answer.

2. "Justification”: Brief explanation of your reasoning.

Do not output any text outside the JSON block.

User Prompt:

Question: {QUESTION}
Format your response as a JSON object:

"Answer”: "<answer>",
"Justification”: "<justification>"
3
Verification Prompt:
Question: {QUESTION}
Answer: {ANSWER}
Is this answer correct?

} Respond with exactly one word: True or False.
L J \ J
(a) Verbal Confidence. (b) P(True).
System Prompt:

Self-Consistency

System Prompt:

You are a factual question-answering assistant. Provide your answer
in strict JSON format with exactly these keys:

1. "Answer”

2. "Justification”

User Prompt:
Question: {QUESTION}

Respond ONLY in the following JSON format: ture:
"Answer": "<answer>", "Answer": "<answer>",
"Justification”: "<justification>" "Justification”: "<justification>"
} 3}
L J/ L J

You are a factual question-answering assistant. Provide your answer
in strict JSON format with exactly these two keys:

1. "Answer": The direct answer.

2. "Justification”: Brief explanation of your reasoning.

Do not output any text outside the JSON block.

User Prompt:

Question: {QUESTION}

Based ONLY on information available, provide:

1. "Answer" — the most accurate answer based on knowledge.

2. "Justification” — a brief explanation.

Format your response as a JSON object in the following exact struc-

(c) Self-Consistency.

(d) Token Probability Confidence.

Figure 19: Baseline prompts used in the non-temporal experiments without explicit temporal conditioning. Panels
show the prompts used for (a) Verbal Confidence, (b) P(True), (c) Self-Consistency, and (d) Token Probability
Confidence. For P(True), the generated answer is subsequently evaluated using the binary verification prompt shown

in panel (b).
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Dataset Example Prediction Behavior Conf. Analysis
ARCHIVALQA “Who chaired the Com- Predicts that no chair had 98% The model produces a historically plau-
mittee of Conscience been formally appointed in- sible but factually incorrect explanation
Against Apartheid in stead of “A. Philip Ran- while remaining extremely confident, il-
19667 dolph” lustrating severe overconfidence in ver-
balized confidence estimation under tem-
poral uncertainty.
TEMPLAMA “Which team does Mar- Predicts “Brooklyn Nets” 73% The model assigns high confidence to
cus Camby play for?” instead of “New York an incorrect temporal association, illus-
(2013) Knicks” or “Toronto Rap- trating overconfidence on dynamically
tors” changing factual knowledge.
ARCHIVALQA “What organization did All sampled generations 100% Self-Consistency assigns maximal confi-
Yugoslavia join in 2000?”  consistently predict that Yu- dence because all sampled generations
goslavia joined no organi- agree semantically despite being factu-
zation ally incorrect. This suggests that gener-
ation agreement primarily captures an-
swer stability rather than correctness.
ARCHIVALQA “What French aluminum Correctly predicts  0.002 Despite producing the correct answer,
producer did Alcan ac- “Pechiney” the model assigns near-zero token prob-

quire in 2003?”

ability confidence. This suggests that
token-level likelihood may fail to reflect
semantic correctness or historical cer-
tainty.

Table 8: Representative temporal calibration failure modes observed across confidence estimation strategies. The
examples illustrate verbalized overconfidence, temporal hallucination, agreement-driven overconfidence, and
unreliable token-level uncertainty estimation under temporal shift.
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Variant A (Explicit Temporal Constraint)

System Prompt: You are a factual question-answering assistant. You must answer questions based ONLY on knowledge available up to the end of that
year. Provide your answer in strict JSON format with exactly these three keys:

1. "Answer": The direct answer.

2. "Justification”: Explanation using only context from that year.

3. "ConfidenceScore": Integer (0-100).

Do not output any text outside the JSON block.

User Prompt: Imagine the current year is { YEAR}.

Question: {QUESTION}

Based ONLY on information available in {YEAR}, provide:

1. "Answer" — the most accurate answer based on knowledge.

2. "Justification” — a detailed explanation of the reasoning behind your answer.

3. "ConfidenceScore” — an integer between 0 and 100 indicating how confident you are in your answer for the given year.
Format your response as a JSON object:

{
"Answer"”: "<answer>",
"Justification”: "<justification>",
"ConfidenceScore”: <confidence_score>

(a) Explicit temporal constraint in both system and user prompts.

Variant B (Temporal Context in Question)

System Prompt: You are a factual question-answering assistant. Provide your answer in strict JSON format with exactly these three keys:
1. "Answer": The direct answer.

2. "Justification"”: Explanation of your reasoning.

3. "ConfidenceScore": Integer (0-100).

Do not output any text outside the JSON block.

User Prompt: Question: {QUESTION_WITH_YEAR}

Provide:

1. "Answer” — the most accurate answer.

2. "Justification” — a detailed explanation of your reasoning.

3. "ConfidenceScore” — an integer between 0 and 100 indicating how confident you are.

Format your response as a JSON object:

"Answer"”: "<answer>",
"Justification”: "<justification>",
"ConfidenceScore"”: <confidence_score>
3
~ J

(b) Temporal information embedded directly in the question.

Variant C (Prefixed Temporal Framing)

System Prompt: You are a factual question-answering assistant. Provide your answer in strict JSON format with exactly these three keys:
1. "Answer": The direct answer.

2. "Justification”: Explanation of your reasoning.

3. "ConfidenceScore": Integer (0-100).

Do not output any text outside the JSON block.

User Prompt: As of {YEAR}, answer the following question:
Question: {QUESTION}

Provide:
1. "Answer” — the most accurate answer.
2. "Justification” — a detailed explanation of your reasoning.
3. "ConfidenceScore” — an integer between 0 and 100 indicating how confident you are.
Format your response as a JSON object:
{
"Answer"”: "<answer>",
"Justification”: "<justification>",
"ConfidenceScore”: <confidence_score>
}
. J

(c) Temporal framing introduced as a prefix to the question.

Figure 20: Verbal Confidence prompt variants used in the prompt sensitivity analysis. The variants differ in how
temporal information is introduced: (a) through explicit temporal constraints in both the system and user prompts,
(b) directly within the question, and (c) through prefixed temporal framing.
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Variant A (Explicit Temporal Constraint)

Answer Generation:

System Prompt: You are a factual question-answering assistant. You must answer questions based ONLY on knowledge available up to the end of that
year. Provide your answer in strict JSON format with exactly this key:

1. "Answer": The direct answer.

Do not output any text outside the JSON block.

User Prompt: Imagine the current year is { YEAR}.
Question: {QUESTION}
Based ONLY on information available in { YEAR}, provide:

1. "Answer" — the most accurate answer based on knowledge.
Format your response as a JSON object:
{

"Answer"”: "<answer>"

}

Verification Prompt:

Question: {QUESTION}

Answer: {ANSWER}

Is the answer factually correct based only on information available in { YEAR}?
Respond with exactly one word: True or False.

(a) Explicit temporal conditioning during both answer generation and verification.

Variant B (Temporal Context in Question)

Answer Generation:

System Prompt: You are a factual question-answering assistant. Provide your answer in strict JSON format with exactly this key:
1. "Answer": The direct answer.

Do not output any text outside the JSON block.

User Prompt: Question: {QUESTION_WITH_YEAR}
Format your response as a JSON object:

{

"Answer"”: "<answer>"

}

Verification Prompt:

Question: {QUESTION}

Answer: {ANSWER}

Is this answer correct?

Respond with exactly one word: True or False.

(b) Temporal information is embedded directly in the generation question, while verification uses the original question without
explicit temporal conditioning.

Variant C (Prefixed Temporal Framing)

Answer Generation:

System Prompt: You are a factual question-answering assistant. Provide your answer in strict JSON format with exactly this key:
1. "Answer": The direct answer.

Do not output any text outside the JSON block.

User Prompt: As of {YEAR}, answer the following question:
Question: {QUESTION}
Format your response as a JSON object:

{

"Answer"”: "<answer>"

}

Verification Prompt:

As of {YEAR}:

Question: {QUESTION}

Answer: {ANSWER}

Is this answer correct?

Respond with exactly one word: True or False.

(c) Temporal framing is introduced as a prefix during both answer generation and verification.

Figure 21: P(True) prompt variants used in the prompt sensitivity analysis. Each variant first generates an answer
and then estimates confidence through binary verification. The variants differ in how temporal context is introduced
during answer generation and verification.
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Variant A (Explicit Temporal Constraint)

System Prompt: You are a factual question-answering assistant. You must answer questions based ONLY on knowledge available up to the end of that
year. Provide your answer in strict JSON format with exactly these keys:

1. "Answer”

2. "Justification”

User Prompt: Imagine the current year is { YEAR}.
Question: {QUESTION}
Respond ONLY in the following JSON format:

"Answer"”: "<answer>",
"Justification”: "<justification>"

}

(a) Explicit temporal constraint in both system and user prompts.

Variant B (Temporal Context in Question)

System Prompt: You are a factual question-answering assistant. Provide your answer in strict JSON format with exactly these keys:
1. "Answer”
2. "Justification”

User Prompt: Question: {QUESTION_WITH_YEAR}
Respond ONLY in the following JSON format:

"Answer"”: "<answer>",
"Justification”: "<justification>"

}

(b) Temporal information embedded directly in the question.

Variant C (Prefixed Temporal Framing)

System Prompt: You are a factual question-answering assistant. Provide your answer in strict JSON format with exactly these keys:
1. "Answer"”
2. "Justification”

User Prompt: As of {YEAR}, answer the following question:
Question: {QUESTION}
Respond ONLY in the following JSON format:

"Answer"”: "<answer>",
"Justification”: "<justification>"

}

(c) Temporal framing introduced as a prefix to the question.

Figure 22: Self-Consistency prompt variants used in the prompt sensitivity analysis. Each variant is sampled
multiple times to estimate confidence from agreement across generated answers. The variants differ in how temporal
context is introduced: (a) through an explicit temporal constraint, (b) directly within the question, and (c) through
prefixed temporal framing.
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Variant A (Explicit Temporal Constraint)

System Prompt: You are a factual question-answering assistant. You must answer questions based ONLY on knowledge available up to the end of that
year. Provide your answer in strict JSON format with exactly these two keys:

1. "Answer": The direct answer.

2. "Justification”: Explanation using only context from that year.

Do not output any text outside the JSON block.

User Prompt: Imagine the current year is { YEAR}.
Question: {QUESTION}
Based ONLY on information available in {YEAR}, provide:
1. "Answer" — the most accurate answer based on knowledge.
2. "Justification” — a brief explanation.
Format your response as a JSON object in the following exact structure:
{
"Answer"”: "<answer>",
"Justification”: "<justification>"

}

(a) Explicit temporal constraint in both system and user prompts.

Variant B (Temporal Context in Question)

System Prompt: You are a factual question-answering assistant. You must answer questions based ONLY on your available knowledge. Provide your
answer in strict JSON format with exactly these two keys:

1. "Answer": The direct answer.

2. "Justification"”: Explanation using only context from that year.

Do not output any text outside the JSON block.

User Prompt: Question: {QUESTION_WITH_YEAR}

Provide:
1. "Answer" — the most accurate answer based on knowledge.
2. "Justification” — a brief explanation.

Format your response as a JSON object in the following exact structure:

"Answer"”: "<answer>",
"Justification”: "<justification>"

}

(b) Temporal information embedded directly in the question.

Variant C (Prefixed Temporal Framing)

System Prompt: You are a factual question-answering assistant. You must answer questions based ONLY on knowledge available up to the end of that
year. Provide your answer in strict JSON format with exactly these two keys:

1. "Answer": The direct answer.

2. "Justification”: Explanation using only context from that year.

Do not output any text outside the JSON block.

User Prompt: As of {YEAR}, answer the following question:
Question: {QUESTION}
Provide:
1. "Answer" — the most accurate answer based on knowledge.
2. "Justification” — a brief explanation.
Format your response as a JSON object in the following exact structure:
{
"Answer"”: "<answer>",
"Justification”: "<justification>"

}

(c) Temporal framing introduced as a prefix to the question.

Figure 23: Token Probability Confidence prompt variants used in the prompt sensitivity analysis. The variants differ
in how temporal context is introduced: (a) through an explicit temporal constraint, (b) directly within the question,
and (c) through prefixed temporal framing. Confidence is computed from the token probabilities of the generated
answer.
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