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Temporal QA/IR Datasets  
Challenging temporal datasets
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Temporal QA Datasets
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Dataset #Q Source Method Answer Type Time Frame
Temp.
Meta

Multi-
Hop

NewsQA 119k News CS Freeform 2007–2015 ✗ ✗

TDDiscourse 6.1k News CS Extractive Unspecified ✗ ✗

TORQUE 21k News CS Abstractive – ✗ ✗

ArchivalQA 532k News AG Extractive 1987–2007 ✓ ✗

TimeQA 41.2k Wikipedia AG Extractive 1367–2018 ✗ ✗

TiQ 10k Wikipedia AG Freebase Unspecified ✗ ✗

TempQuestions 1.2k Freebase AG Extractive Unspecified ✗ ✓

TemporalQuestions 1k News CS Extractive 1987–2007 ✓ ✗

TempLAMA 50k News CS Extractive 2010–2020 ✓ ✗

ComplexTempQA 100.2M Wikipedia AG Extractive 1987–2023 ✓ ✓

MenatQA 2.8k Wikipedia AG Extractive 1367–2018 ✗ ✗

PAT-Question 6.1k Wikipedia CS Extractive – ✗ ✓

TempTabQA 11.4k Wiki Infobox CS Abstractive – ✗ ✗

SituatedQA 12.2k Wikipedia CS – ≤2021 ✗ ✗

UnSeenTimeQA 3.6k Synthetic AG Abstractive – ✗ ✓

ChroniclingAmericaQA 485k News AG Extractive 1800–1920 ✓ ✗

FRESHQA 600 Google CS – – ✗ ✓

COTEMPQA 4.7k Wikidata CS Abstractive ≤2023 ✗ ✓

Test of Time (ToT) 1.8k Synthetic AG Abstractive – ✗ ✓

TIMEDAIL 1.1k DailyDialog CS Multi-choice – ✗ ✗

TEMPO 1.7k StackExch. CS Abstractive ≤2025 ✓ ✓

Complex-TR 10.8k Wiki+Google AG Multi-answer ≤2023 ✗ ✓

StreamingQA 147k News CS Extractive 2007–2020 ✓ ✓

TRACIE 5.4k Wikipedia CS Abstractive ≤2020 ✗ ✗

ForecastQA 10.3k News CS Multi-choice 2015–2019 ✓ ✓

TEMPREASON 52.8k Wiki/Wikidata SC Abstractive 634–2023 ✗ ✗

TemporalAlignmentQA 20k Wikipedia AG Abstractive 2000–2023 ✗ ✗

ReaLTimeQA 5.1k Search CS Multi-choice 2020–2024 ✗ ✗

#Q = number of questions  ·  CS = Crowdsourced, AG = Automatically Generated, SC = Semi-automatic  · ✓ / ✗ = 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 

questions

- Who was the US president in 2010?

But many real questions contain implicit temporal 

references

- Which football club did Messi join after Paris 

Saint-Germain?

These require understanding the time implied by 

events/states rather than explicit dates.

79

Zhen Jia, 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

Dataset Overview

Size 10,000 questions

Focus Implicit temporal constraints

Sources Wikipedia, Wikidata & Infoboxes

Relations Before • After • During

Evidence Supporting evidence snippets
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TIQ: A Benchmark for Temporal Question 

Answering with Implicit Time Constraints

80

Zhen Jia, 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

Goal

Enable question answering over historical news 

archives instead of Wikipedia.

Key Contributions

• 532K question–answer pairs (both implicit 

and explicit)

• Covers 1987–2007

• Built from New York Times archive

• Four subsets based on difficulty and 

temporal expressions

• Automatic question generation with 

ambiguity filtering

81

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
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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 was the Senator of West Virginia? [John D. Rockefeller]

– (NG) How many points does Ashley McElhiney have? [5]

– (NG) What country is the current U.S. policy?  [Iran]

• Filtering setup:

– Dataset: 5,500 manually annotated questions

– Classifier: BERT-base with an accuracy of 81.82%
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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?
• 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

83

Piryani, Bhawna, et al. "Detecting temporal ambiguity in questions." Findings of the Association for Computational Linguistics: EMNLP 2024. 2024.

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).
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ComplexTempQA: A Large-scale Benchmark for Complex 

Temporal Question Answering
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Key idea

• 100m+ temporal question–answer pairs
• Built from Wikipedia + Wikidata
• Covers 1987–2023
• Each question has temporal metadata
• Designed for training and evaluating LLMs
• Focuses on complex temporal reasoning

Supports multiple reasoning skills

✔ Temporal comparison
✔ Counting over time
✔ Multi-hop reasoning
✔ Event ordering
✔ Cross-time reasoning
✔ Implicit event descriptions

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

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
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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
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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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ChroniclingAmericaQA: A Large-scale Question Answering 

Dataset based on Historical American Newspaper Pages

Goal

Extend historical QA to digitized newspapers with 

OCR errors.

Key Contributions

• 487K question–answer pairs

• 1800–1920 (120 years) 

• Newspapers from 53 U.S. states 

• Supports:

• OCR text

• Corrected OCR text

• Newspaper images

• Evaluates QA under noisy OCR conditions

89

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

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.
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RecencyQA: Estimating Recency Requirements in 

Question Answering

Motivation
Existing temporal QA datasets ask: Is the answer current?
But they do not ask: How often does the answer change?

Key Contributions
• RecencyQA, first benchmark to model recency 

requirements
• Introduces Recency–Stationarity Taxonomy
• 4,031 open-domain questions
• Context-aware temporal evaluation
• Supports recency-aware QA and retrieval

Questions differ not only in whether their answers change, but 
also in how frequently they change and whether that behavior 
depends on context.

90

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

Table 2: The proposed Recency Taxonomy consists of 12 classes,
ordered from highly volatile (top) to temporally stable (bottom). Each
class reflects the expected time until a question’s answer first changes.
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RecencyQA: Estimating Recency Requirements in 

Question Answering
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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
Existing temporal QA benchmarks mainly evaluated fact retrieval or simple 
temporal reasoning.

MenatQA evaluates three complementary temporal reasoning abilities:
• Scope 
• Order
• Counterfactual reasoning

Key Contributions
• First benchmark to jointly evaluate Scope, Order, and Counterfactual

reasoning
• 2,853 temporal reasoning questions
• Includes answerable and unanswerable questions
• Built from Wikidata temporal knowledge
• Designed to evaluate temporal reasoning in LLMs

92

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)

Figure 1: Yellow front 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.
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TRAM: Benchmarking Temporal Reasoning for Large 

Language Models

Key Contributions
• Comprehensive benchmark for 

temporal reasoning

• 10 tasks spanning multiple reasoning 

abilities

• 38 subtasks

• 526K+ multiple-choice questions

• Evaluates both traditional models and 

LLMs

93

TRAM extends evaluation beyond temporal QA to a 
broad range of temporal reasoning skills.

Yuqing 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.

https://aclanthology.org/2024.findings-acl.382/
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NTCIR Temporalia 1/2

95

https://ntcirtemporalia.github.io/

Temporal Query Intent 

Classification (TQIC)

Temporal Information 

Retrieval (TIR)

Temporally Diversified 

Retrieval (TDR)

Temporal Intent 

Disambiguation (TID)
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TEMPO: A Realistic Multi-Domain Benchmark for Temporal

Reasoning-Intensive Retrieval

96

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).

1.7k complex temporal questions from Stack Exchange with reasoning 
steps and positive/negative documents for reasoning-intensive 
retrieval from 1.6m passages
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RETECO: SemEval 2027 Task on Reasoning-oriented 

Retrieval with Temporal & Conversational Context
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