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Abstract

Large language models have demonstrated
strong reasoning capabilities in general
knowledge question answering. However, their
ability to handle temporal information remains
limited. To address this limitation, existing
approaches often involve external tools or
manual verification and are tailored to specific
scenarios, leading to poor generalizability.
Moreover, these methods apply a fixed
pipeline to all questions, overlooking the fact
that different types of temporal questions
require distinct reasoning strategies, which
leads to unnecessary processing for simple
cases and inadequate reasoning for complex
ones. To this end, we propose AdapTime,
an adaptive temporal reasoning method that
dynamically executes reasoning steps based
on the input context. Specifically, it involves
three temporal reasoning actions: reformulate,
rewrite and review, with an LLM planner
guiding the reasoning process. AdapTime
integrates seamlessly with state-of-the-art
LLMs and significantly enhances their
temporal reasoning capabilities without relying
on external support. Extensive experiments
demonstrate the effectiveness of our approach.
The code is available at https://github.
com/Applied-Machine-Learning-Lab/
ACL2026-AdapTime.

1 Introduction

Recent years, large language models (LLMs) have
demonstrated remarkable reasoning capabilities in
general question answering (QA) tasks (Shao et al.,
2023; Kamalloo et al., 2023; Dong et al., 2024a;
Jia et al., 2025; Zhang et al., 2026). However, they
still face significant challenges in handling tem-
poral questions (Son and Oh, 2023; Xiong et al.,
2024; Deng et al., 2025). Temporal reasoning tasks
are concerned with understanding documents con-

*Work was conducted at Tencent Jarvis Lab.
† Corresponding authors.

Story: Terence Cooper (born 12 July 1944) is an English 
former football player and manager born in Brotherton, 
West Riding of Yorkshire. He was a full-back in the Leeds 
United team of the 1960s and 1970s. He worked in the 
England team of the 1970s and 1980s.  ...

Question: Which position did Terence Cooper hold 
between Mar 1966 and Oct 1969?

External Tools Manual Check
Retriever

Python Dictionary
Wikipedia

Format
Time Parameter

Reasoning

the Leeds United team the England team
1960 1970 1980

Answer: The Leeds United team.

Figure 1: An example of temporal reasoning in question
answering.

taining temporal information and answering time-
sensitive questions. As shown in Figure 1, answer-
ing a question such as “Which position did Terence
Cooper hold between Mar 1966 and Oct 1969?”
requires both retrieving relevant facts and align-
ing them with the temporal context. In such cases,
LLMs often generate incorrect answers due to a
poor understanding of temporal expressions (e.g.,
“between Mar 1966 and Oct 1969”) or difficulty in
identifying the order of events (Chu et al., 2023).
Therefore, enhancing the temporal reasoning capa-
bilities of LLMs remains a critical challenge.

Recent approaches typically focus on develop-
ing reasoning pipelines involve analyzing temporal
questions, extracting timelines, and verifying gen-
erated answers (Xiong et al., 2024; Bazaga et al.,
2025). While these reasoning strategies enhance
the model’s ability to handle temporal information,
they often rely on external support. As shown in
Figure 1 and Table 1, one kind of approach makes
use of external tools, such as applying retrievers to
obtain compressed input, predefined Python dictio-
naries to filter time-sensitive expressions, or search
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Reformulate Rewrite Review Manual External Tool

QAaP × ✓ ✓ ✓ ✓
Time-CoT ✓ ✓ × ✓ ×
Event-AL × ✓ ✓ × ✓
TG-LLM × ✓ × ✓ ×
TISER × ✓ ✓ ✓ ×

AdapTime ✓ ✓ ✓ × ×

Table 1: The differences between our AdapTime and
prior works.

engines to retrieve knowledge from sources like
Wikipedia. For example, QAaP (Zhu et al., 2023)
converts questions into code and selects the op-
timal answer from a set of candidate entities via
code execution, relying on a execution engine and
manually constructed Check and Match functions.
Step-back (Zheng et al., 2024) combines retrieval-
augmented generation with step-back prompting,
requiring a retriever to obtain relevant facts. Event-
AL (Wu et al., 2024) constructs a task-specific exe-
cution function and employs a Python-based solver
to identify the answer. The other kind of approach
involves manual correction during the reasoning
process, including constructing timelines, verifying
temporal parameters, or defining reasoning trajecto-
ries. Time-CoT (Yin and Hu, 2024) addresses tem-
poral reasoning by explicitly identifying implicit
temporal parameters, organizing standard question
entities along a timeline, with manual supplemen-
tation of timeline information. TG-LLM (Xiong
et al., 2024) transforms textual inputs into tempo-
ral graphs (TGs) through a pipeline that includes
the manual extraction of hard examples, followed
by reasoning over the TGs. TISER (Bazaga et al.,
2025) utilizes these TGs instead of raw temporal
documents as context. Although these designs can
enhance temporal reasoning performance, they rely
on external components that are often tailored to
specific settings. Such reliance hinders their adapt-
ability to diverse scenarios. To address this issue,
we abstract temporal reasoning into three core ac-
tions (reformulate, rewrite, and review) that LLMs
can autonomously perform.

Moreover, different types of temporal questions
may require different reasoning steps. Simple tem-
poral questions typically locate the answer directly
from the text, while complex questions often re-
quire reasoning over multiple events and their se-
quential order, demanding more elaborate infer-
ence. To accommodate the varying levels of reason-
ing complexity, each of the aforementioned actions
should be applied in different scenarios.

Therefore, enabling LLMs to select the appropri-

ate action and adapt the internal reasoning strategy
within that action according to the scenario and
question is a key challenge in temporal reasoning.
To address this problem, we propose AdapTime,
an adaptive temporal reasoning framework that
dynamically selects and executes reasoning steps
based on the input context and task requirements.
AdapTime begins with the raw document/question
and follows a multi-stage reasoning pipeline con-
sisting of reformulate, rewrite, and review. Rather
than executing all steps in sequence, the model
leverages the planning ability of LLMs to dynami-
cally determine which steps to perform. This pro-
cess is guided by the semantic characteristics of the
question, the structural features of the input con-
text, and the model’s confidence in its intermediate
reasoning. AdapTime adapts its reasoning strategy
to each instance, enabling more accurate temporal
understanding across diverse question types.

To summarize, our contributions are as follows:
• We propose AdapTime, a novel approach for

adaptive temporal reasoning, which supports a
multi-stage reasoning process consisting of refor-
mulate, rewrite, and review.

• We enable LLMs to autonomously plan and con-
trol the reasoning process, without relying on
handcrafted rules, annotations, or external tools.

• We validate the effectiveness of our approach
through comprehensive experiments on two
benchmark datasets under four temporal settings.

2 Related Work

2.1 LLM Reasoning

Large language models have made significant
progress in reasoning with the ability to adapt to
various downstream tasks (Wang et al., 2023a; La-
ban et al., 2023; Qiu et al., 2024; Gao et al., 2025b;
Liu et al., 2025b). They can generalize to new
tasks through few-shot in-context learning (Li et al.,
2023; Dong et al., 2024b). Recent advances in
chain-of-thought prompt (Wei et al., 2022) strate-
gies further demonstrate its potential in handling
complex reasoning (Gao et al., 2025a; Fu et al.,
2025). By integrating multiple intermediate steps,
existing methods effectively optimize the answer
generation process and achieve improved reason-
ing performance (Yeo et al.; Wang et al., 2023b;
Liu et al., 2025a; Wang et al., 2025). The inher-
ent reasoning capability of LLMs has also been
leveraged to enhance QA frameworks (Li et al.,
2024; Stechly et al., 2024; Jia et al., 2024). How-
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ever, previous methods often overlook the dynamic
evolution of knowledge over time, and addressing
temporal questions remains for further exploration.

2.2 Temporal Reasoning
In recent years, a series of approaches have
been proposed that employ time-sensitive rea-
soning pipelines to answer temporal questions.
QAaP (Zhu et al., 2023) represents the question
as a Python dictionary with predefined keys: sub-
ject, relation, object, and time. It then extracts
relevant events from the document and repre-
sents them using the same format, involving ex-
ecuting Python code and manually defining func-
tions. Time-CoT (Yin and Hu, 2024) extracts stan-
dard question entities without temporal informa-
tion (e.g., “ Who was president of the US? ”)
from the question, and then searches the docu-
ment for temporal parameters that match these
standard entities. When the temporal parame-
ters are implicit, they are manually matched. TG-
LLM (Xiong et al., 2024) represents text as tem-
poral graphs (TGs) in the form of “(John Thomp-
son was born in Weston) starts at 1921", consist-
ing of a subject, relation, object, start/end, and
timestamp. As LLMs may fail to produce accurate
TGs, manual correction is required for some sam-
ples. Event-AL (Wu et al., 2024) extracts relation-
centric temporal events from text in the form of
(s, r, o, t). It also requires invoking an external
Python interpreter. These methods involve one or
two of the three actions we define (reformulate,
rewrite, and review), as shown in Table 1, and have
improved the model’s temporal reasoning capabil-
ities. However, the fixed reasoning pipeline and
the reliance on handcrafted rules, external tools, or
manual check restrict the model’s generalizability
and adaptability across diverse temporal questions.

3 Methods

In this section, we first present the problem defi-
nition of temporal reasoning, then introduce each
component of our proposed method, and conclude
with the integration of these components into a
complete reasoning process.

3.1 Problem Formulation
The temporal question answering (TQA) task aims
to answer a time-constrained question Q with a
specific time expression. The dataset is composed
of tuples in the form {C,Q,A}, where C denotes
a document containing a series of temporal facts,

Q represents temporal questions and A is the corre-
sponding answer. The time expression in Q can be
either explicit, such as in the question “Who was
the president of the U.S. in 1971?”, or implicit, as
in “Who was the U.S. president before Trump?”.

3.2 Overall Framework

In this section, we provide a brief overview of our
framework, which performs temporal reasoning
through a flexible combination of three core op-
erations: reformulate, rewrite, and review, as il-
lustrated in Figure 2. The model begins with the
original document and the temporal question, and
under the guidance of an LLM planner, it adaptively
executes appropriate reasoning operations. First,
based on the formulation of the question, the plan-
ner decides whether to decompose it into simple
sub-questions. Then, if the temporal information
in the context is not clear, the model transforms the
relevant parts of the document into a structured for-
mat. Finally, when the model has low confidence
in its answer, it extracts supporting sentences from
the original document and verifies the answer. The
final answer is generated after this adaptive multi-
stage reasoning process.

3.3 Reasoning Action

In this section, we provide a detailed introduction
to the three proposed actions: reformulate, rewrite,
and review, and explain how each contributes to
the reasoning process.

3.3.1 Reformulate
Temporal questions often involve complex time
expression and multi-hop reasoning across events,
making them difficult to answer directly. There-
fore, we introduce a reformulate module that de-
composes the question into a set of sub-questions,
enabling more precise and interpretable reasoning.

We leverage the inherent reasoning capabilities
of LLMs to perform question decomposition in a
prompt-based manner. Formally, given an input
question Q and a context document C, the Refor-
mulate module prompts the LLM to produce a set
of sub-questions Q = {q1, q2, ..., qn}, such that the
answer to Q can be aggregated from the answers to
each qi ∈ Q. This decomposition is adaptive and
varies according to the type of the question.

For instance, as shown in Figure 2, the model
handles a question involving a temporal constraint
over a person’s career history. Instead of answering
directly, it first extracts relevant events (positions
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Reformulate

What positions did Terence
 Cooper hold in his career?

Rewrite

1960s and 1970s: 
in the Leeds United team
1970s and 1980s: 
in the England team 

Review

The answer is the Leeds United team.

When did Terence start and 
end each of those positions?

Which position overlaps with the
period Mar 1966 and Oct 1969?

Q

Q1

Q2

Q3
Question

Decomposition

Q

C
From the story, the support sentence 
is: He was a full-back in the Leeds 
United team of the 1960s and 1970s.

A

C

Q Thus, the answer is correct.

Final AnswerReformulate Rewrite
LLM Planner

Yes
Review

LLM Planner LLM Planner

Yes Yes

No No No

Reasoning Pipeline

Terence Cooper (born 12 July
1944) is an English former 
football player and manager 
born in Brotherton, West Rid-
ingof Yorkshire. He was a full-
back in the Leeds United team
of the 1960s and 1970s. He 
worked in the England team 
of the 1970s and 1980s.  ...

Which position did Terence
 Cooper  hold between Mar
1966 and Oct 1969?

Story

Question

Figure 2: The overall architecture of our model.

held), then estimates their temporal spans, and fi-
nally infers the answer based on the specified time
expression. This decomposition is induced by the
model’s own understanding of temporal semantics,
requiring no additional rule definitions or tools and
thus allowing it to adapt to different settings.

The Reformulate module reduces ambiguity by
isolating temporally relevant variables, allowing
the model to better focus on the essential elements
of the question. It also enables modular interaction
with downstream components, such as retrieval and
verification, which benefit from working with more
focused and interpretable reasoning units. In our
ablation studies, we observe that this module sig-
nificantly boosts performance, especially on multi-
hop and implicit temporal questions.

3.3.2 Rewrite
Natural language texts are usually diverse in format
and often express temporal information implicitly
through tense, adverbials, or discourse structure.
Such implicitness makes it challenging to accu-
rately identify event orders, durations, or overlaps.

To facilitate more accurate and consistent tem-
poral reasoning, we introduce a rewrite module.
By rewriting the text into an explicit temporal for-
mat, such as code, timeline, or temporal graphs,
we make the temporal structure more accessible
for reasoning. This transformation is performed by
an LLM prompted to reorganize and rephrase the
input into a time-anchored structure. For example,
implicit expressions like “during his presidency”
or “after the war ended” are rewritten into explicit
temporal references grounded in calendar dates or
relative sequences. This format allows downstream
modules to directly operate on time-anchored in-
formation. By aligning events with specific time
points, the model can better capture their tempo-
ral order, which supports more accurate reasoning

over temporal constraints.
In essence, the Rewrite module enables the sys-

tem to handle complex temporal contexts with
greater clarity and consistency. By making tempo-
ral relations explicit, the Rewrite module provides
a normalized and interpretable representation of
temporal information. This clarity supports down-
stream modules such as reasoning and answering
components, enabling them to carry out temporal
inference with greater effectiveness and robustness.
Empirically, we find that this module significantly
improves performance on questions requiring fine-
grained temporal understanding, particularly in sce-
narios with multiple overlapping events.

3.3.3 Review

When generating time-sensitive answers, the model
may incorrectly locate the answer within the con-
text, especially in the presence of ambiguous or
overlapping temporal information. Such mistakes
can lead to factual inconsistencies, hallucinations,
or misaligned reasoning steps. Therefore, verifying
the generated answer is a crucial step in ensuring
accuracy and consistency (Peng et al., 2025).

To address this, we introduce a review module
that performs a thorough validation of the model’s
answer by prompting it to:
• Retrieve supporting statements from the docu-

ment that justify the predicted answer.
• Evaluate whether the supporting information is

consistent with the question.
• Revise the answer if conflicts are detected.

This module is particularly useful in implicit tem-
poral reasoning, where the answer depends on
correctly understanding multiple time-sensitive
facts. By explicitly asking the model to justify
its output, we introduce a review mechanism that
improves robustness and interpretability.
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3.4 LLM Planner

Temporal questions differ significantly in their com-
plexity and the type of reasoning they require. Us-
ing a fixed, uniform reasoning strategy for all ques-
tions is inadequate. To accommodate this variabil-
ity, we introduce a Planner module that dynam-
ically selects the appropriate reasoning strategy
based on each question and context.

The Planner is implemented as an LLM
prompted to perform step-by-step decision-making.
Given the reasoning context C and the question Q,
it first analyzes the temporal structure and reason-
ing demand, then decides which reasoning action
is most suitable. Specifically, it decides whether to
apply reformulate, when the question involves mul-
tiple implicit steps that can be broken down into
simpler sub-questions; rewrite, when the temporal
information in the document is implicit or scattered
and needs to be transformed into a structured form;
or review, when the model lacks confidence in its
answer and needs to verify it. This decision process
is carried out in natural language, where the model
is instructed to justify its choice and, if applicable,
generate the corresponding sub-steps for execution.

By explicitly planning the reasoning process,
this module allows the system to adapt to the nature
of each question and enhances reasoning ability by
allowing the model to focus on relevant temporal
operations. Overall, the Planner acts as a controller
that orchestrates different reasoning actions, lead-
ing to robust temporal understanding.

3.5 Reasoning Pipeline

Based on the given temporal document and ques-
tion, the model follows the strategies provided by
the LLM planner to perform step-by-step reason-
ing and obtain the final answer. To better illustrate
the reasoning process of our proposed approach,
we present the pipeline in Algorithm 1. First, we
initialize the answer variable (lines 1–2), then in-
voke the Planner to decide whether to decompose
the question into sub-questions (lines 4–9). Next,
the LLM planner determines whether to rewrite
the context into a temporally structured form (lines
12–16). Then each sub-question is answered using
the context C (lines 18–20), and the answers are
aggregated (line 21). Finally, the model may op-
tionally review and revise the answer (lines 23-25)
before returning the final output (line 27).

Algorithm 1 Temporal QA with Adaptive Reason-
ing

Require: Temporal question Q, document context
C

Ensure: Final answer A
1: A← null
2: // Step 1: Reformulate
3: d1 ← Planner(Q,C, step = Reformulate)
4: if d1 == execute then
5: Q1, . . . , Qn ← Reformulate(Q)
6: else
7: Q1 ← Q
8: n← 1
9: end if

10: // Step 2: Rewrite
11: d2 ← Planner(Q,C, step = Rewrite)
12: if d2 == execute then
13: C ← Rewrite(C)
14: else
15: C ← C
16: end if
17: // Step 3: Answer
18: for i = 1 to n do
19: Ai ← Answer(Qi, C)
20: end for
21: A← Aggregate(A1, . . . , An)
22: // Step 4: Review
23: d3 ← Planner(Q,C,A, step = Review)
24: if d3 == execute then
25: A← Review(A,Q,C)
26: end if
27: return A

4 Experiments

In this section, we conduct a series of experi-
ments to evaluate the effectiveness of the proposed
method and offer a detailed analysis.

4.1 Experimental Setup

4.1.1 Datasets
We evaluate our approach on two widely used tem-
poral question answering datasets. TimeQA (Chen
et al., 2021) is a human-annotated benchmark con-
sisting of both easy and hard questions. Easy ques-
tions can be answered based on explicitly men-
tioned temporal expressions in the document, while
hard questions require additional reasoning. Tem-
pReason (Tan et al., 2023) defines multiple levels
of temporal understanding. We focus on the more
challenging ones: aligning time expressions with
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Model
TimeQA TempReason

Average↑
Easy-mode Hard-mode OBQA-L2 OBQA-L3

EM(%) F1(%) EM(%) F1(%) EM(%) F1(%) EM(%) F1(%) EM(%) F1(%)

T5-base† 60.0 68.2 55.6 64.1 26.0 45.0 23.8 41.8 41.3 54.8
T5-large† 63.1 71.6 59.5 68.1 32.7 50.9 28.8 46.8 46.0 59.3
REMEMO-base† 61.4 70.4 58.2 67.3 33.6 51.6 28.5 44.9 45.4 58.6
REMEMO-large† 63.7 72.3 60.5 69.3 37.4 54.9 33.4 49.3 48.8 61.5

GPT-4† 71.6 74.2 54.6 57.1 45.4 52.5 43.1 48.5 54.3 57.5
QAaP† 48.2 58.3 39.6 49.3 - - - - - -
TG-LLM† 66.4 69.1 63.1 66.4 42.4 52.2 35.6 46.9 51.9 58.7

LLaMA-3-8B-ICL 1.1 3.1 1.7 3.6 3.8 10.0 1.8 10.5 2.1 6.8
LLaMA-3-8B-CoT 29.7 32.5 31.6 33.8 18.5 26.1 16.5 24.1 24.1 (+22.0↑) 29.1 (+22.3↑)
LLaMA-3-8B-AdapTime∗ 41.5 47.2 33.3 38.6 18.7 26.8 14.5 22.5 27.0 (+24.9↑) 33.8 (+27.0↑)

Qwen-3-8B-ICL 67.5 70.3 56.9 60.1 23.9 33.9 23.1 32.7 42.9 49.3
Qwen-3-8B-CoT 69.4 71.0 62.9 64.7 22.6 30.6 28.8 33.4 45.9 (+3.0↑) 49.9 (+0.6↑)
Qwen-3-8B-AdapTime∗ 72.7 74.1 66.5 68.2 29.1 37.9 28.8 33.8 49.3 (+6.4↑) 53.5 (+4.2↑)

DeepSeek-V3-ICL 80.8 82.9 68.8 71.6 45.1 50.8 43.6 48.3 59.6 63.4
DeepSeek-V3-CoT 85.3 86.7 75.6 77.0 44.8 49.1 47.0 50.4 63.2 (+3.6↑) 65.8 (+2.4↑)
DeepSeek-V3-Step-back 84.4 86.0 76.4 77.9 45.8 50.8 48.8 52.3 63.9 (+4.3↑) 66.8 (+3.4↑)
DeepSeek-V3-Self-refinement 77.6 80.4 76.4 78.4 44.3 47.2 41.1 42.3 60.1 (+0.5↑) 62.3 (-1.1↓)
DeepSeek-V3-AdapTime∗ 85.4 86.6 77.7 79.2 48.0 52.1 49.8 53.2 65.1 (+5.5↑) 67.7 (+4.3↑)

Table 2: Main results using different models and strategies. We report exact match (EM) and token-level F1 scores.
In line with previous work, we randomly sampled 1,000 examples under each task. Results with ∗ are averaged over
three random runs (p < 0.05 under t-test). The last two columns show average scores across four tasks, and their
absolute improvements over the corresponding ICL baselines. Results with † are reported in the original papers.

events (L2) and reasoning about temporal relations
between events (L3). To ensure a balanced dis-
tribution across different types of questions, we
randomly sample 1,000 test instances for each type.

4.1.2 Evaluation Metrics
We use Exact Match (EM) and F1 score to evaluate
model performance. EM measures the percentage
of predictions that exactly match the ground truth,
while F1 captures the token-level overlap between
predictions and ground truth, computed as the har-
monic mean of precision and recall.

4.1.3 Baselines
To better analyze our method and enable a broad
comparison, we include two lines of recent tem-
poral reasoning approaches as baselines. One line
enhances temporal reasoning through fine-tuning,
manual verification, or external tools. We intro-
duce a set of embedding-based models (Tan et al.,
2023; Yang et al., 2023), including T5-base, T5-
large, REMEMO-base, and REMEMO-large, as
well as a competitive LLM baseline, GPT-4. The
results of T5-base and T5-large are based on vanilla

checkpoints without any continual pretraining on
temporal data, using only standard supervised fine-
tuning. (Tan et al., 2023; Yang et al., 2023) We
also include QAaP (Zhu et al., 2023) and TG-
LLM (Xiong et al., 2024), the previous state-of-
the-art methods for temporal reasoning. The other
explores the reasoning capabilities of LLMs us-
ing prompting-based techniques in-context learn-
ing (ICL) and chain-of-thought (CoT) (Wei et al.,
2022). Step-back (Zheng et al., 2024) is a prompt-
ing technique that encourages LLMs to perform
higher-level abstraction before answering. Self-
Refinement (Madaan et al., 2023) is an agentic
method that enables the model to reflect on its ini-
tial output and iteratively revise it.

4.1.4 Implementation Details

We adopt three competitive open-source LLMs as
backbones: LLaMA-3.1-8B-Instruct, Qwen-3-8B,
and DeepSeek-V3-0324. The reasoning process
only relies on the inherent capabilities of the mod-
els, without incorporating any external tools, fine-
tuning, or manual corrections. During inference,
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we adopt a decoding strategy with top-k = 10 and
temperature of 0.7. We set the batch size to 1 for
single-instance evaluation and limit the output to
a maximum of 512 new tokens. The prompt tem-
plates used are provided in Appendix A.

4.2 Main Results
The experimental results in Table 2 show the ef-
fectiveness of our method AdapTime.We have the
following observations:
• AdapTime consistently outperforms both ICL

and generalized CoT. ICL often fails to capture
complex temporal dependencies, as it lacks ex-
plicit reasoning mechanisms, and CoT may gen-
erate overly generic reasoning paths that are not
well-adapted to temporal questions. In contrast,
AdapTime leverages structured decomposition to
produce more targeted and accurate inference.

• Adaptime consistently improves performance
across LLMs of different structures or scales,
including LLaMA-3-8B, Qwen-3-8B, and
DeepSeek-V3. This indicates that the method
is model-agnostic and exhibits strong gen-
eralizability, making it applicable to a wide
range of language models. Moreover, the gains
come from our proposed framework rather than
model-specific capabilities. It achieves better
performance on DeepSeek-V3 compared to
the previous state-of-the-art method. Qwen-
3-8B equipped with AdapTime even surpass
the larger closed-source model GPT-4 on
TimeQA-Easy/Hard.

• AdapTime shows greater improvements on more
challenging benchmarks, especially those requir-
ing multi-hop or temporally complex reasoning,
since it explicitly guides the model through in-
termediate reasoning steps. This highlights its
strength in handling difficult question types that
involve complex temporal structures.

4.3 Ablation Study
To assess the effectiveness of our method and each
component, we conduct a detailed ablation study
on DeepSeek-V3, as shown in Table 3.

First, we compare the baseline ICL (i.e., in-
context learning) with three variants that incorpo-
rate our proposed reasoning actions: reformulate,
rewrite, and review. Each action leads to consis-
tent performance improvements.In particular, the
rewrite step contributes the most to performance
gains, especially in the TimeQA-Easy and OBQA-
L2 datasets, highlighting the effectiveness of trans-

Model
TimeQA TempReason

Easy-mode Hard-mode OBQA-L2 OBQA-L3
EM F1 EM F1 EM F1 EM F1

ICL 80.8 82.9 68.8 71.6 45.1 50.8 43.6 48.3
w/ reform. 84.3 85.8 77.0 78.9 46.7 50.8 49.3 51.9
w/ rewrite 86.4 87.6 76.0 77.8 46.9 52.1 48.5 51.9
w/ review 85.8 86.9 75.9 77.4 46.8 50.6 48.1 51.4

w/o reform. 85 86.6 76.8 78.5 46.9 51.8 48.9 51.8
w/o rewrite 84.8 86.5 76.5 77.9 46.1 49.8 47.6 50.7
w/o review 84.8 86.2 77.2 78.7 47.0 51.2 49.0 51.6
w/o Planner 85.3 86.7 77.1 78.8 47.1 51.3 48.9 52.0
AdapTime 85.4 86.6 77.7 79.2 48.0 52.1 49.8 53.2

Table 3: Ablation study on DeepSeek-V3. All metrics
are reported as percentages.

forming text into a time-sensitive format.
Second, we removed one action at a time from

AdapTime. The removal of any single component
results in a slight performance drop, confirming
that each action plays an important role in the rea-
soning process. Notably, removing the rewrite mod-
ule leads to the most significant performance drop
over these datasets, suggesting its critical role in
aligning temporal context across tasks.

Finally, we eliminated the LLM planner and
forced the model to follow a fixed sequence of
reasoning steps. Performance drops consistently
across all settings except TimeQA-Easy without
the LLM planner. This indicates that adopting ap-
propriate reasoning steps is crucial, as different
tasks may require different reasoning processes.

4.4 Computational Cost Analysis

To quantify cost, we report the average total num-
ber of tokens (input + output) per instance across
methods on the TempReason-L3 dataset in Table 4.
Although AdapTime uses slightly more tokens due
to the inclusion of reasoning instructions and in-
termediate steps, the increase is modest and much
smaller than that of iterative or multi-call methods
such as self-refinement. Moreover, since the tem-
poral context is often lengthy, the majority of token
cost comes from the input text, which constitutes a
fixed overhead across methods.

4.5 Planner Comparison

To further investigate planner quality, we con-
ducted an experiment where we sampled 1,000
high-quality planning trajectories from DeepSeek-
V3 outputs on the training set, and used them to
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Avg. Total Tokens
ICL 4345.04
CoT 4584.17
Self-refinement > 10000

AdapTime 4873.64

Table 4: Computational Cost Analysis.

Method TimeQA-Easy TimeQA-Hard
EM(%) F1(%) EM (%) F1(%)

CoT 29.7 32.5 31.6 33.8
AdapTime-Finetuned 31.0 40.5 23.4 32.0
AdapTime(Ours) 41.5 47.2 33.3 38.6

Table 5: Performance of different planner. We use
LLaMA-3-8B as the backbone model.

fine-tune a LLaMA-3-8B model as a supervised
planner. Surprisingly, the fine-tuned planner under-
performed compared to our original prompt-based
adaptive planner as shown in Table 5. These results
suggest that fine-tuning a planner may introduce
overfitting or poor generalization. In contrast, our
prompt-based planner leverages the in-context rea-
soning capability of strong LLMs, offering better
generalization and flexibility.

4.6 Rule Distribution
We hypothesize that different types of temporal
questions require distinct reasoning steps. In our
ablation studies, we have already demonstrated the
effectiveness of using an LLM planner to define
temporal reasoning strategy. To further assess the
motivation of the action combination generated by
the planner and to understand what types of steps it
produces for different question types, we analyzed
the action distributions across multiple datasets.
The results in Figure 3 show that our method is
capable of adaptively choosing reasoning actions:
• For questions with clear structure, the model per-

forms decomposition to ensure that each sub-
question is simple and unambiguous. For exam-
ple, in TimeQA, questions often involve events at
a specific time point. These can be decomposed
into: {(1) What are the possible answers regard-
less of time? and (2) Which answer holds true at
the given time?} In contrast, for less clearly struc-
tured questions, the model adopts a more conser-
vative strategy: it first reconstructs the timeline
to derive the answer, and then verifies the result.
For instance, in TempReason, L2 and L3 ques-
tions require flexible multi-step inference over
temporal spans and event order.

Reformulate Rewrite Review

20%

40%

60%

80%

100%
80.1

86.4

33.4

69.3

88.1

40.4
34.2

85.8

56.2

26.7

88.2

72.5

TimeQA-Easy TimeQA-Hard
TempReason-L2 TempReason-L3

Figure 3: Comparison of the proportion of each opera-
tion in different datasets.

• In all settings, the rewrite action is frequently
chosen. This confirms that rewriting natural lan-
guage context into a time-sensitive format is es-
sential for effective temporal reasoning.

• On more challenging datasets such as
TempReason-L2/L3, the model tends to
be less confident in its initial predictions and
therefore prefers to select the review action as a
form of self-verification.

Overall, the results of our action distribution anal-
ysis confirm that the LLM planner generates ap-
propriate reasoning strategies tailored to different
types of temporal questions, which in turn im-
proves overall model performance.

4.7 Open-domain Temporal Reasoning

We further evaluate AdapTime on an open-domain
setting using 1,000 questions from the ArchivalQA
benchmark (Wang et al., 2022). As shown in Ta-
ble 6, AdapTime significantly outperforms the base-
line methods in both accuracy and F1.

Our method is modular and can be combined
with retrievers such as BM25. While retrieval qual-
ity would affect planner decisions and downstream
reasoning (Xu et al., 2025a,b), AdapTime’s adap-
tive mechanism remains effective in handling noisy
or incomplete evidence through selective verifi-
cation and timeline reconstruction. We applied
BM25 on TempReason-L3, retrieving the most rel-
evant sentences as context. We then applied Adap-
Time using these retrieved contexts. Results in
7 show that AdapTime consistently improves rea-
soning performance over retrieved content. This
confirms that AdapTime is compatible with re-
trievers and can improve performance in retrieval-
augmented, open-domain settings. It also shows
that our method remains effective when operating
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ACC F1
Deepseek-V3 19.7 18.6
Step-back 29.5 27.8
Self-refinement 28.2 24.3
AdapTime 32.2 30.5

Table 6: Experimental results on the open-domain tem-
poral QA benchmark ArchivalQA.

EM F1
BM25 44.7 47.7
BM25+AdapTime 46.7 49.9

Table 7: Performance with retriever integration on the
TempReason-l3 dataset.

on retrieved, potentially noisy input, rather than
clean gold contexts.

4.8 Case Study

We conducted a case study to analyze the reason-
ing trajectories generated by our method. Unlike
standard prompting methods that often struggle
with implicit temporal structures, AdapTime explic-
itly guides the model through intermediate reason-
ing stages, enhancing its ability to handle chrono-
logical dependencies and integrate commonsense
knowledge with textual evidence. This highlights
the model’s capacity for adaptive and interpretable
reasoning, which is particularly valuable in tem-
porally rich QA scenarios. A detailed example is
provided in the Appendix C, illustrating how our
model performs reasoning and demonstrating its
superior ability to interpret temporal information
compared to other methods.

5 Conclusion

In this paper, we propose a novel temporal reason-
ing approach AdapTime that enables LLMs to adap-
tively perform time-aware inference. AdapTime
consistently outperforms strong baselines, exhibit-
ing robust generalizability and significant gains
on temporally complex tasks. Moreover, it can be
seamlessly integrated with state-of-the-art LLMs.
In the future, we plan to incorporate more temporal
actions and planners to further enhance the model’s
capability for robust temporal reasoning.

Limitations

AdapTime addresses the limitations of existing
methods, which often rely on external support or
rigid reasoning pipelines and struggle to generalize
across diverse temporal tasks. However, relying

solely on LLMs as planners can be unstable in
practice, leading to inconsistent planning outcomes
across runs or tasks. as their behavior may exhibit
a degree of randomness. Moreover, the current ac-
tion set can be further expanded to include more
fine-grained temporal operations or practical tools
to improve precision and applicability. In future
work, we plan to explore more temporal actions,
integrate symbolic or external components, and
develop techniques to improve the reliability and
controllability of LLM-based planners.
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A Prompt

In this section, we present the prompt templates
used for each type of action in our AdapTime
framework. As described in the methods section,
AdapTime decomposes the reasoning process into
three structured operations: Reformulate, Rewrite,
and Review. To guide LLMs to perform these oper-
ations in a controlled and interpretable manner, we
design simple yet effective prompt templates for
each action type. These templates are instantiated
dynamically during multi-step reasoning, depend-
ing on the needs of each case.

The Reformulate action aims to simplify the orig-
inal complex question into a set of easier, focused
sub-questions that are easier for the model to an-
swer individually. This step encourages the model
to disentangle temporal or logical dependencies
embedded in the original query, facilitating more
accurate downstream reasoning.

Reformulate Template

Break the question QUESTION down into several
simple sub-questions and answer each sub-question.
Then return the final answer.

The Rewrite action prompts the model to explic-
itly construct a timeline from the narrative context
relevant to the question. This is particularly useful
for questions that require temporal grounding, such
as identifying when an event happened, or what
happened at a particular point in time. By asking
the model to generate a timeline and align it with
the question, we encourage temporal abstraction
and normalization of narrative information.

Rewrite Template

In the context of STORY and the QUESTION, gen-
erate timeline for what the question concerns and
answer each sub-question. Then return the final an-
swer.

The Review action serves as a verification step.
After an initial answer is generated, the model is
asked to re-examine the original context and iden-
tify support sentences to justify the answer. If
evidence is lacking or inconsistent, the model is
encouraged to reconsider and revise its answer, en-
hancing factual consistency and robustness. This
step mimics human self-checking behavior and
helps reduce hallucinated or unsupported answers.

Method TempReason-L2 TempReason-L3
EM(%) F1(%) EM (%) F1(%)

AdapTime-Original 50.9 55.2 52.5 55.1
AdapTime-Variant1 50.3 54.9 52.8 56.0
AdapTime-Variant2 50.6 55.2 52.1 55.5
AdapTime-Variant3 50.2 54.6 53.3 56.5

Table 8: Performance of different prompt variants on
TempReason-L2 and TempReason-L3.

Review Template

In the context of STORY and the QUESTION, after
obtain the answer, given the support sentences in
original story and check if the answer is correct. If
yes, return the answer again. If not, think again and
return the right answer.

We use a unified LLM prompt to guide the plan-
ner’s decision-making process. The prompt is as
follows.

AdapTime Template

Let’s think step by step. First, if the question is com-
plex, break the question down into several simple
sub-questions. Then generate timeline for what the
question concerns and answer each sub-question if
the story’s timeline is unclear. Then return the final
answer. After obtaining the answer, if you are not
sure, look for support sentences in the original story
and check if the answer is correct. If yes, return the
answer again. If not, think again and return the right
answer.

B Prompt Variation Experiments

To further verify the robustness of our proposed
method, we conducted prompt variation experi-
ments using the latest DeepSeek-V3.2-exp model
on TempReason-L2 and TempReason-L3. We
tested several semantically equivalent variations of
the prompt, changing only the wording and struc-
ture while keeping the intended logic unchanged.
Results in Table 8 show that reasoning performance
remains stable across these variants, confirming
that our method is not sensitive to specific prompt
phrasing, and that the adaptive reasoning mecha-
nism is the key to its effectiveness.

C Case Study

Table 9 and 10 present a representative exam-
ple illustrating how our proposed framework,
AdapTime, improves temporal reasoning com-
pared to the traditional Chain-of-Thought (CoT)
approach. The task involves identifying where
Mikhail Lomonosov was educated in January
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1736, given a long narrative containing multiple
temporally-anchored events and institutions.

The traditional CoT method attempts to con-
struct a linear timeline by extracting and inter-
preting key events. While it correctly identifies
that Lomonosov had completed his studies at the
Slavic Greek Latin Academy and briefly attended
the Kyiv-Mohyla Academy in 1735, it struggles
to pinpoint his exact status in January 1736. Due
to ambiguity around the transition period before
his scholarship to the St. Petersburg Academy, the
model ultimately predicts "Unknown", failing to
commit to a specific answer.

In contrast, AdapTime applies a structured
multi-step reasoning strategy: Reformulate: It de-
composes the original question into focused sub-
questions, clarifying pre- and post-January 1736 ed-
ucational phases. Timeline Construction: It builds
an explicit timeline of Lomonosov’s academic jour-
ney, aligning events with their corresponding years.
Answer Selection: Based on the timeline, Adap-
Time identifies that by January 1736, Lomonosov
had already completed his studies in Moscow and
was transitioning to the Academic University at the
St. Petersburg Academy of Sciences. Verification:
It cross-verifies the answer with textual evidence,
confirming that the scholarship was already granted
in 1736 and that he was affiliated with the St. Pe-
tersburg Academy at that time. This structured
process enables AdapTime to resolve temporal am-
biguities and ground its reasoning in anchored time-
lines, leading to a correct and explainable answer,
while the traditional CoT remains uncertain. This
case demonstrates how AdapTime significantly en-
hances the model’s ability to reason over complex
temporal contexts, especially when precise date
alignment is required.
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Story Mikhail Lomonosov was a Russian polymath, scientist and writer,
who made important contributions to literature, education, and
science. Among his discoveries were the atmosphere of Venus and
the law of conservation of mass in chemical reactions. . . . In five
years Lomonosov completed a twelve-year study course and in
1736, among 12 best graduates, was awarded a scholarship at
the St. Petersburg Academy. He plunged into his studies and was
rewarded with a four-year grant to study abroad, in Germany, first
at the University of Marburg and then in Freiberg.The Univer-
sity of Marburg was among Europe’s most important universities
in the mid-18th century due to the presence of the philosopher
Christian Wolff, a prominent figure of the German Enlightenment.
Lomonosov became one of Wolff’s students while at Marburg from
November 1736 to July 1739. Both philosophically and as a sci-
ence administrator, this connection would be the most influential
of Lomonosov’s life. . . .

Question Where was Mikhail Vassilyevich Lomonosov educated in Jan,
1736?

Options “Slavic Greek Latin Academy", “Kyiv-Mohyla Academy", “Kyiv-
Mohyla Academy", “Academic University at the St. Petersburg
Academy of Sciences", “Slavic Greek Latin Academy", “Un-
known"

Step 1: Reformulate Sub-question 1: Where was Lomonosov educated before January
1736? - Lomonosov studied at the Slavic Greek Latin Academy
in Moscow from 1730 to 1735. - In 1735, he was sent to the
Kyiv-Mohyla Academy for a short period but quickly returned to
Moscow. 2. Sub-question 2: Where was Lomonosov in January
1736? - In 1736, Lomonosov was among the 12 best graduates of
the Slavic Greek Latin Academy and was awarded a scholarship
at the St. Petersburg Academy. - By January 1736, he had already
completed his studies in Moscow and was preparing to move to St.
Petersburg.

Step 2: Timeline Timeline: - 1730–1735: Slavic Greek Latin Academy (Moscow). -
1735 (briefly): Kyiv-Mohyla Academy (Kiev). - 1736: Awarded
scholarship to the Academic University at the St. Petersburg
Academy of Sciences.

Step 3: Answer Academic University at the St. Petersburg Academy of Sciences.

Step 4: Verification The text states: In five years Lomonosov completed a twelve-year
study course and in 1736, among 12 best graduates, was awarded a
scholarship at the St. Petersburg Academy. - This confirms that by
1736, he was no longer at the Kyiv-Mohyla Academy or the Slavic
Greek Latin Academy but was affiliated with the St. Petersburg
Academy. Thus, the correct answer is ( Academic University at
the St. Petersburg Academy of Sciences ).

Table 9: Case study demonstrating temporal reasoning using the AdapTime framework.
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Traditional CoT To determine where Mikhail Lomonosov was educated in January
1736, let’s analyze the timeline of his education:1. 1724–1730:
Lomonosov lived in his village, Mishaninskaya, and pursued basic
education locally. 2.1730: He left for Moscow and was admitted
to the **Slavic Greek Latin Academy**, where he studied for
several years. 3. 1735: After excelling at the Slavic Greek Latin
Academy, he was sent to the Kyiv-Mohyla Academy for a short
period but quickly returned to Moscow due to dissatisfaction. 4.
1736: By this time, Lomonosov had completed his studies at the
Slavic Greek Latin Academy and was among the top graduates.
In 1736, he was awarded a scholarship to the Academic Univer-
sity at the St. Petersburg Academy of Sciences, marking the next
phase of his education. Since the question specifies January 1736,
this falls after his time at the Slavic Greek Latin Academy and
Kyiv-Mohyla Academy but before his enrollment at the Academic
University in St. Petersburg. However, the text does not explicitly
mention his whereabouts in January 1736, though it is likely he
was still in Moscow transitioning to St. Petersburg. Given the
options: - Slavic Greek Latin Academy: He had already completed
his studies there by 1736. Kyiv-Mohyla Academy: He attended
this briefly in 1735 but had returned to Moscow by 1736. Aca-
demic University at the St. Petersburg Academy of Sciences: His
enrollment here began later in 1736, not January. Thus, the most
accurate answer is ( Unknown ).

Table 10: Case study demonstrating temporal reasoning using the traditional CoT.
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