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Abstract

While Large Language Models (LLMs) augmented with search en-
gines have achieved remarkable progress in open-domain question
answering, their ability to adapt to a rapidly evolving world remains
limited. A critical challenge lies in the need for complex tempo-
ral reasoning to answer real-world questions. Current Retrieval-
Augmented Generation (RAG) methods primarily focus on retriev-
ing the latest information but often fail to perform sophisticated
temporal reasoning. To address this gap, we propose TimeRAG,
a novel RAG framework designed to dynamically handle complex
temporal reasoning tasks. TimeRAG operates through the iterative
collaboration of two modules: (1) a temporal-semantic Query De-
composition (QD) module, which breaks down the original question
into atomic time-event sub-questions to guide multi-step retrieval,
and (2) a time-aware Answer Generation (AG) module, which an-
alyzes temporal contexts, generates intermediate answers with
confidence scores, and synthesizes the final answer upon reasoning
completion. The system is trained in three stages: (1) time-aware
supervised fine-tuning of the AG module, (2) imitation learning for
the QD module to enhance temporal decomposition ability, and
(3) reinforcement learning for end-to-end joint optimization to en-
hance temporal coherence across the entire system. Evaluations on
three challenging benchmarks show that TimeRAG significantly
outperforms existing methods, particularly on questions involv-
ing fast-changing real-world events and those grounded in false
premises that require detection and correction of outdated or in-
correct assumptions.
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1 Introduction

Large Language Models (LLMs) have witnessed remarkable ad-
vancements in recent years. With their powerful capabilities in
semantic understanding and natural language generation [1, 9],
they have achieved significant breakthroughs in various knowledge-
intensive tasks, particularly in open-domain question answering (7,
14]. However, existing LLMs exhibit notable limitations when han-
dling time-sensitive questions, including a tendency to provide
outdated information and generate temporally inconsistent or hal-
lucinated responses [2, 24]. These limitations significantly com-
promise the reliability of LLMs in dynamic, real-world scenarios
where information evolves rapidly. To address these challenges,
Retrieval-Augmented Generation (RAG) systems, which integrate
search engines to retrieve up-to-date external knowledge [10, 19],
have emerged as a promising solution. By dynamically incorpo-
rating retrieved web evidence as contextual grounding, RAG sys-
tems enhance both the factual accuracy and temporal relevance of
generated answers, and improve the reliability of LLM outputs in
knowledge-intensive tasks [29].

Despite the growing success of RAG-based systems like Per-
plexity.AI' and Moonshot.AI?, these systems still face significant
challenges in replacing traditional search engines for real-world
queries, particularly time-sensitive questions. Taking the seemingly
easy question “Who was the previous head coach of Bayern Mu-
nich?” as an example, current LLMs frequently fail to properly
identify and process the implicit temporal constraints (“previous”),
often resulting in factually unreliable answers [17]. The complexity
of time-sensitive questions stems from their inherent requirement
for multi-fact temporal reasoning. In fact, most such questions
are multi-hop: their answers cannot be obtained from a single re-
trieved document but must instead be synthesized from temporally
dispersed evidence across multiple sources.

Recent studies have made strides in addressing the limitations
of time-sensitive question answering. For example, Siyue et al. [30]
introduced MRAG, a modular framework that enhances tempo-
ral retrieval through explicit temporal constraint extraction and
semantic-temporal reranking. Vu et al. [32] proposed FreshLLMs,

Perplexity.Al: https://www.perplexity.ai/
2Moonshot.AL: https://www.moonshot.cn/
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| Who was the previous head coach of Bayern Munich? F‘
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l@' ﬁ Thomas Tuchel ‘f |
TimeRAG

Figure 1: A comparative example between the Standard RAG
and TimeRAG in the same question.

a few-shot prompting approach that improves temporal QA per-
formance by integrating up-to-date search engine results. Yang
et al. [36] developed temporal-aware embedding and granular con-
trastive reinforcement learning to boost LLMs’ temporal sensitivity
and reasoning abilities. Despite these improvements, current ap-
proaches primarily focus on optimizing information freshness,
relying heavily on LLMs’ inherent capabilities while neglecting
structured temporal understanding. This fundamental limitation in
existing RAG systems manifests in two critical ways: (1) inadequate
comprehension of implicit temporal constraints (e.g., “previ-
since,” “before”) and complex event relationships (e.g.,
sequence, duration), and (2) difficulties in integrating temporally
dispersed information for multi-step reasoning tasks.

To address these challenges, we propose TimeRAG, a novel
RAG system designed to enhance complex temporal reasoning
capabilities. TimeRAG answers questions through a dynamic col-
laboration between a temporal-semantic Query Decomposition
(QOD) module and a time-aware Answer Generation (AG) module.
Specifically, the QD module orchestrates the reasoning process by
iteratively generating atomic time-event subquestions, as shown
in Figure 1. Concurrently, the AG module acts as a time-sensitive
answer generator. For each generated subquestion, it processes the
retrieved documents, generates the corresponding intermediate
answer with confidence scores, and synthesizes the final response.

TimeRAG’s overall training pipeline consists of three stages.
First, in the Supervised Fine-tuning stage, the AG module learns
to answer atomic time-event questions using document evidence.
Second, in the Imitation Learning stage, we employ a powerful
teacher model to interact with the AG module and generate high-
quality temporal reasoning trajectories, which help the QD module
learn effective query decomposition strategies. Finally, in the Pref-
erence Alignment stage, we leverage reinforcement learning for
end-to-end joint optimization of the entire TimeRAG system. This
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process improves the AG module’s ability to synthesize final an-
swers, aligns the reasoning strategies between the two modules,
and enhances temporal coherence across the entire system.

We evaluate TimeRAG on three representative open-domain tem-
poral QA benchmarks, including FreshQA [32], RealtimeQA [18],
and DailyQA 3. The results demonstrate that TimeRAG outperforms
existing methods, particularly on challenging fast-changing ques-
tions and false premise questions that require handling incorrect
or outdated assumptions. Ablation studies confirm the robustness
of TimeRAG across various retrieval configurations.

The main contributions of this paper include:

(1) We propose TimeRAG, a novel RAG system designed to en-
hance complex temporal reasoning capabilities.

(2) We design a temporal-semantic query decomposition mod-
ule to generate atomic time-event subquestions and a time-aware
answer generation module trained to interpret time information in
retrieved documents and synthesize answers.

(3) We introduce a three-stage training pipeline combining super-
vised fine-tuning, imitation learning, and reinforcement learning
for end-to-end optimization.

2 Related Work

2.1 Retrieval Augmented Generation

Retrieval-Augmented Generation (RAG) has emerged as an impor-
tant paradigm to enhance the factual accuracy of LLMs by dynami-
cally incorporating relevant information retrieved from external
knowledge sources [19, 38]. This approach effectively mitigates
critical limitations of standard LLMs, such as knowledge staleness
and the generation of factual hallucinations [7, 39]. Early research
on RAG primarily focused on end-to-end joint training approaches
that tightly integrate the retriever and generator components, aim-
ing to optimize the synergy between retrieval effectiveness and
response generation quality [10, 19]. As the field has progressed,
research has expanded to optimize key components of the RAG
pipeline. Advances include query rewriting and expansion to bet-
ter align user intent with retrievable content [23, 33], along with
refined techniques for document compressing [35], denoising [5],
and refinement [13, 16] to improve the relevance and efficiency
of retrieved inputs. Moreover, instruction-tuned generators have
enhanced RAG’s ability to follow task-specific prompts and produce
more controllable outputs [3, 4]. To address more complex questions,
more recent studies have proposed iterative RAG systems [12, 15]
that perform multiple retrieval steps, and sophisticated agent-based
RAG systems [20, 21, 37] capable of autonomously planning and
executing retrieval strategies. These advanced architectures have
substantially improved the performance on tasks that require han-
dling complex information needs. Despite these advancements,
existing methods typically prioritize general information retrieval
and generic query decomposition and lack sufficient capabilities
for understanding the temporal information embedded within the
documents, which makes them less effective in open-domain QA
tasks that involve complex temporal reasoning.

3https://github.com/DailyQA/DailyQA
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2.2 Time-Sensitive QA

Handling real-time knowledge in open-domain QA remains a per-
sistent challenge for LLMs, as their static internal knowledge rapidly
becomes outdated [18, 31]. To address this limitation, Time-sensitive
Question Answering (TSQA) has emerged as a critical research area.
TSQA requires models not only to interpret implicit or explicit tem-
poral constraints within questions but also to generate accurate
answers grounded in the temporally relevant information. Early
TSQA efforts mainly focused on enhancing retrieval effectiveness
for time-sensitive questions. For example, Kanhabua and Nervag
[17] leveraged document timestamps and temporal expressions to
rerank results, improving the relevance of retrieved content for
temporally grounded questions. With the advent and widespread
adoption of RAG, approaches that exploit dynamic knowledge
sources, such as web search engines, to provide up-to-date con-
textual information for LLMs have gained significant attention [6].
Siyue et al. [30] introduced a modular architecture MRAG that
explicitly identifies temporal constraints in questions and applies
semantic-temporal reranking to retrieved passages, thereby en-
hancing the temporal alignment of supporting evidence. Similarly,
FreshLLMs [32] adopt a lightweight, prompt-based strategy that
questions web search engines at inference time to inject current
information into LLM inputs, improving responsiveness to recent
or evolving events. Beyond retrieval strategies, researchers have
investigated model-level enhancements to boost temporal aware-
ness and reasoning. Yang et al. [36] proposed a training framework
combining Temporal Information-Aware Embeddings, which guide
model attention toward temporal cues with Granular Contrastive
Reinforcement Learning. This method significantly improves LLM
performance across multiple TSQA benchmarks. Despite these ad-
vances, current approaches still face significant challenges, partic-
ularly in handling complex temporal reasoning and dynamically
integrating information spanning diverse time periods.

3 TimeRAG: A RAG Framework for Complex
Temporal Reasoning

TimeRAG is a novel RAG framework specifically designed to ad-
dress the unique challenges of open-domain questions that require
complex temporal reasoning and multi-hop retrieval of evolving fac-
tual information. In this section, we begin by outlining the overall
architecture and inference pipeline in Section 3.1, highlighting the
dynamic coordination among core components tailored to address
complex temporal reasoning challenges. Next, we detail the frame-
work’s three-stage training approach: (1) time-aware supervised
fine-tuning of the Answer Generation (AG) module to enhance the
generation of time-sensitive answers (Section 3.2); (2) imitation
learning to train the Query Decomposition (QD) module for effec-
tive temporal decomposition of complex questions (Section 3.3); and
(3) reinforcement learning-based preference alignment to jointly
optimize both QD and AG modules in an end-to-end manner, im-
proving the overall consistency of the system (Section 3.4).

3.1 Overview

Figure 2 illustrates the overall architecture of TimeRAG, including a
three-stage training pipeline and an inference workflow. It operates
through the iterative interaction between two core components:

3232

CIKM °25, November 10-14, 2025, Seoul, Republic of Korea.

the temporal-semantic Query Decomposition (QD) module and the
time-aware Answer Generation (AG) module. In this section, we
detail how they collaborate during the inference process.

3.1.1 The QD Module. This module is primarily responsible for
interpreting the user’s original complex question ¢ and the evolv-
ing temporal reasoning state, which is dynamically updated based
on the history of completed time-event subquestion-answer pairs
from previous iterations. Leveraging this enriched context, the QD
module determines the next logical step in the multi-hop reasoning
process and generates a corresponding atomic time-event subques-
tion, explicitly formulated to pinpoint information valid at specific
temporal points or intervals. For example, consider the question
“Who was the previous head coach of Bayern Munich?” shown in
Figure 1. Rather than attempting to answer it directly, the QD mod-
ule first decomposes it into a simpler time-bounded subquestion,
such as “Who is the current Bayern head coach?” Once the answer
(e.g., Vincent Kompany) is obtained, it is incorporated into the up-
dated temporal reasoning state. The QD module then uses both
the original question and the new information to produce the next
subquestion, e.g., “When did the current head coach take office?”
This iterative process continues, with each subquestion guided by
the progressively enriched temporal reasoning state, until sufficient
information is gathered to accurately answer the original question.

3.1.2 The AG Module. The AG module serves as a time-aware
generative model that processes information obtained through re-
trieval and answers the subquestions. Specifically, it receives atomic
time-event subquestions from the QD module and analyzes the fine-
grained temporal information embedded in documents retrieved
from the search engine, including precise event timestamps, dura-
tion indicators, and historical contexts. By leveraging this temporal
information, the AG module generates intermediate answers for
each subquestion, along with confidence scores that reflect its cer-
tainty based on the available evidence, particularly regarding the
temporal validity and relevance of the extracted facts. These an-
swers and scores are then fed back to the QD module, providing
updated facts and confidence signals to guide subsequent reasoning
steps. This iterative process continues until the QD module deter-
mines that sufficient information has been gathered. At that point,
the AG module enters a final synthesis stage, where it integrates the
original user question with all accumulated subquestion-answer
pairs to generate the final answer, ensuring temporal consistency
and factual accuracy.

By implementing a well-structured inference pipeline compris-
ing temporal-semantic decomposition, multi-step retrieval, time-
aware generation, and chronological-coherent synthesis stages,
TimeRAG is well-equipped to address complex temporal questions.
This architecture enables the framework to effectively manage tem-
poral constraints, identify and resolve fact changes over time, and
perform multi-step reasoning across diverse sources and time peri-
ods. Consequently, TimeRAG can generate comprehensive answers
to real-world questions that evolve over time. In the following sec-
tions, we will introduce how each module of TimeRAG is trained.
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Figure 2: The Overall Framework of TimeRAG.

3.2 Fine-tuning Time-Aware Generation Model of the AG module. This dataset comprises key components neces-
At this stage of training, the primary goal is to enhance the AG sary for effective learning: atomic time-event questions, document
module’s temporal comprehension and its ability to effectively contexts simulating retrieved evidence, ground-truth answers, and
utilize time-sensitive information from retrieved documents. This corresponding confidence scores.
capability is essential for enabling the AG module to support the To construct atomic time-event questions for supervised train-
subsequent iterative training of the QD module, which depends ing, we design a procedure grounded in the temporal quintuples.
on the AG’s capacity to handle intermediate reasoning steps. Su- For each quintuple (s, 1, o, ts, te), we select a specific time point ¢r
pervised training in this phase targets two core competencies: (1) and generate questions g that explore the time-event relationship
accurately answering atomic time-event subquestions by extracting b.etween the fact (s, r, "? and. the .referer.lce time tr. These ques-
and synthesizing relevant temporal information, and (2) predict- tions are formulated to either identify which event holds at a given
ing confidence scores that reflect the reliability of the generated time or determine when a particular event occurred. Based on the
answers. Reliable confidence estimates are critical for guiding the qul.ntuple fmd the se%ected tlme.tr » various question templates'can
OD module’s decision-making, allowing it to determine whether to be instantiated. For instance, given a fact represented as (subject:
trust or further verify an intermediate answer in the next reasoning Bayern Munich', relation: "head coach’, object: "Thomas Tuchel",
step. Additionally, while the AG module will eventually be respon- start time: ) 2023-03-24", end time: "2024-05-19"), and selectmlg a
sible for synthesizing the final answer, developing this capability reference time ¢r as "March 2024", we can generate the question:
is not the focus at this stage. Instead, final answer synthesis and Who was the head coach of Bayern Munich in March 2024?
end-to-end alignment of the TimeRAG pipeline are addressed in For each atomic time-event question, we construct a correspond-
the preference alignment stage (Section 3.4). ing document context to serve as the information source for the

Inspired by Dhingra et al. [2], we extract temporal facts from the AG module. This context mainly consists of the natural language
Wikidata Knowledge Base (KB), retaining those associated with 10 representations of the temporal quintuples. To better simulate the
time-sensitive relations identified in the TEMPLAMA dataset. Each complexity of real-world search engine results, where relevant in-
fact is converted into a standardized quintuple format (s, 7, 0, ts, te), formation is often mixed with irrelevant content, we deliberately
where s denotes the subject, r the relation, o the object, and ts introduce noise by injecting distractor events. These distractors are
and te represent the start and end times during which the fact textual snippets derived from quintuples that share the same sub-
(s, 7,0) holds true. Based on these quintuples, we construct a com- ject or relation but differ in object and time. For example, given the

question “Who was Bayern Munich’s head coach in the 2019-2020

prehensive atomic time-event dataset for the supervised training
season?”, the distractor could be “Vincent Kompany took over as
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Bayern Munich’s head coach from Thomas Tuchel on July 1, 2025”
Including such temporally misleading information helps the AG
module learn to distinguish between relevant and irrelevant events.

For each question-context pair, we determine the correct target
answer and calculate a confidence score c that reflects the answer’s
reliability given the context:

c= n—g, (1)

Ng + W - Npoise

where ngy denotes the number of golden facts, njgise the number of
noise facts, and w is a weighting factor that controls the influence
of noise. To train the AG module to effectively handle unanswerable
scenarios, such as when no relevant information can be retrieved,
we also construct special cases where the context contains only
noise facts and no golden facts. In these instances, the ground-truth
answer is set to a predefined fallback: “There is insufficient informa-
tion in the context to answer this question.” with the corresponding
confidence score fixed at ¢ = 0.

We apply a pretrained Seq2Seq model as the backbone of the AG
module and fine-tune it in a supervised manner on the constructed
synthetic dataset. The model takes the concatenation of the ques-
tion g and the context d as input, while the target output is a text
sequence comprising the correct answer a and its corresponding
confidence score c. The training objective is the standard cross-
entropy loss between the model’s output and the target sequence.

3.3 Query Decomposition Training with
Imitation Learning

During the Imitation Learning stage, our primary goal is to train
the temporal-semantic QD module to accurately interpret users’
complex time-sensitive questions along with the dynamically evolv-
ing temporal reasoning state. This training aims to enable the QD
module to effectively perform temporal-semantic decomposition,
breaking down these questions into a sequence of logically coher-
ent atomic time-event subquestions, thereby guiding TimeRAG’s
multi-step temporal reasoning process.

Considering the remarkable capabilities of recent advanced rea-
soning models such as DeepSeek-R1 [9], particularly in complex
logical reasoning, task decomposition, and instruction following,
we are motivated to adopt an imitation learning approach to train
our temporal-semantic QD module. This approach leverages a pow-
erful teacher model as an expert to generate high-quality sequences
of temporal-semantic decomposition and chronological reasoning
behaviors specifically tailored for complex time-sensitive questions.
Our training then focuses on enabling the QD module to accurately
imitate the reasoning process and effectively reproduce these ex-
pert demonstrations, thereby enhancing its specialized temporal
decomposition capabilities.

To effectively construct the training dataset for the imitation
learning stage, we expand upon the development set of the real-time
open-domain QA benchmark, FreshQA [32], specifically selecting
a diverse and challenging set of time-sensitive questions. For each
original question g in the set, we guide the teacher model to per-
form step-by-step reasoning that simulates how TimeRAG handles
such questions. During this process, the teacher model is instructed
to analyze the user’s original question along with the current tem-
poral reasoning state, and then generate the temporally-grounded
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subquestions the QD module is expected to produce at each step.
This process also thoroughly documents the entire temporal de-
composition trajectory and its resulting outputs.

To ensure the generated action sequences effectively lead to
correct and temporally accurate answers, we further validate and
filter them by using the already trained time-aware AG module. By
simulating TimeRAG’s complete workflow, we include each turn’s
original question g, reasoning state, and teacher model outputs
in the final training dataset only if the entire simulated process
ultimately produces the correct answer.

Finally, we train the temporal-semantic QD module on the con-
structed dataset by supervised learning. The model input comprises
the original question g and the current temporal reasoning state,
while the target output is the validated teacher demonstration se-
quence of temporal-semantic decompositions. Training optimizes
the model by minimizing the cross-entropy loss between the QD
module’s predicted output and the teacher model’s demonstration.

3.4 Temporal Preference Alignment

Although supervised fine-tuning equips the time-aware AG module
with its temporal comprehension and generation capabilities, and
imitation learning endows the temporal-semantic QD module with
its specialized decomposition abilities, training them separately
does not inherently guarantee optimal performance during the fi-
nal answer synthesis, especially for complex temporal questions.
To address this limitation and ensure that the overall TimeRAG
system produces answers that are not only accurate and aligned
with human preferences but also chronologically consistent and
temporally precise, we introduce reinforcement learning during
the preference alignment phase. This stage aims to jointly optimize
both the temporal-semantic QD and time-aware AG modules in
an end-to-end manner. This joint optimization ensures temporally-
aligned coordination between the modules, leading to more coher-
ent, human-aligned, and robustly time-sensitive final answers.

We treat the entire TimeRAG as a policy to be optimized and
train it by the CLIP version PPO algorithm [28]. This algorithm
leverages CLIP to regulate the magnitude of model updates. The
overall loss function consists of three components:

ALL CLIP VF ENT
LAML = g [LEMP _ VE 4 [ENT) @)

L?LIP is the policy optimization objective at step ¢, defined as:

L?LIP — min(rtAt, clip(rp, 1 —€,1+ G)At), (3)

where r; is the ratio of the conditional generation probabilities
under the new and old policies:

_ mp(arlse)
 moraarlse)’
where € is a hyperparameter controlling the update range, and
Ay is the advantage estimate at step ¢, computed via Generalized
Advantage Estimation (GAE) [27]:
K-1

Ar = D Reat + 7V (sp4141) = V(s120)), 5)
1=0

4

where y and A are hyperparameters, V is the value network estimat-
ing expected rewards, and Ry is the reward at step ¢. L;/F (0) denotes
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the value function loss, which fits the value network by minimizing
the squared error between predicted and actual rewards:

LYF(0) = (Va(st) = Re)%, )

LENT(G) is a bonus to encourage exploration of new policies.

To compute the above loss, a well-defined reward function R;
is required. Given our goal of optimizing both the efficiency of
temporal-semantic query decomposition and the quality of time-
aware answer generation, we design a reward mechanism composed
of two components: a reward R; for the retrieval process and a
reward R, for the final answer.

The retrieval process reward R; aims to incentivize the temporal-
semantic QD module to generate more efficient temporal reasoning
trajectories by minimizing redundant search and decomposition
steps. The reward function is defined as follows:

0,
R =
{ﬁ — Ay - step,

where <EOF> represents the end-of-sentence token, and step indi-
cates the number of reasoning iterations needed to complete the
question. f§ is a base reward term, and A; is a penalty coefficient
applied to each additional reasoning or search step, with its sign
determined by the correctness of the model’s final answer. By maxi-
mizing Ry, the model is encouraged to reduce the number of search
iterations while maintaining sufficient reasoning capability, thereby
improving overall efficiency.

The answer generation reward Ry directly evaluates the quality
of the answer produced by the AG module, along with a confidence
score. Its primary objective is to encourage the model to produce
accurate answers while ensuring proper calibration of its confidence
estimates, particularly by penalizing incorrect answers that are
assigned high confidence. The reward function is defined as follows:

St # <EOF>

7
sy = <EOF> @)

sy # <EOF>
sy = <EOF>

Ry = ®)

0,
{/12 - confidence,

where confidence denotes the confidence score assigned by the AG
module to the generated answer, and A is a weighting factor whose
magnitude varies depending on the correctness of the answer. To
effectively penalize incorrect answers with high confidence, we
set the absolute value of the weight for incorrect answers to be
greater than that for correct answers, i.e., [A2 wrong| > |42,correct|-
This ensures that the penalty for incorrect answers significantly
outweighs the reward for correct ones at the same confidence level.

4 Experiments and Results

4.1 Dataset and Metrics

We evaluate TimeRAG on three key open-domain QA benchmarks
to comprehensively assess its ability to handle time-sensitive ques-
tions: (1) FreshQA [32] (evaluated on its test set) focuses on eval-
uating a model’s ability to handle time-sensitive and potentially
false-premise questions. The questions are categorized into four
types based on their reliance on temporal information and rate of
change: false premise (FP), never-changing (NC), slow-changing
(SC), and fast-changing (FC). (2) RealtimeQA [18] targets questions
about recent events, emphasizing a model’s capability to process
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extremely up-to-date, real-time information. (3) DailyQA is a multi-
domain dynamic QA benchmark where questions are automatically
updated based on Wikipedia revision logs. It is designed to evaluate
how well models continuously track and adapt to rapidly evolving
information across diverse domains.

For evaluation metrics, we adopted criteria suited to the char-
acteristics of each benchmark. For the test set of FreshQA, we
employed the Strict version of Fresheval [32] to measure answer
accuracy, which allows flexibility in expression to better reflect
real-world open-domain QA settings. For Realtime QA and Dai-
lyQA, we reported both Exact Match (EM) and F1 score to capture
the token-level overlap between model predictions and reference
answers. In addition, to more accurately assess responses to real-
time or evolving information, we leveraged GPT-40-mini [11] as
an automatic evaluator.

4.2 Baselines

We include two categories of baseline methods in our experiments
to assess the relative advantages of TimeRAG:

Vanilla LLM: These models answer questions solely based on
their internal parametric knowledge, without access to any external
sources. They represent as the baseline for evaluating LLM perfor-
mance in the absence of retrieval augmentation. We include several
widely adopted LLMs spanning various model sizes and capabilities:
Qwen2.5-7B-Instruct [26], Llama-3.1-8B-Instruct [8], DeepSeek-R1-
Distill-Llama-8B [9], as well as larger and more powerful models
such as DeepSeek-R1-671B [9] and GPT-4o [11].

RAG-based: These methods augment LLMs with external knowl-
edge retrieval, leveraging information obtained from search engines
to assist in generation. Based on their retrieval workflows and op-
timization goals, we further categorize them into the following
representative variants:

(1) Standard RAG: The variant represents the typical retrieval-
augmented generation paradigm, where the LLM is combined with
a search engine and performs a single-turn retrieval to obtain the
top-K documents relevant to the original question, which are then
provided as context for generation. We evaluate the performance
of DeepSeek-R1-671B [9] and GPT-4 [1] under this standard RAG
setup, and also include the commercial model Moonshot-v1, which
has built-in web search capabilities.

(2) RAG with Self-Ask: These methods employ the LLM to
decompose the original question into a sequence of sub-questions,
enabling iterative retrieval to support more effective multi-hop
reasoning [25]. We implement Self-Ask-based retrieval workflows
using DeepSeek-R1-671B and GPT-4, serving as baselines for evalu-
ating advanced reasoning capabilities.

(3) RAG with FreshLLM: Designed for time-sensitive QA specif-
ically, these methods prompt the LLM to integrate up-to-date infor-
mation retrieved from search engines with few-shot prompt engi-
neering [32]. We evaluate FreshLLM variants based on DeepSeek-
R1-671B [9] and GPT-4 [1], offering a direct comparison to TimeRAG
in terms of temporal awareness and responsiveness.

4.3 Implementation Details

We adopt DeepSeek-R1-Distill-Llama-8B [9] as the backbone model
for both the QD and AG modules due to its optimal balance between
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Table 1: Comparison of different methods across FreshQA, RealtimeQA, and DailyQA benchmarks. The best results are in bold

and the second are underlined.

Method FreshQA RealtimeQA DailyQA \ Ave.
| P NC SC FC avg. | EM F1 Acc.|EM F1 Acc |
Vanilla LLM (w/o Retrieval)
Qwen2.5-7B-Instruct 56 358 177 7.0 164 | 100 123 133 | 29 61 41 | 113
Llama-3.1-8B-Instruct 40 480 218 55 196 | 33 64 167 | 12 37 20 | 128
DeepSeek-R1-Distill-Llama-8B 88 374 177 47 170 | 33 85 167 | 1.2 34 57 | 13.1
DeepSeek-R1-671B 136 780 516 148 392|100 124 133 | 60 109 98 | 208
GPT-40 376 780 524 109 444 | 67 136 167 | 3.7 77 89 | 233
RAG Workflow
Moonshot-v1 13.6 740 69.4 383 486 | 33.3 538 633 | 292 357 382 | 50.0
DeepSeek-R1-671B 200 87.0 702 50.0 56.6 | 30.0 433 60.0 | 32.1 418 459 | 54.2
w/ Self-Ask 648 902 661 367 642 | 300 37.8 467 | 21.6 282 318 | 47.6
w/ FreshLLM 752 87.0 710 508 70.8 | 40.0 485 60.0 | 346 389 420 | 57.6
GPT-4 192 911 726 547 592 | 43.3 505 63.3 | 31.3 419 47.2 | 56.6
w/ Self-Ask 432 854 645 383 576 | 333 415 500 | 265 31.6 362 | 47.9
w/ FreshLLM 710 944 776 552 756 | 433 554 633 | 36.6 437 484 | 624
TimeRAG (Our) 76.0 919 782 69.5 78.8 |46.7 59.2 70.0 | 353 44.1 50.4 | 66.4

strong performance and computational efficiency. For retrieval, we
extract the top 10 organic results from Google Search to serve as
external context. During the imitation learning stage, DeepSeek-
R1 [9] is employed as the teacher model to generate high-quality
demonstration data. For optimization, we use the AdamW opti-
mizer [22] with an initial learning rate of 5e-5 and a batch size
of 4. In the preference alignment stage, a sampling-based strategy
is adopted, setting top-k to 10 and top-p to 0.95, which promotes
diversity while maintaining response relevance. All training and
inference processes are implemented using the HuggingFace Trans-
formers framework [34], which provides flexible and efficient tools
for large-scale language model development.

4.4 Main Results

Table 1 presents the performance of TimeRAG compared with
various baseline methods on three open-domain QA benchmarks:
FreshQA, RealtimeQA, and DailyQA.

Overall, TimeRAG achieves the highest average accuracy of
66.4%, demonstrating its effectiveness in handling time-sensitive
QA tasks. On the FreshQA, TimeRAG performs best on false premise
and fast-changing questions. With an overall accuracy of 78.8%, it
proves effective in resolving conflicts and integrating time-sensitive
information. On RealtimeQA, TimeRAG ranks first in EM, F1, and
accuracy, highlighting its strength in leveraging real-time external
information. On DailyQA, it achieves the highest F1 and accuracy,
and the second-best EM, demonstrating stable and reliable perfor-
mance on general time-sensitive questions. These results highlight
TimeRAG’s strengths in temporal reasoning and RAG, and further
validate the effectiveness of our time-aware query decomposition
strategy and joint training framework.

Comparison with Vanilla LLMs. As shown in table, the Vanilla
LLMs that only rely on internal knowledge perform poorly across

all benchmarks. Their performance is especially weak on time-
sensitive question types with most models achieving accuracy
below 20%. Even large-scale models like DeepSeek-R1-671B and
GPT-40 show decent results on never-changing questions and slow-
changing questions, but still fall short on false premise questions
and fast-changing questions. This notable performance gap empha-
sizes the necessity of integrating external retrieval mechanisms to
enable accurate, up-to-date responses.

Comparison with Standard RAG. Standard RAG methods
clearly outperform Vanilla LLMs by leveraging external retrieval,
demonstrating greater robustness when handling static information.
However, their effectiveness remains limited on highly dynamic
categories such as false premise questions and fast-changing ques-
tion in FreshQA. This indicates that their retrieval strategies are
still insufficient to fully capture complex temporal shifts. Although
Moonshot-v1 achieves decent accuracy on RealtimeQA and Dai-
lyQA, showing some capability in accessing up-to-date information,
it falls short on EM and F1, suggesting a lack of targeted optimiza-
tion for precise and comprehensive answer generation.

Comparison with Self-Ask. RAG methods enhanced with the
Self-Ask multi-hop query decomposition mechanism show some
improvement over standard RAG on never-changing and slow-
changing questions that require step-by-step reasoning. However,
they still struggle with tasks involving complex temporal logic,
especially in the fast-changing categories of FreshQA. Notably,
even when applied to powerful models like DeepSeek-R1-671B
and GPT-4, the integration of Self-Ask fails to fully address the
challenges posed by time-sensitive questions. This suggests that
general multi-hop decomposition strategies remain insufficient for
temporal reasoning, lacking the necessary adaptation.

Comparison with FreshLLM. FreshLLM is specifically de-
signed for time-sensitive question answering and significantly out-
performs general-purpose methods, particularly when powered
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Table 2: Ablation Study Results on FreshQA.

Model FP NC SC FC Avg.
TimeRAG 76.0 91.9 78.2 69.5 78.8
w/o RL 74.4 91.1 75.0 64.1 76.2
w/o IL 71.2 89.4 72.6 62.5 73.8
w/o SFT 72.0 90.2 70.2 60.9 73.2

by GPT-4. On FreshQA, FreshLLM (GPT-4) achieves an impres-
sive 94.4% accuracy on the never-changing category and maintains
competitive performance on the slow-changing questions and fast-
changing questions. It ranks second in EM, F1, and accuracy on
RealtimeQA and DailyQA. These results demonstrate the effective-
ness of explicitly modeling and optimizing for temporal sensitivity
in enhancing the timeliness of QA systems. However, FreshLLM
still falls short of TimeRAG on several highly dynamic categories,
suggesting that temporal awareness alone is insufficient. It requires
combining it with multi-step retrieval and iterative optimization to
fully addressing real-world temporal challenges.

4.5 Ablation Studies

To prove the effectiveness of each component in TimeRAG, we
conducted a series of ablation studies on the FreshQA benchmark.
We evaluated the following four model variants:

e TimeRAG: The complete version of our system, including a
supervised fine-tuned AG module, a QD module trained via
imitation learning, and a final joint optimization stage using
reinforcement learning for preference alignment.
TimeRAG w/o RL: This variant removes the RL-based joint
optimization stage. Instead, the QD and AG modules are
trained independently using imitation learning and super-
vised fine-tuning.

TimeRAG w/o IL: In this variant, the IL-trained QD module
is replaced by a simpler one-step retrieval strategy, where
questions are used directly for retrieval without decomposi-
tion. The AG module remains time-aware supervised fine-
tuned.

TimeRAG w/o SFT: This variant removes the supervised
fine-tuning stage for the AG module. Instead, the AG is ini-
tialized from a base model.

The results of the ablation study are presented in Table 2.

The full TimeRAG model achieves the highest overall accuracy
on the FreshQA benchmark, validates the effectiveness of its three-
stage training pipeline. Ablation results reveal that removing any
single component leads to a noticeable drop in accuracy, underscor-
ing the critical role each module plays.

Notably, removing the SFT stage results in the most significant
performance degradation, with overall accuracy dropping to 73.2%,
and particularly severe declines in the slow-changing and fast-
changing categories. This underscores the crucial role of time-aware
SFT in enabling the AG module to accurately interpret temporally
sensitive information within retrieved documents.

Similarly, when the IL-trained QD module is replaced with a
simpler one-step retrieval strategy, accuracy drops significantly
to 73.8%. This version effectively reverts to standard RAG, which
often retrieves outdated or irrelevant information due to its lack of
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Table 3: Experiments with Top-k Documents on FreshQA.

Model FP NC SC FC Total
w/k=5 results 73.6 88.6 76.6 67.2 76.4
w/k=10 results 76.0 91.9 78.2 69.5 78.8
w/k=15 results 76.8 92.6 79.0 70.3 79.6

temporal reasoning. These results highlight the need for temporally-
aware, multi-step query decomposition when dealing with ques-
tions involving changing facts. The IL-trained QD module helps
address this by modeling temporal reasoning and improving the
relevance of retrieved evidence.

In contrast, removing the RL-based joint optimization stage leads
to a smaller but still noticeable drop in performance, particularly in
the fast-changing category and overall accuracy. This indicates that
although the AG and QD modules remain effective when trained
separately, the RL stage is crucial for aligning their strategies. By en-
abling end-to-end optimization, it bridges the gap between SFT and
IL, improving the system’s coherence, coordination, and temporal
reasoning under uncertainty.

In summary, the three training stages in the TimeRAG framework
are all essential. Supervised fine-tuning contributes to temporal
understanding, imitation learning enables effective query decom-
position, and reinforcement learning ensures strategy alignment.
Their combined effect enhances the system’s ability to effectively
address the complex challenges of real-world.

4.6 Impact of Retrieval Length (Top-K)

To assess the impact of retrieval length on the performance of
TimeRAG, we evaluated the model on the FreshQA benchmark
using three different values for the number of retrieved documents:
Top 5, Top 10, and Top 15. The results are presented in Table 3.
The results demonstrate that expanding the number of retrieved
documents steadily improves TimeRAG’s performance. Average
accuracy increases from 76.4% with Top-5 retrieval to 78.8% with
Top-10, and further to 79.6% with Top-15. This positive trend holds
across all question categories. For example, accuracy on the most
challenging false premise questions rises from 73.6% to 76.0% with
Top-10 and 76.8% with Top-15. Even for the relatively straightfor-
ward never-changing questions, which already exhibit high accu-
racy, modest improvements are observed as retrieval depth grows.
These findings suggest that more retrieval context provides
TimeRAG with more comprehensive contextual information, which
is especially beneficial for complex, time-sensitive questions. In
such cases, critical evidence is often dispersed across multiple
sources, and retrieving a larger set of documents increases the
likelihood of capturing the necessary golden facts. TimeRAG’s
time-aware iterative query decomposition and generation compo-
nents enable it to extract and integrate relevant information from
extended contexts. This design allows the model to benefit from
additional evidence without being adversely affected by distraction.
It is worth noting that the performance gains exhibit diminishing
returns, with the improvement from Top-10 to Top-15 (0.8%) being
smaller than from Top-5 to Top-10 (2.4%). While our results indicate
TimeRAG can effectively utilize up to 15 documents, we did not
extend k further. In practical applications, the choice of an optimal
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Figure 3: Average Retrieval Turns of FreshQA.

k involves a crucial trade-off between potential accuracy gains and
the associated increases in retrieval latency and computational cost.
Nonetheless, these findings underscore that providing a sufficient
retrieval scope is an important factor in enhancing TimeRAG’s
ability to tackle complex real-world temporal questions.

4.7 Impact of Retrieval Turns

This section investigates the multi-hop reasoning capability of
our proposed TimeRAG. We first analyze the adaptive behavior of
the fully-trained TimeRAG model, presenting the average number
of retrieval turns it naturally uses for different question types in
Figure 3. Next, to assess the importance of this multi-step process,
we evaluate the same model’s performance by constraining its
maximum number of retrieval turns at inference time to one and
three, with results reported in Table 4. This approach allows us to
directly measure the impact of reasoning depth without altering
the model’s training.

Figure 3 illustrates that TimeRAG dynamically adjusts the num-
ber of retrieval iterations based on the nature of each question
in the FreshQA dataset. For relatively simple or temporally stable
questions, such as those in the never-changing and slow-changing
categories, the model typically completes reasoning with fewer
retrieval turns. In contrast, for more complex and temporally sensi-
tive questions, particularly in the false premise and fast-changing
categories, TimeRAG performs substantially more retrieval iter-
ations. This behavior suggests that the QD module can identify
the complexity and temporal sensitivity of a question, initiating
additional retrieval turns as needed.

The critical role of multi-hop reasoning is quantified in Table 4.
While the full TimeRAG model achieves 78.8% accuracy, constrain-
ing it to a single retrieval turn causes a significant drop to 69.8%,
particularly on complex types like false premise (69.6%) and fast-
changing (57.0%) questions. This demonstrates the insufficiency of
single-pass retrieval. Notably, increasing the limit to three turns
largely restores performance to 77.2%. This recovery aligns with the
average of approximately three turns required for complex ques-
tions as shown in Figure 3, indicating that a moderate number of
retrieval iterations is sufficient to address most of the reasoning
challenges in FreshQA.
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Table 4: Experiments with Maximum Retrieval Turns.

Model FP NC SC FC Total
TimeRAG 76.0 91.9 78.2 69.5 78.8
w/1 Turn 69.6 86.2 66.9 57.0 69.8
w/3 Turns 75.2 91.9 77.4 66.4 77.2

In summary, the results presented in Figure 3 and Table 4 indi-
cate that TimeRAG’s multi-hop reasoning capability, enabled by
its QD module through iterative retrieval and information inte-
gration, is highly beneficial for achieving strong performance on
complex time-sensitive questions, particularly those in the false
premise and fast-changing categories. Constraining retrieval turns
significantly reduces the model’s ability to carry out the necessary
reasoning steps, leading to noticeable drops in accuracy. These find-
ings underscore the importance of TimeRAG’s architecture, where
decomposition, retrieval, and generation are integrated to tackle
the challenges of temporal question answering with precision.

5 Conclusion

This paper tackles the limitations of current LLMs and RAG systems
in complex time-sensitive question answering, particularly for tasks
that demand multi-step reasoning over evolving information. While
existing approaches enhance freshness through retrieval, they often
lack structured temporal understanding and fine-grained reasoning
capabilities. To address these challenges, we propose TimeRAG,
a novel framework that enables iterative collaboration between a
temporal-sematic Query Decomposition (QD) module and a time-
aware Answer Generation (AG) module. By decomposing complex
questions into time-event subquestions and integrating evidence
across multiple retrieval turns, TimeRAG supports robust and adap-
tive temporal reasoning. We further introduce a three-stage training
pipeline that combines supervised fine-tuning, imitation learning,
and reinforcement learning for end-to-end optimization. Experi-
ments on FreshQA, RealtimeQA, and DailyQA demonstrate that
TimeRAG consistently outperforms strong baselines, especially on
questions involving recent events and multi-hop reasoning. Abla-
tion and retrieval analyses underscore the importance of its modular
design and iterative mechanism. In summary, TimeRAG provides a
principled approach to temporal reasoning in retrieval-augmented
systems, paving the way for more reliable and time-aware QA mod-
els in dynamic real-world settings.
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