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Temporal QA Datasets

. Temp. Multi-
Dataset #Q Source Method Answer Type Time Frame Meta Hop
NewsQA 119k News (e Freeform 2007-2015 X X
TDDiscourse 6.1k News CS Extractive Unspecified X X
TORQUE 21k News CS Abstractive - X X
ArchivalQA 532k News AG Extractive 1987-2007 v X
TimeQA 41.2k Wikipedia AG Extractive 1367-2018 X X
TiQ 10k Wikipedia AG Freebase Unspecified X X
TempQuestions 1.2k Freebase AG Extractive Unspecified X v
TemporalQuestions 1k News cs Extractive 1987-2007 N X
TempLAMA 50k News cs Extractive 2010-2020 v X
ComplexTempQA 100.2M Wikipedia AG Extractive 1987-2023 v N
MenatQA 2.8k Wikipedia AG Extractive 1367-2018 X X
PAT-Question 6.1k Wikipedia CS Extractive - X v
TempTabQA 11.4k Wiki Infobox cs Abstractive - X X
SituatedQA 12.2k Wikipedia CS - <2021 X X
UnSeenTimeQA 3.6k Synthetic AG Abstractive - X v
ChroniclingAmericaQA 485k News AG Extractive 1800-1920 v X
FRESHQA 600 Google (e = = X N
COTEMPQA 4.7k Wikidata (e Abstractive <2023 X N
Test of Time (ToT) 1.8k Synthetic AG Abstractive = X v
TIMEDAIL 1.1k DailyDialog CS Multi-choice - X X
TEMPO 1.7k StackExch. cS Abstractive <2025 v v
Complex-TR 10.8k Wiki+Google AG Multi-answer <2023 X v
StreamingQA 147k News cs Extractive 2007-2020 v v
TRACIE 5.4k Wikipedia (e Abstractive <2020 X X
ForecastQA 10.3k News cs Multi-choice 2015-2019 N v
TEMPREASON 52.8k Wiki/Wikidata SC Abstractive 634-2023 X X
TemporalAlignmentQA 20k Wikipedia AG Abstractive 2000-2023 X X
RealTimeQA 5.1k Search CS Multi-choice 2020-2024 X X

#Q = number of questions - CS = Crowdsourced, AG = Automatically Generated, SC = Semi-automatic - v/ / X = present / absent
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TIQ: A Benchmark for Temporal Question
Answering with Implicit Time Constraints

Why is TIQ needed?
Existing datasets mainly contain, Explicit temporal

Dataset Overview

. Size 10,000 questions
questions
- Who was the US president in 2010? Focus Implicit temporal constraints
But many real questions contain implicit temporal Sources Wikipedia, Wikidata & Infoboxes
references Relations Before « After » During
- Which football club did Messi join after Paris _ . : :
Evidence Supporting evidence snippets

Saint-Germain?

These require understanding the time implied by
events/states rather than explicit dates.

Zhen lJia, Philipp Christmann, and Gerhard Weikum. 2024. TIQ: A Benchmark for Temporal Question Answering with Implicit Time Constraints. In Companion Proceedings of the ACM Web Conference
2024 (WWW '24).. https://doi.org/10.1145/3589335.3651895
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TIQ: A Benchmark for Temporal Question
Answering with Implicit Time Constraints

Table 4: Example questions from the T1ig benchmark, including the information snippets they are derived from.

Topic entity

Question

Answer

Information snippet - Main
Information snippet - Constraint

Clarence Andrew Cannon

What was Clarence Andrew Cannon’s occupation before becoming a lawyer?
teacher

“Clarence Andrew Cannon, occupation, teacher, start time, 1904, end time, 1908” (KB)
“Clarence Cannon, He earned an LL.B. and joined the bar in 1908.” (TEXT)

Topic entity

Question

Answer

Information snippet - Main
Information snippet - Constraint

Robert Bosch GmbH

Who was the chief executive officer at Robert Bosch GmbH before revenue reached €78.74 billion?
Volkmar Denner

“Robert Bosch GmbH, chief executive officer, Volkmar Denner, start time, 2012, end time, 2021” (KB)
“Robert Bosch GmbH, Revenue, € 78.74 billion (2021)” (INFOBOX)

Topic entity

Question

Answer

Information snippet - Main
Information snippet - Constraint

Carlos Alberto Torres

Which national football team did Carlos Alberto Torres manage before joining Flamengo?
Oman national football team

“Carlos Alberto Torres, Managerial career, 2000-2001, Oman” (INFOBOX)

“Carlos Alberto Torres, Managerial career, 2001-2002, Flamengo” (INFOBOX)

Topic entity

Question

Answer

Information snippet - Main
Information snippet - Constraint

Alan Page

What hall of fame did Alan Page become a member of while serving as Associate Justice of the Minnesota Supreme Court?
College Football Hall of Fame

“Alan Page, In 1993, he was inducted into the College Football Hall of Fame.” (TEXT)

“Alan Page, Associate Justice of the Minnesota Supreme Court, In office January 4, 1993 — August 31, 2015” (INFOBOX)

Zhen lJia, Philipp Christmann, and Gerhard Weikum. 2024. TIQ: A Benchmark for Temporal Question Answering with Implicit Time Constraints. In Companion Proceedings of the ACM Web Conference
2024 (WWW '24).. https://doi.org/10.1145/3589335.3651895
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ArchivalQA: A Large-scale Benchmark Dataset for
Question Answering over Historical News Collections

o
e ok e
Goal e Temporal
. . . . < Document
Enable question answering over historical news WikirepiA
. . o1 . . events of Wikipedia year pages ~
(1987/0101~2007/06/19) final QA
archives instead of Wikipedia. o B s
e ) S (e . (A o
: . uestion 't yntactic empora t enera emporal t
Amcﬁozeljleecuon :} Generation Seti) Filtering/Transforming E} Ambiguity Filtering l&)‘ Fil-{gzlne-bhizsgle
Key Contributions Module Module Module 9

Figure 1: Dataset generation framework

®* 532K question—answer pairs (both implicit
and explicit)

n
600
® Covers 1987-2007 %0 ”H,k q
. . . % 400 '.‘m“h/ ! / W | [ A
*  Built from New York Times archive £ 00 g etV b

a5 6 o o® ol h i ’ Y e
®  Four subsets based on difficulty and LR L
me
temporal expressions
° . . . . id question answer org answer | answer start | para_id | trans_que | trans_ans | source
Automatic qu estion gene ration with train_0 Wh‘;’:"““';:;: ;‘é":{;‘g‘f':ﬁ"f the Al Qaeda Al Qaeda 184 1839755 20 0 0 wiki
. . . . . When did Tenneco announce it was . i .
a m b | g U |ty fl |te I"I ng train_4 planning to sell its oil and gas operations? May 26, 1988 today 103 1487480 0 ! rand
a5 | B ki | the Korcan War | he Korean War| 327 | 17360407 | 0 0 | wik
test 4| “ylone with (he French Open, Whist St | winbledon | Wimbledon 527 1043631 15 1 0 rand

Jiexin Wang, Adam Jatowt, and Masatoshi Yoshikawa. 2022. ArchivalQA: A Large-scale Benchmark Dataset for Open-Domain Question Answering over Historical News Collections. In Proceedings of the 45th
International ACM SIGIR Conference on Research and Development in Information Retrieval (SIGIR '22). https://doi.org/10.1145/3477495.3531734
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ArchivalQA: A Large-scale Benchmark Dataset for
Question Answering over Historical News Collections

Temporally ambiguous questions: questions with several correct answers at different time points

*  Examples:
— (OK) Who sent 20,000 American troops to Bosnia? [Clinton]
— (OK) How old was Evelyn Sabin when she died? [90]
— (NG) Who
— (NG) How many
- (NG)

e Senator of West Virginie={John D. Rockefeller]
McElhiney have? [5]

hat country is the current U.S. policy?

*  Filtering setup:
— Dataset: 5,500 manually annotated questions
— Classifier: BERT-base with an accuracy of 81.82%

Temporal Information Retrieval and Extraction: From
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TempAmbiQA: Detecting Temporal Ambiguity in Questions

Motivation
Many questions cannot be answered correctly without a
temporal reference.

Example
° Who was the president of NBC
Universal?

Q: Who was the
commissioner
for Long Beach California?

° Correct answer depends on when

the question refers to.

Key Contributions

° First benchmark for temporal ambiguity detection
(TempAmbiQA)

° 8,162 manually annotated questions: 3,879
ambiguous 4,283 unambiguous

° Built from ArchivalQA, SituatedQA, and AmbigQA

° Evaluates whether a question requires temporal
clarification before answering

Disambiguation Component

DQ4: Who was the commissioner Dy

Answer Equivalence
Vam Testing Component 7N
( \
| 74 —AkYes—>
|

| DQk: Who ... 19882 No

Search Component i

Lineal k'=k+1

b
i

for Long Beach California as of ‘
19872 Is the answer for Q1 and Q2 | ESR- -List k'=k+s
—DQy>| same? Write only one word g plist (s
between 'Yes' and 'No'. i = = >
[DQg: Who was the commissioner [ ,‘ Unambiguous IIl_Random_,III
for Long Beach California as of |
g e | | False

. Te—‘« <K valg>k—

Figure: Overview of different search strategies for detecting temporally ambiguous Questions. The Disambiguation Component
generates questions DQ1 and DQk, referred to as Q1 and Q2 in the prompts, respectively. The Answer Equivalence Testing
Component compares them, classifying Q as temporally ambiguous if the answer equivalence (Ak) is "No". If "Yes", the search
proceeds to find the next valid year k’ within the defined time range, generating the next disambiguation question DQk’ to continue
the classification process. If no valid k’ is found, the question Q is classified as temporally unambiguous. A valid year k’ is the one
that falls within the specified time range (e.g., 2000-2024).

Piryani, Bhawna, et al. "Detecting temporal ambiguity in questions." Findings of the Association for Computational Linguistics: EMNLP 2024. 2024.
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ComplexTempQA: A Large-scale Benchmark for Complex
Temporal Question Answering

Key idea How often did an aviation accident with m:]n::pt:::;g deaths between 1987 and 2007 in Thailand
° 100m+ temporal question—answer pairs S ————— - o :
o B u i It fro m Wi ki ped ia + Wi kid ata | [ Did Lauda Air Flight 004 acciﬂent::lrif:::;ﬂ after American Airlines Flight 11 ] |
! ; |
® Covers 1987-2023 1987 n“‘}f?,,,,,,,,,,,,,,,,,,i,,,,,,,,,,,,,,,,,,?f?,’f‘lmh"mm 2007
. : November 1991 :
e Each question has temporal metadata ‘ | | | ‘
° Designed for training and evaluating LLMs ‘ ‘ \ _ [ ) ‘
° . Lauda Air Flight 004 accident l S S e LT
Focuses on complex temporal reasoning , accident
Ethiopian Airlines Flight 961
Supports multiple reasoning Ski"s Evenit im;cﬁeg&d a{l;;;atizn ::)cuc;d.,en;}\]’:i:inn;oga dqm;g [~ \'/6-\ . _{ﬁud axdnﬁzﬂ:c;dﬁ‘gr;ﬂb;m'eeat]921-;0073; ﬁlter}
oun aths between and 2007 in appened? country is Thai — filter deaths >
. “'fi.n‘:et ‘When was the Lauda Air Flight 004 accident? j g\[n lh [ find Lauda Air Flight 004 accident — get date J
Temporal comparison [ “] { e X
Counting over time time | | D e i oo e e (D [%ﬁ‘;iiﬁi“;ﬁ;ﬂ‘f dmd;i?'aiffd}
. . ompare can ines Fli accident? compare dates
Multi-hop reasoning =

Event Did the aviation accident in 1996 resulted in 125
H deaths had a higher number of injured people than the
Event Orderlng Compare aviation accident in 1991 resulted in 223 deaths?
Cross_tlme reasonlng Event  Did the aviation accident in 1991 where Wien-
I I . . d . . Attribute Schwechat Airport was the f'les:inatmn point happened
mplicit event descriptions . in Thiland? )

Figure 1: Example types of temporal reasoning in questions (left) with the required inference
steps (right) and timeline-based visualization (above).

d aviation accidents in 1996 — filter deaths = 125 —
et #injured people — find aviation accidents in 1991 —
filter deaths = 223 — get #injured people — compare
#njured people

\
=
o

is Wien-Schwechat Airport — get country — is country

find aviation accidents in 1991 — filter destination pownt
Thailand

Gruber, Raphael, et al. "ComplexTempQA: A 100m Dataset for Complex Temporal Question Answering." Proceedings of the 2025 Conference on Empirical Methods in Natural Language Processing. 2025.
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ComplexTempQA: A Large-scale Benchmark for Complex
Temporal Question Answering

RO i

\ ) [ Wikipedia
page views

SPARQL Template

..| Selected Entites by

Cuuentin Tarantino,

Penske Automotive| +
Group, Unnamed Event/Entity
Perlan,

Creation

—| Wikipedia page views

> Hop Properties

L4 Attribute and comparison questions

Lauda Air Flight 004

accident, Events from Wikipedia
Fall of the Berlin Wall, year pages
UEFA Euro 1988,

— Wikidata item  —

Entity/Event list

rl'.irthqucs,
terrorist attack,
President of the United States,

Counting questions

Question Template

-r Rating,

Event/Answer Question
Entity/Answer Creation

pairs . "

—»  Post-processing

WIKIDATA

—>»  Final Questions

When was the fall of the Berlin Wall? -> 1989-11-09
How often did a terrorist attack with more than 18 injured
people in Croatia in 1995 happen? -> 1

Gruber, Raphael, et al. "ComplexTempQA: A 100m Dataset for Complex Temporal Question Answering." Proceedings of the 2025 Conference on Empirical Methods in Natural Language Processing. 2025.
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ComplexTempQA: A Large-scale Benchmark for Complex
Temporal Question Answering

Method Parameters Precision Recall | Fl T i i T Method Parameters | Context Precision  Recall [ FT |
Zephyr 7B 3.76 33.50 | 4.90 [ No Context 3.67 3393 | 6.09
Falcon 7B 031 3422 | 0.62 Liama.chat B 3 s st | mes i Llama-chat | 7B Retriever il B
Llama-chat 7B 7B 3.68 3394 | 6.09 3 36 08| un RS il S SR il ks
¥ 0 3.605 32.76 6.05 0 Context X . A
Mistral 7B 373 48.34 | 633 Liama-chat 138 F ool (e l Llama-chat 138 Retriever 350 34.22 | 584
LLama-chat 13B 13B 3.61 32.77 | 6.05 3 wa seus | o True Context 3.75 37.09 | 6.28
Vicuna 33B 2.02 37.27 | 3.63 TR No Context 519 39.30 | 8.31
Mixtral 8x7B 334 4041 | 5.65 Llua-char LR r I i Llama-chat 708 Retriever 527 3616 | 812
LLama-chat 70B 70B 5.19 39.30 | 8.31 3 3 des7 | 38dd True Context | 582 3859 | .82
. o 373 4833 | 6.325 No Context 373 48.33 | 6.32
Wizardlm 70b 1.63 27.63 | 2.80 y 35.33 !
Mo o i SLaE |5 Miswalinset 7B ) 20 3| BT Mistral-Instruct | 7B Retriever 386 3332 | 631
-3. = X s 3 3528 3791 | 3568 True Context 513 3526 | 8.08
_ HECotb vl I No Context 334 4041 | 565
Mixtral 878 2 1427 4189 | 1644 Mixtral ExTB Retriever 4.23 3593 | 6.62
Zero-shot performance 3 se se| ow True Context | 365 38.02 | 558

Few-shot performance
RAG performance

Attribute-type Comparison-type Counting-type
Method Parameters Precision  Recall F1 Con | Precision  Recall Fl Con | Precision  Recall | FI Con
Llama-chat 7B 6.55 60.70 | 9.52 58.05 | 883 . 10.50 | 0.66 |80.24
Llama-chat 13B 6.17 61.26 | 10.67 8.75 0.30 | 86.13
Llama-chat 70B 8.21 65.85 | 13.711 11.25 0.84 | 4899
Mistral-Instruct B 5.87 54.00 | 9.96 57.79 |12.73 1.31 [87.45
Mixtral 8*TB 4.04 75.80 | 7.21 5.18 63.50 | 8.86 1.17 | 90.10
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ChroniclingAmericaQA: A Large-scale Question Answering
Dataset based on Historical American Newspaper Pages

Goal

JuuedU2Tt is ivliorted bore that Mr.\nBailour, chief

. . o ey . ~ = v G thm: Wikiam u.m -..hrnu-u Elulmr'hW-:m hhm ‘vewzmplu-d 'o\P«:,s:ds:‘I\rfmmL_'::
S : ‘
Extend historical QA to digitized newspapers with T : S e S et s || £, g N for it messognf codienceor e
@bt int]uﬂu g’taf S {iing tween Frasce 4bd ‘erkiess a8 | | tlie good relations\now i xisilug between France alid
% O ey mar\ncontinue\n Balfsar tay? He u ill Hrtlen\n Ui biin.

OCR errors.

Key Contributions

secretary lor Ir.iand. Intends to rtfe\nsign the secretary ship.
Mi. Kallour, however, in\ndignantly denies the truth of this
rejiorl\n from Wall Mreet To-day.\n New VoKk, June ? Jo, 11
a.in?l ie- stK-k markec\nshow is! a moderate d' of
animation at tho\no|k ning, which, however, soon disap|?-ari'd
and\ndulluess bei aive again a featur- of tlie trading.\n The
TImproved tone of last evening had completely\ndisappeared
also, the list being weak ihmugiioui, \nand hrst prices were from
tc * [2'r c2*nt below\nyesterday s Liual quolations. \\

H H Jovertays Gual qeitelin A lempest &% || tem(Hirary ad\nvance extending to irom to , 2a- madi in
® 487K question—answer pairs e e s s e | e Y eres Do s o, o s Sy
e N B isctaus) ssowing the tamsvt | | ond losses from v o ~ were isHaOllsnnd in\nthe general list,
Bhctuatich, bu? ok Joiana was U prcial Bat- || New 1 nglatiJ showing the UiymK\nfluctuant IT. but ltock
[ ] 1800_19 20 1 2 O ears L anpplng | gt‘-_&_l_‘-:__a-'-—-- Tslond was tie s(?vial b al\nturc dropping I, pi rc*"nt, Atiotlier
y P R -pe signi recov\nery was followed by the most intense ilnlite-
e s b o opetig™? || s3\nand the Hubsitivenl dealings were entirely devoid\nof
) Newspapers from 53 U.S. states P o feature, the market ot 11 o'clock fr-iug verjr\ndull onl steady
. Frincrion Commencmeat. at fractions below the olx uing.\n The Priarrioa | onwesirneit.\n

p p e 1 e oKArariold EXkKeisks fo-datn

[ ] (b) ©

Supports:
° OCR text
° Corrected OCR text
° Newspaper images
® Evaluates QA under noisy OCR conditions

truth of this report. From Wall Street To-day. New York, June 10, 11 a.m.? The stock market showed a moderate
dearee of animation at the opening, which, however, soon disappeared and dullness became aqain a feature of the
trading. The improved fone of last evening had completely disappeared also, the list being weak throughout, and
first prices were from 110 2 percent below yesterday's final quotations. A temporary advance extending to from 1
to 1} was made in the first few minutes, but the decline was quickly resumed and losses from § to 13 were
established in the general list, New Enqland showing the largest fluctuation, but Rock Island was the special
feature, dropping 13 percent. Another slight recovery was followed by the most intense dullness, and the
subsequent dealings were entirely devoid of feature, the market at 11 o'clock being very dull and steady at
fractions below the opening. The Graduation Exercises. 6RADUATION EXERCISES TO-DAY.

@ ©@
Figure 1: An example of the scanned newspaper page from Chronicling America Collection. a) depicts the
entire newspaper page published in Evening Star on 1803-02-07 in the District of Columbia, b) depicts the
zoomed-in paragraph of the newspaper page shown in (a), c) shows the original OCR text of the zoomed-in
paragraph that is available in the Chronicling America, and d) displays the OCR text corrected by GPT 3.5
Turbo.

B. Piryani, J. Mozafari, A. Jatowt. 2024. ChroniclingAmericaQA: A Large-scale Question Answering Dataset based on Historical American Newspaper Pages. In SIGIR '24. https://doi.org/10.1145/3626772.3657891
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RecencyQA: Estimating Recency Requirements in
Question Answering

Mf)tl.vatlon 5 Recency Class Expected Time Until Answer Change
Existing temporal QA datasets ask: Is the answer current: T e E——
But they do not ask: How often does the answer change? A-Few-Hours Within a few hours
A-Day Within a day
. . A-Few-Days Within a few days
Key Contributions A-Week Within a week
° . A-Few-Weeks Within a few weeks
Rece.ncyQA, first benchmark to model recency » Moth e Fapalilicy
requi rements A-Few-Months Within a few months
° - : : A-Year Within a year
Introduces Recen(':y Statlgnarlty Taxonomy pysn e e )
®* 4,031 open-domain questions Many-Years After many years
®*  Context-aware temporal evaluation Never Nikespacted-toichange
° Supports recency-aware QA and retrieval Table 2: The proposed Recency Taxonomy consists of 12 classes,

ordered from highly volatile (top) to temporally stable (bottom). Each

Questions differ not onIy in whether their answers change but class reflects the expected time until a question’s answer first changes.
4

also in how frequently they change and whether that behavior
depends on context.

B. Piryani, Z. Mert, and A. Jatowt (2026). How often do Answers Change? Estimating Recency Requirements in Question Answering. arXiv preprint arXiv:2603.16544.
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RecencyQA: Estimating Recency Requirements
Question Answering

Question Majority Re- Stationarity Representative Context

cency

Who has the most liked post on Insta-  A-Day Non-Stationary “As the Instagram Awards ceremony is about to

gram? announce the winner of the most liked post of the
year...”

Who is the starting running back for the ~ A-Week Non-Stationary “With training camp wrapping up, the team’s final

San Francisco -l‘)cra'?‘ roster cuts are imminent...”

Who is the richest man on earth? A-Few-Months  Non-Stationary “As the annual Forbes billionaire list is about to
be released...”

What was the shortest war in history? Never Stationary “During a trivia night at a local pub, a group of
friends wondered about the shortest war in his-
tory.”

Where is the deepest place on Earth? Never Stationary “During a geography lecture, a student asks about
the deepest place on Earth.”

What is Geoff Hintons h-index? A-Year Non-Stationary “During a panel discussion on the impact of deep

learning at a major tech conference...”

Table 8: Representative examples from RecencyQA illustrating diverse recency and stationarity behaviors.

Question RL4 RL>
Who has the most liked post on Instagram? A-Few-Hours A-Day
Which country is currently at the top rank at the FIBA Men’s World Ranking? A-Few-Months  A-Few-Years
How many asteroids have been discovered before impacting Earth? A-Day A-Few-Years
What was the shortest war in history? Many-Years Never
The town that Sigmund Freud was born in is currently called by what name? Many-Years Never

Table 9: Examples of recency label transitions induced by contextual variation.

B. Piryani, Z. Mert, and A. Jatowt (2026). How often do Answers Change? Estimating Recency Requirements in Question Answering. arXiv preprint arXiv:2603.16544.
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MenatQA: A New Dataset for Testing the Temporal Comprehension
and Reasoning Abilities of Large Language Models

Motivation
P . . . Context: [1] Twitter was created by Jack Dorsey, Noah Glass,
Existing temporal QA benchmarks mainly evaluated fact retrieval or simple Biz Stone, and Evan Williams in Merch 2006 and launchod in
temporal reasoning_ July of that year. [2] On QOctober 16, 2008, Evan Williams be-
came the CEQ, and Dorsey became the chairman of the com-
pany. [3] Jack Dorsey rejoined Twitter in as Exe-
MenatQA evaluates three complementary temporal reasoning abilities: cutive Chief of Product Development. [4] In June 2020, Twitter
° S announced that Patrick Pichette would succeed Omid Korde-
co pe stani as chairman. [5] In , Jack Dorsey stepped
g Order down as CEQ and was replaced by Parag Agrawal, the chief

technology officer. [6] On October 27, 2022, business magnate
Elon Musk acquired Twitter for US$44 billion, gaining control of
the platform. [7] On May 12, 2023, Musk announced that he will
resign as CEQ of Twitter in approximately six weeks.

e Counterfactual reasoning

Key Contributions

®  First benchmark to jointly evaluate Scope, Order, and Counterfactual g”c‘;’;g’éjljﬁf,s"""e Factors Time QA

reasoning Who was the CEQ of Twitter from \May 2013 to 2020 ?
° 2 853 | . . Order Factor:

’ tempora reasoning queStlonS Shuffle the order of the sentences [1-7] in the context .

° H Counterfactual Factor:

InC‘IUdeS anS\th.erabIe and unanswerable queStlons Who was the CEQ of Twitter from March 2011 to July 2022 , if
® Built from Wikidata temporal knowledge Jack Dorsey stepped down as CEQ in November 2022 ?
®  Designed to evaluate temporal reasoning in LLMs Answer: Jack Dorsey

Figure 1: indicates the time specifiers of events in the context. Scope

Factor refers to the time specifiers would be different between the question and
the given context. Order Factor is where the complete events in the context are
shuffled in chronological order. Counterfactual Factor is a question with
hypothetical propositions.

MenatQA: A New Dataset for Testing the Temporal Comprehension and Reasoning Abilities of Large Language Models (https://aclanthology.org/2023.findings-emnlp.100/) (Wei et
al., Findings 2023)

Temporal Information Retrieval and Extraction: From
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TRAM: Benchmarking Temporal Reasoning for Large
Language Models

Q: Tt is also a love story . between Ace and Tobio, a trans
Frequency

Key Contributions (Commonsense) woman. How often do they break up?

A Once « B. Always X C. Once per week X
° .
Comprehenswe benchmark for Ambiguity Q: A historic event is documented to have happened ‘before
temporal reasoning Resolution you know it”. When did it take place?

(Interpretation) A The next day X B. Without hesitation X C. Before long «

Q: She noticed that all the wall clocks in the store were set to

® 10 tasks spanning multiple reasoning

abilities I‘empol["a% ten past ten. What’s the more plausible CAUSE?
° 38 subtasks /?(E;Sliel)t) A. Itisacommon .display setting for clocks and watches. +
B. B. It was ten minutes past ten at that moment. X
° 526K+ mUltiple-ChOice questiOnS Q: I woke up so late this morning. I was panicked when I saw
° Y what time 1t was. I had to be at work on time. I threw myself
Evaluates both traditional models and Temporal together quickly. Which of the two endings is the most »
LLMs Storytelling plausible correct ending to the story?

A. Twas able to get a job at a local restaurant. X
B. I was still thirty minutes late. +

Arithmetic Q: What is 00:18 - 23:50?
(24-hour Adjustment) A 0:28+ B.1:44 X (C.22:15X D.1:35 X

TRAM extends evaluation beyond temporal QA to a
broad range of temporal reasoning skills. Figure 1: Example questions in TRAM.

Yuging Wang and Yun Zhao. 2024. TRAM: Benchmarking Temporal Reasoning for Large Language Models. In Findings of the Association for Computational Linguistics: ACL 2024, pages 6389—
6415, Bangkok, Thailand. Association for Computational Linguistics.
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https://aclanthology.org/2024.findings-acl.382/

NTCIR Temporalia 1/2

Temporal Query Intent
Classification (TQIC)

Temporal Information
Retrieval (TIR)

Temporally Diversified
Retrieval (TDR)

Query class

Query example

Girl with the Dragon Tattoo

Junk food health effect

Past price hike in bangladesh 2008 Description I've recently watched a film called Description I am concerned about the health
Past Who W;m Mar!..iu l:.ull.n:r Girl with Lilc Dragon Tattoo, and effects of junk food in general. I
£ aan wm.l X :hd 'J.l - “‘muw P really liked it. Therefore, 1 v’n)uld need to know more about their in-
Past Yl'll'l (mganfl Cause of Death o S i gredients, impact on health, his-
Past History of Coca-Cola like to gather information about S . .
3 : tory, current scientific discoveries
Recency apple stock price the movie.

Number of Millionaires in USA
time in london

Trendy Plus Size Clothing

Did the Pirates Win Today
2013 MLB Playoff Schedule

Past question

Recency question

How did the casting of the film de-
velop?

What did the recent reviews say
about the film?

Past question

Recency question

and any prognoses.

When did junk foods become pop-
ular?

What are the latest studies on the
effect of junk foods on our health?

Future release date for ios7 Future question Is there any plan about its sequel? Future question Will junk food continue to be pop-
Future College Bascball Regional Projections Atemporal question | What are the names of main actors ular in the future?
Future disney prices 2014 and actresses of the film? Atemporal question | How junk foods are defined?
Future long term weather forecast Search date 28 Feb 2013 GMT+0:00 Search date 29 May 2013 GMT-+0:00
Atemporal | blood pressure monitor
Atemporal | distance from carth to sun
Atemporal | how to start a conversation
Atemporal | New York Times
Atemporal | lose weight quickly
Query Past | Recency | Future | Atem.
Australian Open 0.091 0.0 0.455 | 0.455
motorcycle accident june | 0.7 0.0 0.3 0.0
NBA Finals 0.1 0.0 0.4 0.5
Tempo ral Intent NBA playoff schedule 0.0 0.2 0.6 0.2
. . . price of oil 0.0 0.9 0.0 0.1
Disambiguation (TID) | 1w o tose weight 00 | 01 | 00 | 09
time in India 0.0 1.0 0.0 0.0
. : H : H hists f volleyball 1.0 0.0 0.0 0.0
https://ntcirtemporalia.github.io/ 1story of voTey
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TEMPO: A Realistic Multi-Domain Benchmark for Temporal
Reasoning-Intensive Retrieval

Query

1.7k complex temporal questions from Stack Exchange with reasoning  How accorate was the e periof OF SACUTB Db e the. P h Centan
L. . . . . There was a section on my textbook on history of theories of sun’s energy source.
Step s and p OSltlve/negatlve documents for reaSOﬂlng-]ntenS]ve It talks about how the Meteorite Theory was dismissed, as it would decrease the period of Earth’s orbit
. by 2 seconds per year due to increased mass of the Sun.
retrleval from 1 . 6m passages This theory W‘?lt dismissed due to disagreeing with observation. And the textbook says the change in
period is "easily measurable”
My question is how is 2 seconds difference easily measurable in Nineteenth Century?

Source Annotation & Retrieval TEMPO Dataset
s N Vo N Ere— Final Output
StackExchange Post Web Search & Selection Query Temporal 4 )
= 9 Annotation (GT-4o)|
> Wikipeda Blog Z= Intent & Signals o / Query
Reasoning Class 1730 Queries . % o s s
Question ( 2 3976 Steps Was sar’s proj sepa om stz o) ssid 2
Py i= Retrieval Plan & ‘as th-c Tsar 4’pr( perty separated from state property in Russian Empire in early 19th century
@ Wrehe 197 i =) \_Atticle Paper — @] (regarding land)?
used for 1994 - |
—_— ! [ Positive Documents @ Passage Temporal 1.6M# Documents I mean, were there Tsar’s serfs who were not state serfs?
Accepted Answer extract links. || © Baseline Evidence m"‘mm_‘o) (0*&D")
P [ o Evidence Time
= GPT-40 @ Synthesized Evidence £ Tense & Confidence @ % .
@ @(M&qme) —— — ("< Rich Temporal | Total Number | Avs. Length | Ave
Answer & Links » ey Negative Documents Negative Documents Annotations Datuset | Q o Dl Q T | Steps
bl Corre sy negative 3 © Topical, Non-Temporal @lﬂ Blockchain
"t . . query & Incomplete Timedine P r 3 3
eyt s | A z A . Bitcoin 100 153291 33| 2220 5969 | 203
) W'sm““‘ © Wrong Period m"'""“ " Cardanc 51 87,201 25 | 1611 6472 | 284
S e 806 lota 10 10372 38 | 148.6 10365 [ 320
£ 750 Monero 65 85093 26| 1718 7033 | 292
}-]
& Social Sciences
Pt
S Economics 83 93756 36| 2902 4959 | 3.08
O SrapcOnly; WS QuarysSten WD, (uacy AR B Law 35 43288 3.0 | 2585 5007 | 323
’E Politics 150 183394 27 | 3432 4763 | 335
a0 32 E History B01 356493 4.5 | 3742 6827 | 342
P 82 N am W
%” i ah 22 'RE i S ® O P P O Applied
&% ™ e;»q & F S Quant 34 IRIRS 24| 4225 4771 | 2.68
1 L2 Travel 100 177677 26 | 2645 3748 [ 301
8 10 Time Period Workplace 36 64,659 2.8 | 2918 3687 | 242
z Genealogy 115 156228 28 | 3596 6292 | 378
o
STEM
2% s & ~ CRP S SR
o '0\‘«“".‘ o o“d o o o ‘.‘t"“ & ° HSM | 150 213818 25| 3035 5636 | 325
Retrieval Model Ttal | 1730 1654058  -| - -1 -

A. Abdallah, M. Ali, M. Abdul-Mageed, A. Jatowt. TEMPO: A Realistic Multi-Domain Benchmark for Temporal Reasoning-Intensive Retrieval. arXiv preprint arXiv:2601.09523 (2026).
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RETECO: SemEval 2027 Task on Reasoning-oriented
Retrieval with Temporal & Conversational Context

SemEval-2027 - Shared Task

2 tracks - 5 subtasks

RE I E C O Official metric: nDCG@10
CodaBench - CC-BY-4.0
Reasoning-Oriented Retrieval with Temporal & Conversational Context

Passage retrieval where relevance requires reasoning — over time or over conversation history — not just topical overlap.

TRACK 2

TRACK 1
) Conversational Retrieval

O] Temporal Grounded Retrieval

Retrieve for the current turn while resolving anaphora, ellipsis and cross-turn

Retrieve passages that are topically relevant and temporally aligned with the
context, where relevance also needs multi-step reasoning.

required time periods (before / after, change over time).
e.g. “How did privacy regulation change before and after GDPR?” -> needs pre-, during-, e.g. T2: “Did the successful cases share common features?” - only interpretable given the

and post-GDPR evidence.

earlier turns.

Subtasks: 1a Temporal Retrieval - 1b Step-wise Retrieval Subtasks: 2a Retrieval - 2b Generation (gold) - 2c Full RAG

TEMPO pilot 3 2 0 RECOR pilot
1,730 queries - 13 domains - 1.65M docs ' e BT 707 conversations - 2,971 turns - 11 domains
best nDCG@10

I;'_'!Hidden test: ~350 temporal queries + ~200 conversation turns, built with the same validated pipelines as the pilots.

Timeline: sample data Jul 2026 - train / dev Sep 2026 - hidden eval Dec 2026.

;;‘Organizers: Abdelrahman Abdallah, Mohammed Ali (U. Innsbruck) - Muhammad Abdul-Mageed (UBC) - Kevin Duh (JHU) - Adam Jatowt (U. Innsbruck)

Join us at SemEval-2027 — two tracks, one public leaderboard.
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