SECTION 7 - 15 min

Temporal RAG

Coupling neural retrieval with generation to answer questions over evolving knowledge — and where
LLMs still fail.

Za% Presenter: Adam Jatowt




Taxonomy of Temporal QA

Temporal questions differ in both their information needs and reasoning requirements.

E(-S Temporal QA

1. Temporal Intent 2. Information Need 3. Reasoning Type

What time scope does What kind of information What temporal reasoning

the question focus on? is being sought? is required?
| |

! ! ! | I l | |

9O O e B <K @ £ N @ 6

Past-Oriented Present-Oriented Future-Oriented State Event-Centric Single-Hop Multi-Hop Ordering  Duration Arithmetic
Information about  Information about Information about Specific states  Events and their From a single Combines Order of Length Calculations
a past time. the present. the future. or attributes. participating entities. piece of multiple events. of time. over time.
evidence. sources.
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Example Questions by Type

Reasoning \ Scope

CO Single-Hop

é Multi-Hop
TJ, Ordering

E-é Duration

Arithmetic

ese
see
-

@ Past

@ Present

C) Future

Who won the 1943 Nobel Prize in
Physics?

Who was US president when the
Berlin Wall fell?

What happened after the Berlin Wall
fell?

How long did World War Il last?

How old was Obama at his Nobel
Peace Prize?

Who is the current CEO of Apple?

Who is the CEO of YouTube’s parent
company?

Which came first: ChatGPT or GPT-4?

How long has ChatGPT been
available?

How many years has Amazon
operated?

When is the next FIFA World Cup?

Which city hosts the Olympics after LA
2028?

Artemis Il or the next Mars mission
was the first?

How long will the next ICC World Cup
last?

How old will ChatGPT be when the
2030 World Expo opens?
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QANA: Pre-LLM Approaches for Temporal QA/RAG

QANA: Question ANswering from Archives

Given millions of documents, how to select a subset

of them for extracting correct answer to the user’s question?

(ﬂc!\'«ﬂ«k&lﬁ
_ (1987~2007)
|8
. | Document Retnever - Time-Aware > '] Document Reader | 1
swer
Shmalion: =, Module . ‘ Reranking Module v Module ‘
Retrieved Candidate News Articles Reranked News Articles

J. Wang, A. Jatowt, M. Yoshikawa and M. Farber: Improving Question Answering for Event-focused Questions in Temporal Collections of News Articles, Information Retrieval Journal (IRJ) (2021)
J. Wang, A. Jatowt, M. Yoshikawa and M. Farber: Answering Event-Related Questions over Long-term News Article Archives, Proceedings of ECIR 2020, pp. 774-789 (2020)
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QANA: Pre-LLM Approaches for Temporal QA/RAG

I'IEXE

collection

“Who replacedGossas ___ replaced & Goss &
director of CIA?” director & CIA
[Question] [Query]

Which TV network retracted an unsubstantiated report about the use of nerve gas?

¥ Data
2 — Moving Aversge
M4 Event Time
10 === Viachos Burst Detection CutOff
> w— Burst
g s
@
]—' % g
g :
[P
[Time series] [Top N results] 2
0
& d) AR g 3 q
Detect question time scope by automatically finding bursts in distribution of results Question’s time scope is represented as a set of time periods
Lewinsky told whom about her relationship with the President Clinton? Which English football team had nine players arrested in Spain for alleged sexual assault?
— 40 - Dota
e s L o e

30 === Viachos Burst Detection CutOff

\>; H — Burst
:ZS
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HWEB: Temporal Information Retrieval and Question Answering in the Age of LLMs 110
. CONFERENCE X



QANA: Pre-LLM Approaches for Temporal QA/RAG

Re-rank documents by a linear dynamic combination of their relevance
scores and two temporal scores

S(d,) > S(dg) ; S(dg) > S(d,)

\ H
H i
i i Which province had a referendum to ask voters whether it should secede from Canada?
) )
- .

1 )
e (d,) tulds) 1989.03 1989.10

question time scope

Document temporal

T
question time scope |
| Publication time score ‘ Content time score ¢ ﬂ scores are used more

1966 1987 1988 1909 1990 1991 1992 199) 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008

Frequency

+ Use Kernel Density Estimation to compute the overlap of content time
expressions and question time scope

+ If the question time scope contains multiple periods, aggregate the scores for all
periods G

Which English football team had nine players arrested in Spain for alleged sexual assault?

Document relevance
scores are used more

Frequency

a0 |
1986 1987 1968 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008

“Who replaced Goss as replaced & Goss & me
director of CIA?” — director & CIA Indexted
[Question] [Query] collection
l * Take K (K<<N) top-ranked reranked documents and find answers using
[Extract most DFQA method
e * Aggregation step: choose the most common answer as the final answer
“Michael -— - ~
Hayden” [Reranking %
results]

[Top K results] [Time series] [Top N results]
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Temporal Blind Spots in Large Language Models (2024)

Goal

® Investigate how well LLMs understand temporal knowledge

® Evaluate performance on temporal QA tasks

Datasets

® TemporalQuestions

® ArchivalQA
° TempLAMA

Key Findings
Lower performance on historical detailed questions

° Difficulty handling recent information (temporal inertia)
° Relative time expressions ("3 years ago") are challenging
[ J

Identifies common temporal failure modes

Which film won seven Oscars in 19947?

CHATGPT ForresT GUMP
Correct Schindler’s List

X Temporal shift:
F.G. won Oscars in 1995

Who lost the WBA boxing title, refusing to fight Tony
Tucker in March 19957

X Time invariant:
time disregarded

ALPACA Mike Tyson
Correct George Foreman

Tom Brady played for which team in 20207

ALPACA New England Patriots X Temporal inertia: Brady
Correct Tampa Bay Buccaneers joined Buccaneers in 2020

Table 1: Examples of temporal blindspots in LLMs.

Jonas Wallat, Adam Jatowt, and Avishek Anand. 2024. Temporal Blind Spots in Large Language Models. In Proceedings of the 17th ACM International Conference on Web Search and Data Mining (WSDM '24).

Association for Computing Machinery, New York, NY, USA, 683—-692. https://doi.org/10.1145/3616855.3635818
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Temporal Blind Spots in Large Language Models (2024)

Temporal Blind Spots

Model Question Temporal error Explanation
Tom Brady played for which team in 20287
N . alapaca-7B New England Patriots Temporal inertia Brady joined Tampa (2020)
TemPOral Shlft = Answer from the Wrong time Answer Tampa Bay Buccaneers after 20 years with Patriots
er|0d Cristiano Ronaldo played for which team in 28197
p red-pajama-78B Real Madrid Time invariance The model predicts Real
Answer Juventus FC Madrid for all years
In the 2083 Wimbledon Men’s Singles Tennis
H H _ Championship, who beat Tim Henman? Temporal shift
Tlme Invarlance |gn0re the temporal alapaca-7B Andy Roddick Roddick beat Henman in
. Answer Sebastien Grosjean the following year (2004)
constraint _ : .
Who painted a portrait of George Washington
for Martha in 17897 Temporal shift
text-davinci-@@3 Gilbert Stuart Stuart did paint Washington
Answer John Ramage but in 1795 and 1796

Temporal Inertia - Prefer outdated knowledge

What state did Tuscany join 162 years ago?
text-davinci-@83  Unknown. Temporal referencing  correct answer of Italy with
Answer Italy absolute reference (1859)

Referencing Error - Misunderstand relative Table 4: Examples of temporal blind spots.

time

Jonas Wallat, Adam Jatowt, and Avishek Anand. 2024. Temporal Blind Spots in Large Language Models. In Proceedings of the 17th ACM International Conference on Web Search and Data Mining (WSDM '24).
Association for Computing Machinery, New York, NY, USA, 683—692. https://doi.org/10.1145/3616855.3635818
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A Study into Investigating Temporal Robustness of LLMs (2025)

Yoichiro Nambu received

which award in 2008 ?

Nobel Prize in Physics

Can I trust that this
answer is correct?

Does the model robustly
understand the temporal
fact?

LLM

O
' When did Yoichiro Nambu receive
the Nobel Prize in Physics?

He never did

LLM

Yoichiro Nambu received
which award in 2008 ?
[Nobel Prize in Physics]

|

When did Yoichiro Nambu
receive the Nobel Prize in
Physics? [2008 ]

\

Event:
The fifth ICC T20 World
Cup in cricket is held in
Bangladesh

Predict date:
[16-03-2014 ]

Temporal Reversal Event Dating Relativization

What prize did Hemingway
win in 1954 ?

|

What prize did Hcmingwuy

win 69 years ago ?

What prize did Hemingway
win in 1954 ?

l

What prize did Hemingway
win in [1953/1949/1944 ]?

Event Ordering
Event A: Albania and
Croatia join NATO
Event B: Ecuador declares

What prize did Hemingway
win in 1954 ?

Temporal Positioning

What prize did Hemingway
win in 1954 ?

independence from Spain l l in 2023
Predict order: What prize did Hemingway In 1954 , what prize Classify fact:
A before B? [false] win __? did Hemingway win? [true/false/conflicting]
L s\ s\ i »

- J
Fact Checking
Fact: Sni Lanka

imposes a new levy for
those leaving the country

A Study into Investigating Temporal Robustness of LLMs (https://aclanthology.org/2025.findings-acl.810/) (Wallat et al., Findings 2025)
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A Study into Investigating Temporal Robustness of LLMs (2025)

8 time-sensitive robustness tests for factual information to check the sensitivity of 6 LLMs in
zero-shot settings

Dataset Example Question Answer #Qs Scope Description
ArchivalQA What was Ankara’s official aid bill for in 19977 Cyprus 7.500 1987-2007  detailed quest.
Wikidata Yoichiro Nambu received which award in 20087 Nobel Prize 10,000 1907-2018 people
Temporal Claims China reports military clash in Henan province in 2022 False 4,196 1000-2023 claims
Wikipedia Events Former Pope Benedict XVI dies at the age of 95. Dec. 31 2022 23,550 1750-2023 events

Model Name | Mode Size | Notes | Cutoff
Llama 3.1 8B Instruction-tuned version Dec. 2023
Jamba 1.5 12B active, 52B total | Mixture-of-Experts model that combines mamba (state-space) and transformer blocks. 8bit quant. | Mar. 2024
Gemma 2 27B Instruction-tuned version Jun. 2024
Qwen 2.5 32B Instruction-tuned version 2023
Cmd-R+ 104B params RAG-optimized language model, weights openly available. Uses 4-bit quantization N.S.

GPT 4 N.S. OpenAl's flagship GPT model (gpt-4-1106-preview) Apr. 2023

A Study into Investigating Temporal Robustness of LLMs (https://aclanthology.org/2025.findings-acl.810/) (Wallat et al., Findings 2025)
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A Study into Investigating Temporal Robustness of LLMs (2025)

All models lack robustness with temporal relativization (28-50% decrease)

. Out of the 26.3% of questions that Llama 3.1 can answer, only 13.2% are also answered correctly when using the

relative time references (50% decrease)..

Larger models seem to be more robust to using relative references

SAoclel Abs | Ape eativization "Who was the American president in 2018?”

Llama 3.1 | 263 13.2 -50.0% @

Gemma 2 35.2 254 -27.9% ) )

Quen 2.5 | 29.8 17.6 -41.0% "Who was the American president 7 years ago?”
Jamba 1.5 | 385 273 -29.1%

Cmd-R+ 40.4 26.6 -34.3%

GPT 4 433 30.5 -29.7%

A Study into Investigating Temporal Robustness of LLMs (https://aclanthology.org/2025.findings-acl.810/) (Wallat et al., Findings 2025)
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A Study into Investigating Temporal Robustness of LLMs (2025)

All models benefit from time references placed at the start of the question

Improvements of about 1% - 5% under the OpenEval score

Model ++Positioning

Time[end] Time[front] Diff.
Llama 3.1 26.3 27.6 +4.8%
Gemma 2 35.2 36.4 +3.3%
Qwen 2.5 298 30.0 +0.6%
Jamba 1.5 38.5 399 +3.5%
Cmd-R+ 40.4 40.7 +0.7%
GPT 4 43.1 44.4 +2.9%

"Who was the American president in 2018?”

S

“In 2018, who was the American president?”

A Study into Investigating Temporal Robustness of LLMs (https://aclanthology.org/2025.findings-acl.810/) (Wallat et al., Findings 2025)

i TWEB?
v, CONFERENCE X

Temporal Information Retrieval and Question Answering in the Age of LLMs

117



Standard RAG vs. Temporal RAG

Standard RAG

Query Query + temporal intent
N\
Dense retrieval (semantic similarity) Time-aware retrieval (timestamp embeddings)

Y

Top-k passages Temporal reranking (proximity / recency)
J

LLM generation Time-aware generation (anchored answer)

Ranks by tOpiCG/ relevance - assumes static /<now/edge. Ranks by topical + temporal relevance - handles evolving knowledge.

|
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It’s About Time: Incorporating Temporality in Retrieval
Augmented Language Models

Key Idea /
TempRALM augments retrieval with temporal relevance.

Retrieve passages based
on semantic relevance |

Whao won the ‘

Document
Index

H Wimbledon Men's ‘ Pete Sampras .. defeated Cedric = ) I
Instead of ranklng by Singles Tournament? Piolin .. at the Wimbledon . gg R @
. ] -3

Semantic Score Mo ! AL S !

. A Retrieval '
|

it ranks using . Atlas RALM )

Semantic Score + Temporal Score
where documents closer to the query timestamp receive ST T T T T T T T T T TS S Sm—mmmm e —m === ~
. Retri based
higher scores. || Tompora o oFlevs pessages baced |
Whi h | etrieva

Wimb‘l:’egg: Iilleen‘s | [ !

Singles Tournament? Novak Djokovic .. defeated Roger z 5 Novak !

Additi 1 W | - Federer .. at the Wimbledon .. é‘% Diokovic = I

Itionally, 2020.02-16 | on 2019-07-01, ... g I

| Document |

\ Index — |

TempRALM p

removes documents from the future Yoo -

ranks documents by semantic + temporal proximity
. .. Figure 1: Overview of TempRALM: In this figure, we show the difference between Atlas and TempRALM. In TempRALM, the
req uires no retraini ng retriever fetches documents on semantic relevance with respect to the query as well as temporal relevance relative to the

works with existing RAG systems aery-time

CAAK

TempRet(q,d,qt,dt)=s(q,d)+T(qt,dt)

Gade, Anoushka, Jorjeta G. Jetcheva, and Hardi Trivedi. "It's about time: Incorporating temporality in retrieval augmented language models." In 2025 IEEE Conference on Artificial Intelligence (CAl), pp. 75-82. IEEE, 2025.
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It’s About Time: Incorporating Temporality in Retrieval
Augmented Language Models

ATP table
Wikipedia Page
tourney_id 2019-580

tourney_name Australian Open Document passage

ﬁe 2019 Australian Open was a Grand Slam tennis tournament that took placeh
: Melbourne Park from 14 to 27 January 2019. It was the 107th edition of the Australian
surface Hard | Open, the 51st in the Open Era, and the first Grand Slam of the year. The tournament
draw_size 128 consisted of events for professional players in singles, doubles and mixed doubles. Junior
{tourney_date 27/01/19 | "text": "Novak Djokovic of SRB defeated and wheelchair players competed in singles and doubles tournaments. The 2019
Rafael Nadal of ESP at the Australian Open Australian Open was the first Australian Open to feature final set tie-breaks.
Roger Federer and Caroline Wozniacki were the defending men's and women's singles

winner_seed 1

— Men's Singles T 20190127, | |

‘winner_name  Novak Djokovic | . I n e ournament EnELfks ’ H champions, but were unsuccessful in their respective title defenses; Federer lost to
Biiiiear dne SRB | | |[— " the final match with a score 0f 6-3 6-26-3. | | | gefanos Tsitsipas in the fourth round and Wozniacki lost to Maria Sharapova in the third
loser = d 3 The match lasted for 124.0 minutes.", : round.Novak Djokovic of Serbia won the men's singles title at the 2019 Australian Open,

ser_see "date": "2019-01-27" . defeating Rafael Nadal of Spain in straight sets in the men's final. Naomi Osaka of Japan
loser_name Rafael Nadal ' ef i Petra Kvitova of the Czech Republic in three sets to win the women's singles title.
toseridpe i ESE H The tournament had a record attendance of 796,435 spectators.
e FaRaaa k/ '
best_of 5 5 ==== Men's singles ===
round F : \ Novak Djokovic def. Rafael Nadal, 6-3, 6-2, 6-3 /
minutes 124 :

Figure 3: Example of tabular data to passage conversion. We convert relevant features of the tabular dataset to textual passages.

Gade, Anoushka, Jorjeta G. Jetcheva, and Hardi Trivedi. "It's about time: Incorporating temporality in retrieval augmented language models." In 2025 IEEE Conference on Artificial Intelligence (CAl), pp. 75-82. IEEE, 2025.

THWEBX Temporal Information Retrieval and Question Answering in the Age of LLMs 120
1. CONFERENCE X



MRAG: Separating Semantic and Temporal Relevance

Three Modules (1) Question Processing (2) Retrieval & Summarization (3) Semantic-Temporal
Hybrid Ranking

P
. . Q: Who won the latest America's ,) | MC |Ralrlwal | ‘ MC | Summarization | Semantic
1. Question Processing Next Top Model as of 2021? D’@
. 2 Kyla Coleman is the
Decompose query into: [@] segmentation | Fimed in 2017 et e

. . I?'p :‘t:ﬁ:lm’emiered 2018,
Maln Content (MC) MC: Who won TC: latest ... D zafa . Th:9' __ Next Top Model premiered on
ates 1t January 9, 2018 ...

. it of the
» Temporal Constraint (TC) Noxt Top Modalz 25 ©f 2021 romteny """ 7 [ Doremens (ol @
om Lacey . vras Kyla Coleman from Lacey ~

Example:
Who won the latest America's Next Top Model as of Figure 3: An overview of the MRAG framework, consisting of three key modules: question processing, retrieval and

20217? summarization, and semantic-temporal hybrid ranking. The question processing module separates each query into
MC = Who won America's Next Top Model? the main content (i.e., MC) and the temporal constraint (i.e., TC). The retrieval and summarization module finds

the most relevant evidence based on the main content and summarizes or splits these evidence into fine-grained
TC = latest as of 2021 sentences. The hybrid ranking module combines symbolic temporal scoring and dense embedding-based semantic

scoring at a fine-grained level to determine the final evidence ranking.

2. Retrieval & Summarization

* Retrieve semantically relevant passages Results:
* Split/summarize evidence MRAG improves retrieval and QA
* Remove temporal distractors +11% Evidence Recall

+9.3% Answer Recall

3. Semantic-Temporal Hybrid Rankin
P y . Better downstream QA accuracy on TEMPRAGEVAL benchmark

Final score combines: Semantic Relevance x Temporal Relevance
Temporal score is computed separately from timestamps and temporal constraints.

MRAG: A Modular Retrieval Framework for Time-Sensitive Question Answering (https://aclanthology.org/2025.findings-emnlp.167/) (Zhang et al., Findings 2025)

|
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TsContriever: Time-sensitive Retrieval-Augmented Generation for Question
Answering

TsContriever: Learning Temporal Relevance During Training : )
Training Time-constrained f : = HJJ 3 Query
¢ Construct time-sensitive question—-document pairs. N U ]

Which title was conferred to Nazi | |
Paikidze from 2011t0 20167 |

(LT [T]
. . . . H [
. Generate temporal hard negatives that are semantically similar !
Paikidze after Feb 20147 H In 2008, at the age of 14, Paikidze began being coached doc ||
but correspond to different time periods. s om0, ey Frcodr
*  Train using contrastive learning to distinguish temporally :

Contrastive Learning

During Inference

relevant from temporally incorrect evidence.
Albert Einstein. The Nobel Prize in Physics 1921. Born:
Inference ‘

14, Mar, 1879, Ulm, Germany. Died: 18, Apr, 1955,
Princeton NJ, USA. Prize motivation: "for his services to

Doc —
Encoder
Index

e

Theoretical Physics and especially for his discovery of
°

A query router first detects whether a query contains temporal e e

Document Collection

Fine-tuned
. 0L
d
conStra I ntS. Who won the Nobel Prize in Physics between 1901 and 13027 [——3 t“ 4 Fncoder D:D:\:D
B - : similarity score
. . . ‘ \—l

° [ ded he f R d | Time sensitive query { Quen Rout

Temporal queries are encoded using the fine-tuned tempora | e . e ————

d ‘ Where was Albert Einstein born? ‘ AT ? Encoder Top 1 result ::‘:::;‘3:}3 'N'Z‘:;lﬂlfr;;sm‘nl‘:j!;: =

encoader. poo—— 1925, the Netherlands. rize:

°

Documents are ranked by both semantic and temporal
relevance.

Key Innovation:
Temporal contrastive learning using same-topic, different-time
reifan wuIRBREINVES FRACDES SN IShHEVSRIQ IEsRERE fe PQra)

ang; and Meng Wang. 2024. Time-Sensitve Retrieval-Augmented Generation for Question Answering. In Proceedings of the 33rd ACM
Internatio@pﬁpmggp Information and Knowledge Management (CIKM '24). Association for Computing Machinery, New York, NY, USA, 2544-2553. https://doi.org/10.1145/3627673.3679800

THWEBX Temporal Information Retrieval and Question Answering in the Age of LLMs
. CONFERENCE X

122



TimeRAG: Enhancing Complex Temporal Reasoning with
Search Engine Augmentation (CIKM 2025)

Motivation
Existing RAG systems can retrieve fresh information but struggle | Who was the previous head coach of Bayern Munich? F-
with:
° . . . ] 1 Who was the previous head coach of Bayern q
Implicit temporal constraints Munich?
° "preViOUS" Standard RAG x
[ ] ”before" __________________________
° "since" | Who was the previous head coach of Bayern Munich? F -

®  Multi-hop temporal reasoning

. ) . . What is the current head coach of Bayern Munich? q
® Integrating facts across different time periods

B Z When did Vincent Kompany start as Bayern q
As a result, even simple temporal questions can fail. RooJ! | Monich head conoh?

TimeRAG

Who was the Bayern Munich head coach who left Q
in July, 2024 ?

Temporal QA requires:
Retrieval + Temporal Reasoning + Multi-hop Search IGI ﬁ
rather than a single retrieval step.

Thomas Tuchel \f |

TimeRAG

TimeRAG converts temporal QA into an iterative search-and-reason process, using temporal query decomposition and multi-
hop retrieval to answer questions involving evolving facts.

Zhao Wang, Ziliang Zhao, and Zhicheng Dou. 2025. TimeRAG: Enhancing Complex Temporal Reasoning with Search Engine Augmentation. In Proceedings of the 34th ACM International Conference on
Information and Knowledge Management (CIKM '25). Association for Computing Machinery, New York, NY, USA, 3230-3239. https://doi.org/10.1145/3746252.3761425

|
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TimeRAG Architecture

T T T T T T T T T T T T T T T T T T e e  —————————————————

Two Core Modules 4 Stagel & 2: Fine-tuning & Imitation Learning PP : \

[ |
1. Query Decomposition (QD) | __Inputas context Thought Dataset |
. . . | Iupnl.: <question, docs>. \‘/ Input: Prompt & Question N {
Breaks a complex temporal question into atomic || e o s st | - 0 (._ Output: é i
H H utput: <answer, confidence> Thought: - |
time-event questions. I Ny oSty Anser e e <amsers : — |
. | Confidence: 0.9 Generate answer \ Demmpo-s sion |
Example: i e L ]
. . . Supervised Fine-tunin; mitation Learnin:
Original Question-> Current Coach? >StartDate? ~________________°" A ] o L, S
ST T T T T T T T T T T, T T T TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTT T T N

—Previous Coach? / Stage3: Preference Alignment

[ x

| I

| Y , E {

2. Answer Generation (AG) ! 0 Wb, — Sy;t:;eesxs ' tem |
. —_— — subquestions —_— HE RS IR - edees

For each sub-question: | answers Answer Truth |

| |

| ]

Query Decomposition module

* Retrieve web evidence \ A Answer Generation module Continue )
* Interpret timestamps /,:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::1\

. .
¢ Generate a nswer Inrerence Plpellne l First Time Current head coach of Vincent

stage

[ I

|

. : Web &, ‘Bayem Munich Kompany |

* Produce confidence score | Who e Th !
ho was the — —_— lomas |

| previous headcoach = Second Time . Vincest Kompasy stat data — 20 Synthesis Tuchel |

| of Bayern Munich? e i . |

| |

| |

| |

. . . . . Answer Final Answer
Then synthesize all intermediate answers into the Question N =B Gem;atlm — T Generion e Aswer
final response Nl S

TimeRAG converts temporal QA into an iterative search-and-reason process, using temporal query decomposition and multi-
hop retrieval to answer questions involving evolving facts.

Zhao Wang, Ziliang Zhao, and Zhicheng Dou. 2025. TimeRAG: Enhancing Complex Temporal Reasoning with Search Engine Augmentation. In Proceedings of the 34th ACM International Conference on
Information and Knowledge Management (CIKM '25). Association for Computing Machinery, New York, NY, USA, 3230-3239. https://doi.org/10.1145/3746252.3761425
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