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Abstract001

We introduce Time Puzzles, a constraint-002
based date inference task for evaluating itera-003
tive temporal reasoning. Each puzzle combines004
factual temporal anchors with (cross-cultural)005
calendar relations, admits one or multiple valid006
solution dates, and is algorithmically generated007
for controlled, dynamic, and continual evalua-008

tion. Across 13 diverse LLMs, Time Puz-009
zles well distinguishes their iterative temporal010
reasoning capabilities and remains challenging011
without tools: GPT-5 reaches only 49.3% ac-012
curacy and all other models stay below 31%,013
despite the dataset’s simplicity. Web search014
consistently yields substantial gains and using015
code interpreter shows mixed effects, but all016
models perform much better when constraints017
are rewritten with explicit dates, revealing a gap018

in reliable tool use. Overall, Time Puzzles019
presents a simple, cost-effective diagnostic for020
tool-augmented iterative temporal reasoning.021

1 Introduction022

Time is a fundamental attribute of human societies,023

and temporal reasoning is a core component of hu-024

man intelligence. In practice, humans rarely reason025

about time in isolation or by rote memorization;026

instead, they routinely rely on external tools such027

as clocks, calendars, written records, and online028

resources to support temporal inference and verifi-029

cation. With the growing deployment of tool-using,030

agentic LLMs across consumer-facing, research,031

and industrial settings (OpenRouter.ai, 2025), it032

is both timely and important to evaluate iterative033

temporal reasoning in tool-augmented contexts.034

Despite extensive study, existing temporal rea-035

soning benchmarks remain mismatched with how036

temporal reasoning is performed in practice. Prior037

work largely evaluates temporal understanding in038

static, single-shot settings (Ning et al., 2020; Zhou039

et al., 2021, 2019; Qin et al., 2021). While recent040

benchmarks extend evaluation to LLMs and situ-041

❏ It is the same year as the last 
day that Hanns Blaschke was 
the mayor of Vienna.

❏ It is after the 5th of the month.
❏ It is the 2nd to last Sunday of 

the month. 
❏ It is the 6th month of the 

Chinese lunar calendar

Constraints Tool Use & Reasoning

Reasoning…
- Year is 1945. 

- 6th Chinese lunar month → July. 

Reasoning... 

- 2nd to last 
Sunday → July 22. 

- 22nd > 5th. ✅

🗓 1945-07-22

Solution

Figure 1: Time Puzzles: a simple date inference task
requiring iterative tool-aided temporal reasoning.

ated contexts (Tan et al., 2023; Chu et al., 2024; 042

Wang and Zhao, 2024; Wei et al., 2025; Chen et al., 043

2021), they still do not explicitly evaluate tool- 044

augmented, iterative temporal reasoning. 045

To address this gap, we propose Time Puz- 046

zles, a family of simple, puzzle-like constraint- 047

based date inference tasks designed to evaluate 048

precise, iterative temporal reasoning with tools. As 049

illustrated in Figure 1, each puzzle presents natural- 050

language temporal constraints that combine factual 051

temporal anchors with (cross-cultural) calendar- 052

based relations, and asks the model to infer the 053

date(s) that jointly satisfy all constraints. Solving a 054

puzzle requires iteratively proposing, refining, and 055

verifying candidate dates using external tools (e.g., 056

calendars or web search), emphasizing constraint- 057

based reasoning rather than rote memorization or 058

single-shot recall. This formulation reflects real- 059

world settings such as scheduling, planning, and 060

historical analysis, where systems must integrate 061

factual information with calendar structure to pro- 062

duce temporally consistent decisions. 063

Our main contributions are threefold: 064

1. We introduce Time Puzzles, a novel and 065

dynamic benchmark for evaluating iterative 066

temporal reasoning with tools. The bench- 067

mark is enabled by a controllable generation 068
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algorithm that supports continual evaluation069

beyond static test sets prone to memorization.070

2. We conduct a comprehensive evaluation071

across 13 diverse LLMs. Although tool ac-072

cess improves accuracy, substantial gaps re-073

main in producing fully consistent solutions,074

highlighting the need for more reliable tool075

use. We show that Time Puzzles serves076

as a practical diagnostic for progress in tool-077

augmented iterative temporal reasoning.078

3. For reproducibility, we release the code and079

datasets for generating challenging constraint-080

based time puzzles.1081

2 Time Puzzles082

This section defines the Time Puzzles task and083

describes its algorithmic generation process.084

2.1 Task Formulation085

Let D denote the set of all possible Gregorian dates,086

and let C map a natural language fact t to the set087

of dates for which t holds, i.e., C(t) ⊆ D. As088

illustrated in Figure 1, each puzzle consists of N089

natural language facts F = {t1, t2, . . . , tN}, with090

an answer set A that satisfies all constraints jointly:091

A =

N⋂
i=1

C(ti) (1)092

We restrict our study to puzzles with non-empty093

answer sets (|A| ≥ 1) to focus on LLMs’ ability to094

identify valid solution dates via iterative temporal095

reasoning, and cap |A| at 6 for exploration.096

2.2 Data Generation097

Algorithm We generate Time Puzzles in-098

stances using the dynamic procedure in Algo-099

rithm 1. The algorithm takes as input a set of100

pre-configured temporal fact templates and a tar-101

get solution size M , and returns a puzzle instance102

(F,A) with |A| = M .103

Generation proceeds as a randomized search-104

and-find process. We first anchor the puzzle with105

a real-world event description tkb (often requiring106

web search) and sample a seed date dseed that is107

temporally consistent with tkb. We then randomly108

sample 3-5 more temporal constraints (e.g., calen-109

dar relations) until a solver yields an answer set of110

size M . To improve data generation efficiency, the111

1Will be released upon acceptance, for anonymity.

Algorithm 1: TimePuzzles Data Generation Process
Input: Target facts N , Target solution size M ,

Universal Date Set D
Output: A puzzle instance (F,A)

1 while True do
// Step 1: Randomly pick a seed date

2 tkb ← SelectRandomKnowledgeBasedEvent();
3 dseed ← RandomDate(C(tkb));

// Step 2: Generate Facts
// See Appendix A.2 for detail

4 F ← GENERATEFACT(tkb, dseed, N,D);
// Step 3: Solve and Validate
// See Appendix A.2 for detail

5 A ← SOLVEPUZZLE(F,D);
// Step 4: Output condition

6 if |A| == M then
7 return (F,A);
8 end
9 end

solver prunes the search space using an entropy- 112

based approach (see Appendix A.2 for details). For 113

our datasets detailed below, it takes around 2 sec- 114

onds to generate each puzzle in a single core CPU. 115

Temporal Facts To ensure diversity and realism, 116

we create a diverse taxonomy of temporal facts (Ta- 117

ble 2 in Appendix A.2) that supports constraints at 118

three granularities: year, month, and day. Our facts 119

span lesser-known historical events, well-known 120

anchors, and calendar relations (e.g., day-of-week 121

and non-Gregorian calendars), among others. 122

Because Time Puzzles is designed to probe 123

tool-augmented iterative reasoning, we append to 124

each puzzle a randomly sampled, trivial historical 125

event from a curated list of 50 that potentially re- 126

quire web search. All events occur no later than 127

2023 and are easily searchable, as manually ver- 128

ified during curation (Appendix A.1). We leave 129

harder-to-find facts for future stress-testing. 130

Resulting Datasets We construct two conceptu- 131

ally equivalent datasets for controlled evaluation. 132

The default dataset uses implicit constraints (e.g., 133

an event) to target tool-augmented iterative tem- 134

poral reasoning. The paired dataset rewrites each 135

implicit constraint by spelling out its relevant dates 136

explicitly, isolating pure iterative temporal reason- 137

ing. Each dataset contains 600 puzzles, with solu- 138

tion set sizes evenly distributed from 1 to 6. 139

3 Experiments 140

This section first outlines the overall experimental 141

setup and then reports results on Time Puzzles 142

under both tool-free and tool-augmented settings. 143
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Figure 2: Average exact match accuracy across solution counts, with and without web search (only on solution
counts 1, 3, 5). GPT-4.1/5 run live web search; for open-weight models we re-use the same cited GPT web results.

3.1 Experimental Setup144

Models We evaluate 13 diverse LLMs from four145

model families (Table 1) released in 2025. These146

include four proprietary GPT models (GPT-5 and147

GPT-4.1 series) (OpenAI, 2025b) and nine open-148

weight models: GPT-oss-20B (OpenAI et al., 2025)149

plus instruction/reasoning variants from DeepSeek-150

V3.2 (DeepSeek-AI et al., 2025), Qwen3 (Yang151

et al., 2025), and Ministral-3-8B (Mistral AI, 2025).152

See Table 4 in Appendix C for further details.153

Prompting All models are prompted using zero-154

shot chain-of-thought (CoT) prompting (Kojima155

et al., 2022) to encourage step-by-step reasoning.156

The prompt template is provided in Appendix E.157

Metrics Given our emphasis on precise iterative158

reasoning, we primarily evaluate performance us-159

ing exact match (EM) between the predicted and160

gold sets. We also consider F1 score and Jaccard161

index, which are highly correlated with EM (Spear-162

man’s r = 0.92) and differ from EM slightly (see163

Appendix B.2). We additionally report output to-164

ken counts as a proxy for reasoning efficiency.165

3.2 No Tool Use166

Table 1 shows the aggregated tool-less results using167

both the implicit (default) and explicit constraints.168

Despite its low construction cost, Time Puzzles is169

challenging for tool-less LLMs. Our dataset is a170

proof of concept built entirely from easy-to-search171

factual knowledge that predates each model’s train-172

ing cutoff or release date. Yet even GPT-5 achieves173

only 49.3% EM on the dataset, with all other mod-174

els below 31% EM. Providing explicit dates in-175

stead of implicit factual constraints improves per-176

formance, but a clear reasoning gap remains: GPT-177

5 reaches the best EM at 80.7% and it takes 685B178

parameters for DeepSeek V3.2-R to get only 77.0%179

EM. Moreover, model performance tends to de-180

crease as the number of solutions grow (Figure 2).181

Exact Match (%) Output Tokens

Implicit Explicit Implicit Explicit

GPT-5 49.3 80.7 (+31.4) 4382.4 3416.9 (-965.5)
GPT-5-nano 14.0 57.2 (+43.2) 5271.0 4903.9 (-367.1)

GPT-4.1 30.0 58.8 (+28.8) 671.6 593.0 (-78.6)
GPT-4.1-nano 8.2 40.0 (+31.8) 1116.9 1023.6 (-93.3)

GPT-oss-20B 10.2 43.8 (+33.6) 5601.0 4965.2 (-635.8)

DeepSeek-V3.2 27.0 68.5 (+41.5) 785.4 704.6 (-80.8)
DeepSeek-V3.2-R 33.3 77.0 (+43.7) 8276.5 5821.8 (-2454.7)

Qwen3-4B-Inst 2.7 21.2 (+18.5) 2621.0 2563.5 (-57.5)
Qwen3-4B-Think 5.5 38.7 (+33.2) 9529.9 10037.3 (+507.4)
Qwen3-8B 10.0 42.7 (+32.7) 7603.6 7161.4 (-442.2)
Qwen3-14B 11.3 46.5 (+35.2) 4879.9 4782.3 (-97.6)

Ministral-3-8B-Inst 3.7 12.3 (+8.6) 1801.0 1650.5 (-150.5)
Ministral-3-8B-R 3.8 18.7 (+14.9) 2117.6 1749.4 (-368.2)

Table 1: Exact-match accuracy and average output to-
kens, averaged over six solution counts, for implicit
(default) and explicit constraints in the tool-less setting.

Time Puzzles effectively distinguishes nuanced 182

iterative temporal reasoning capabilities. In 183

terms of EM, larger models consistently outper- 184

form their smaller counterparts (e.g., GPT-X vs. 185

GPT-X-nano; Qwen3 variants), and reasoning mod- 186

els uniformly surpass instruction-tuned ones (e.g., 187

DeepSeek/Ministral pairs). However, scale alone 188

is insufficient: despite its smaller size, Qwen3-4B- 189

Think substantially outperforms Ministral-3-8B-R, 190

and GPT-oss-20B similarly surpasses both while 191

using only 3.6B active parameters. 192

Success on Time Puzzles hinges on sustained, 193

structured temporal reasoning rather than ex- 194

haustive generation. For example, GPT-5 out- 195

performs all other reasoning models under both 196

implicit and explicit constraints while produc- 197

ing shorter outputs (except the low-performing 198

Ministral-3-8B-R). Similarly, larger Qwen3 models 199

perform better with much fewer output tokens. 200

3.3 Web Search 201

Setup We investigate if web search can close the 202

performance gap between the implicit and explicit 203

constraints. We consider six LLMs: GPT-5, GPT- 204
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Figure 3: Exact-match accuracy (left) and output tokens
(right) for GPT-5 (top) and GPT-4.1 (bottom) under dif-
ferent conditions for single-solution puzzles. Numbers
annotated on bars are mean values, beside error bars.
+Web enables web search. +CI enables Code Interpreter.

4.1, GPT-oss-20B, DeepSeek-V3.2-R, Qwen3-14B,205

and Ministral-3-8B-R. We run GPT-5 and GPT-4.1206

with live web search to represent two paradigms:207

static, one-off retrieval (GPT-4.1) and agentic, iter-208

ative retrieval (GPT-5). We then re-use the search209

results used in the responses of these two models210

as fixed context for the open-weight LLMs. For211

cost reasons, we only run web search on a subset212

of our dataset with solution counts 1, 3, and 5.213

Results Figure 2 shows that web search consis-214

tently improves performance across different solu-215

tion counts, but does not close the performance gap216

between implicit and explicit constraints. More-217

over, the marginal gains decrease as the solution218

count increases. Notably, GPT-5-style web search219

yields larger improvements than GPT-4.1-style web220

search, suggesting that iterative temporal reasoning221

benefits more from agentic, repeated retrieval than222

from a single retrieval pass.223

Overall, these results indicate that even with ac-224

cess to web search, state-of-the-art LLMs still strug-225

gle to reliably retrieve and, more importantly, inte-226

grate evidence to solve iterative temporal reasoning227

problems and fully resolve temporal constraints.228

3.4 Code Interpreter229

Setup We evaluate whether enabling Code In-230

terpreter (+CI) improves performance and/or rea-231

soning efficiency under the previously discussed232

conditions. For cost reasons, we test only GPT-5233

and GPT-4.1 on single-solution puzzles, represent-234

ing static and agentic uses of +CI, respectively.235

Results Figure 3 shows that enabling Code In-236

terpreter (+CI) degrades GPT-5 performance on237

implicit constraints, both with and without web 238

search, whereas GPT-4.1 benefits from +CI, partic- 239

ularly when combined with web search. In contrast, 240

performance on explicit constraints remains largely 241

unchanged for both models. Moreover, +CI con- 242

sistently reduces GPT-5 output length, but does 243

not yield similar verbosity reductions for GPT-4.1. 244

Overall, +CI is not a reliable substitute for resolv- 245

ing implicit temporal constraints, though it can 246

improve reasoning efficiency and complement web 247

search for capable non-reasoning models. 248

4 Related Work 249

Temporal reasoning has long been studied in NLP, 250

including event ordering, implicit event inference, 251

and temporal commonsense reasoning (Ning et al., 252

2020; Zhou et al., 2021, 2019; Qin et al., 2021). 253

More recent work focuses on diagnosing temporal 254

reasoning in LLMs through broader benchmarks 255

and systematic analyses across diverse task formats 256

(Tan et al., 2023; Chu et al., 2024; Wang and Zhao, 257

2024; Wei et al., 2025), as well as targeted probes 258

of specific temporal phenomena and synthetic con- 259

structions (Islakoglu and Kalo, 2025; Wei et al., 260

2023; Fatemi et al., 2025; Bhatia et al., 2025). 261

A complementary line of work studies temporal 262

reasoning in situated and dynamic contexts (Chen 263

et al., 2021; Zhang and Choi, 2021; Kasai et al., 264

2023). Other studies explore more agentic set- 265

tings that incorporate memory, external computa- 266

tion, or multimodal inputs (Ge et al., 2025; Saxena 267

et al., 2025). Overall, existing benchmarks largely 268

evaluate temporal reasoning in static or retrieval- 269

oriented settings. In contrast, Time Puzzles 270

focus on constraint-based date inference that ben- 271

efits from explicit tool use and requires iterative 272

reasoning, providing a complementary evaluation 273

of tool-augmented, agentic temporal reasoning. 274

5 Conclusion 275

We propose Time Puzzles, a constraint-based 276

date inference task that targets iterative, tool- 277

augmented temporal reasoning. Although puzzles 278

are synthetically generated and easy to verify, they 279

expose persistent failures of current instruction- 280

and reasoning-tuned LLMs to reliably resolve im- 281

plicit temporal constraints, even with tool access. 282

Overall, Time Puzzles offers a simple, cost- 283

effective diagnostic for tool-augmented iterative 284

temporal reasoning and can be systematically ex- 285

tended to support more challenging evaluations. 286
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Limitations287

Synthetic Dataset Construction Time Puz-288

zles is enabled by a controllable generation algo-289

rithm, but the resulting constraints are not guaran-290

teed to match real-world temporal reasoning in full291

complexity. In particular, the naturalness of the292

constraints can vary, and template-based composi-293

tion may miss ambiguity, conflicting evidence, or294

underspecified conditions that arise in practice.295

Tool and Model Scope Our experiments do not296

exhaust the space of models, tools, or agentic work-297

flows. We evaluate off-the-shelf LLMs and off-298

the-shelf tools, and we do not attempt to build so-299

phisticated tool-use policies to solve Time Puzzles,300

given the scope of the study. As a result, our results301

should be interpreted as a diagnostic of current out-302

of-the-box capabilities rather than an upper bound.303

Solution-Less Puzzles We restrict evaluation to304

puzzles with at least one valid solution in order to305

focus on LLMs’ ability to identify correct dates306

via iterative temporal reasoning. Although our gen-307

eration algorithm can produce puzzles with zero308

solutions, such instances often contain trivial self-309

contradictions (e.g., incompatible year, month, or310

day constraints) that require little reasoning and311

are easily solved by smaller models. Designing312

non-trivial solution-less puzzles that demand sub-313

stantive iterative reasoning is left to future work.314

Ethical Considerations315

Data and privacy. We do not collect human sub-316

jects data. Time Puzzles instances are synthetically317

generated, and our factual anchors are based on318

public historical information, with no personally319

identifiable information.320
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A Data Generation490

A.1 Factual Anchor Collection491

Collection Procedure We manually curate 50492

easy-to-search factual instances based on TEM-493

PREASON (Tan et al., 2023), a time-sensitive ques-494

tion answering dataset designed to evaluate tem-495

poral reasoning over time–event and event–event496

relations. Our collection procedure is as follows:497

• We randomly sample 400 questions involv-498

ing time–event and event–event relations from499

TEMPREASON. Each instance consists of a500

factual question (e.g., “Which position did501

Siim Kallas hold in September 1999?”) and502

its corresponding answer (e.g., “Minister of503

Finance”).504

• We prompt gpt-oss-20b to answer the sam-505

pled questions and find that it could barely506

answer these questions.507

• For each retained instance, we reframe the508

question–answer pair into a declarative state-509

ment describing an event, with the temporal510

information removed. We then use web search511

to recover the corresponding time point or512

time range during which the event occurred.513

When necessary, we further reframe the in-514

stance to query a closely related event with an515

unambiguous temporal answer. We stop once516

50 valid instances are collected. All tempo-517

ral answers are obtained from top-ranked518

Google search results and manually veri-519

fied by the authors.520

• We use browser-based ChatGPT-5.2-Auto and521

Gemini 3 Pro with web search enabled to inde-522

pendently fact-check the complete fact table523

(provided via screenshots). Minor typograph-524

ical errors are corrected, and one ambiguous525

instance is replaced. After revision, both mod-526

els identify no remaining issues.527

Fact-Checking Prompt Instruction See below.528

529
You are given a table containing 50530
historical events. For each event, perform a531
web search to verify whether the provided532
time information is accurate.533

534
Column meanings:535

536
- start: The year (or date) when the event537
first began.538

539

- end: The year (or date) when the event 540
ended. 541

542
- multi_year_spans: The range of years 543
during which the event took place. 544

545
Task instructions: 546

547
- Verify whether the provided time 548
information for each event is correct or 549
incorrect based on reliable sources. 550

551
- The time may be given at different levels 552
of precision (e.g., year-only vs. full date). 553

554
555

- Judge correctness only at the precision 556
provided. 557

558
- Do not mark a time as incorrect solely 559
because it omits a more specific month or 560
day. 561

562
Output requirements (one entry per event): 563
For each event, report: 564

565
- The row index 566

567
- The event name 568

569
- Whether the provided time is correct or 570
incorrect 571

572
- A brief explanation supporting your 573
judgment 574575

Including Well-Known Facts To balance the 576

corpus, we additionally include 20 widely known 577

factual instances. These cover the presidencies 578

of recent U.S. presidents (since 1945) and the 579

lifespans of well-known public figures (e.g., Kobe 580

Bryant, Albert Einstein). 581

A.2 Algorithm Implementation Details 582

As mentioned in Section 2.2, we generate each puz- 583

zle by sampling a hidden seed date and selecting 584

N natural-language constraints whose conjunction 585

yields a user-defined number of solutions. To en- 586

sure diversity and computational efficiency, our 587

pipeline utilizes a comprehensive taxonomy of tem- 588

poral facts and sorts constraints by Information 589

Gain (IG) during verification. 590

Fact Taxonomy and Constraint Levels To en- 591

sure diversity, we define a set of fact categories 592

K. Each category represents a specific type 593

of temporal knowledge (e.g., calendar structure, 594

historical events, astronomical cycles). Further- 595

more, we assign a Constraint Level L(t) ∈ 596

{YEAR, MONTH, DAY} to each fact type, indicat- 597

ing the granularity of the information provided. 598
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Table 2 summarizes the fact categories used in599

Time Puzzles.600

Entropy and Information Gain To generate ef-601

ficient solvers and measure the utility of each clue,602

we define the IG for a fact t. Let the entropy of603

the date space given a set of constraints be the604

logarithm of the size of the valid date set. The in-605

formation gain of a fact t is the reduction in entropy606

it provides:607

IG(t) = log2(|D|)− log2(|C(t)|) (2)608

Facts with higher IG narrow the search space609

more aggressively. For example, an exact date has610

maximal IG, whereas “It is a Monday” has low IG.611

Algorithm Details We provide the specific proce-612

dural logic for generating diverse fact sets and solv-613

ing the puzzles, as referenced in the main method-614

ology. The fact generation process, detailed in Al-615

gorithm 2, ensures diversity by selecting facts from616

different categories and balanced constraint levels.617

The solution verification process, detailed in Al-618

gorithm 3, optimizes performance by first filtering619

with facts with high IG.620

Algorithm 2: GENERATEFACT Procedure
Input: Anchor tkb, Seed dseed, Count N , Universal

Date Set D
Output: Set of facts F

1 F ← {tkb};
2 UsedCats← {Cat(tkb)};
// Iteratively generate N-1 distinct facts

3 for i← 1 to N − 1 do
// Ensure balanced levels

4 TargetLevel← DetermineLevel(i,N);
5 CandidateCats← {k ∈ K | k /∈

UsedCats, Level(k) == TargetLevel};
6 knew ← RandomSelect(CandidateCats);
7 tnew ← InstantiateFact(knew, dseed);
8 F ← F ∪ {tnew};
9 UsedCats← UsedCats ∪ {knew};

10 end
11 return F ;

Algorithm 3: SOLVEPUZZLE Procedure
Input: Set of facts F , Universal Date Set D
Output: Solution set A
// Sort facts to optimize intersection

1 Compute IG(t) for all t ∈ F ;
2 Fsorted ← SortDescending(F, key = IG);
3 A ← D;
4 for t ∈ Fsorted do
5 A ← A∩ C(t);
6 end
7 return A;

B Evaluation Metrics 621

In the paper, we primarily use exact match accu- 622

racy to measure model performance to emphasize 623

our focus on precise iterative reasoning, but we 624

also consider F1 and Jaccard Index to enhance our 625

evaluation. We describe their computation and the 626

empirical difference between exact match accuracy 627

and F1/Jaccard Index. 628

B.1 Metric Computation 629

Let Yi denote the gold solution set and Ŷi the pre- 630

dicted set for instance i. 631

Exact Match Accuracy

EMi = I
[
Yi = Ŷi

]
(3) 632

Precision, Recall, and F1

Precisioni =
|Yi ∩ Ŷi|

|Ŷi|
, Recalli =

|Yi ∩ Ŷi|
|Yi|

,

(4) 633

F1i =
2PrecisioniRecalli
Precisioni +Recalli

. (5) 634

By convention, when Yi = Ŷi = ∅, all three 635

metrics are set to 1; when exactly one of the sets is 636

empty, all three metrics are set to 0. 637

Jaccard Index

Jaccardi =


1 if Yi = Ŷi = ∅
|Yi ∩ Ŷi|
|Yi ∪ Ŷi|

otherwise
(6) 638

Final reported scores are computed via macro- 639

averaging: 640

Metric =
1

N

N∑
i=1

Metrici, (7) 641

where N is the number of evaluation instances. 642

B.2 Exact Match Versus F1/Jaccard Index 643

Table 3 compares exact match (EM) accuracy with 644

F1 and Jaccard Index (JI). The mean absolute dif- 645

ferences between EM and F1 and between EM and 646

JI are 7.07 and 5.40, respectively. The relatively 647

large standard deviations are expected, as EM is bi- 648

nary at the instance level. Nevertheless, in 87.98% 649

of cases, all three metrics agree, indicating that 650

models typically either solve a puzzle completely 651

or fail entirely. Consistent with this observation, 652

Spearman correlations between EM and the other 653

metrics are high (r = 0.92). 654
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Fact Name Description Level

ExplicitYearFact Explicitly states the year (e.g., “The year is
2025”).

YEAR

DecadeFact Specifies the decade (e.g., “The 1990s”). YEAR
LeapYearFact States that the year is a leap year. YEAR
ChineseZodiacFact Specifies the Chinese Zodiac animal. YEAR
PersonAliveFact States a famous person (e.g., Steve Jobs) was

alive.
YEAR

USPresidentFact States a specific US President was in office. YEAR
EventFact States if it is an Olympic or World Cup year. YEAR

MonthFact Specifies the month of the year. MONTH
SeasonFact Specifies the season (e.g., Winter) based on

month.
MONTH

LunarMonthFact Specifies the month in the Chinese lunar calen-
dar.

MONTH

WeekdayInMonthFact Specifies the Nth occurrence of a weekday (e.g.,
“2nd Friday”).

DAY

DayOfMonthFact Specifies the exact day or if it is the first/last day. DAY
WeekdayFact Specifies the day of the week (e.g., “It is Mon-

day”).
DAY

MultiWeekdayFact Specifies a set of possible weekdays (e.g., ··Mon
or Tue”).

DAY

DayOfMonthRangeFact Specifies if the day is before/after a specific day. DAY

KnowledgeBaseEventFact Relates the date to a historical event (same day/-
month/year), such as the 50 facts collected in
Appendix A.1.

VARIOUS

Table 2: Taxonomy of temporal facts used in generation, categorized by constraint granularity level.

Mean Std Dev % Equal Spearman

EM Vs F1 -7.07 20.52 87.98 0.92
EM Vs JI -5.40 16.41 87.98 0.92

Table 3: Exact match (EM) accuracy versus F1/Jaccard
Index (JI) based on all the experiments ran on this study
(over 19,000 data points).

C Models655

Inference Details We evaluate four OpenAI656

GPT-family models via the OpenAI API (GPT-657

5, GPT-5-nano, GPT-4.1, and GPT-4.1-nano), us-658

ing the dated snapshot identifiers shown in Ta-659

ble 4. We also evaluate two DeepSeek-V3.2 end-660

points via the DeepSeek API (deepseek-chat661

and deepseek-reasoner; accessed in December662

2025). For open-weight models, we run local in-663

ference with vLLM (Kwon et al., 2023). We use664

default generation configuration for all models.665

Model Specification Table 4 lists the exact666

model variants (API snapshot IDs or Hugging Face667

repo IDs), parameter sizes, release dates, and (when668

disclosed) knowledge cutoffs.669

Web Search Implementation We enable web670

search for GPT-4.1 and GPT-5 via the official Re-671

sponses API by providing the web search tool at672

inference time and setting tool choice as required. 673

From each model’s output JSON, we extract the 674

URLs cited in its response and scrape the corre- 675

sponding webpage contents to construct a fixed 676

web-search context for all open-weight LLMs. This 677

context is prepended to the prompt in the form: 678

“Here is some web search context that may 679

help you: {scraped contents from cited 680

URLs}.” 681

Code Interpreter Implementation We enable 682

Code Interpreter for GPT-4.1 and GPT-5 via the 683

official Responses API, with tool choice set as re- 684

quired. 685

Web Search + Code Interpreter Implementation 686

Providing Web Search and Code Interpreter simul- 687

taneously does not guarantee that both tools are 688

invoked during generation, even when tool choice 689

is set as required. To control costs and ensure con- 690

sistent retrieval, we therefore reuse the web-search 691

context collected from the Web Search–only set- 692

ting and prepend it to the prompt for GPT models, 693

while enabling Code Interpreter with tool choice 694

set as required. 695
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Model Variant used (snapshot / HF repo) Params Release date Knowledge
cutoff

GPT-5 (OpenAI, 2025a) gpt-5-2025-08-07 Not disclosed 2025-08-07 2024-09-30
GPT-5-nano (OpenAI, 2025a) gpt-5-nano-2025-08-07 Not disclosed 2025-08-07 2024-05-31
GPT-4.1 (OpenAI, 2025b) gpt-4.1-2025-04-14 Not disclosed 2025-04-14 2024-06-01
GPT-4.1-nano (OpenAI, 2025b) gpt-4.1-nano-2025-04-14 Not disclosed 2025-04-14 2024-06-01

GPT-oss-20B (OpenAI et al., 2025) openai/gpt-oss-20b 20.9B (3.6B active) 2025-08-05 2024-06

DeepSeek-V3.2-R (DeepSeek-AI et al., 2025) deepseek-reasoner 685B 2025-12-01 Not disclosed
DeepSeek-V3.2 (DeepSeek-AI et al., 2025) deepseek-chat 685B 2025-12-01 Not disclosed

Qwen3-4B-Inst (Yang et al., 2025) Qwen/Qwen3-4B-Instruct-2507 4B 2025-08-06 Not disclosed
Qwen3-4B-Think (Yang et al., 2025) Qwen/Qwen3-4B-Thinking-2507 4B 2025-08-06 Not disclosed
Qwen3-8B (Yang et al., 2025) Qwen/Qwen3-8B 8B 2025-04-29 Not disclosed
Qwen3-14B (Yang et al., 2025) Qwen/Qwen3-14B 14B 2025-04-29 Not disclosed

Ministral-3-8B-Inst (Mistral AI, 2025) mistralai/Ministral-3-8B-Instruct-2512 8B 2025-12-02 Not disclosed
Ministral-3-8B-R (Mistral AI, 2025) mistralai/Ministral-3-8B-Reasoning-2512 8B 2025-12-02 Not disclosed

Table 4: Model variants and specifications used in our experiments. We identify OpenAI models by their dated
snapshot IDs and open-weight models by their Hugging Face repository IDs. Release dates reflect snapshot
timestamps or official provider documentation. Note that precise release and knowledge cutoff dates may vary
slightly across sources.

D Additional Results696

Figure 4 reports average exact match accuracy697

across solution counts for the remaining models698

(for which web search is not implemented) under699

both implicit and explicit constraints.700

E Prompts701

We use the following prompt template. The702

placeholder {constraints} is replaced with the703

instance-specific constraint set at inference time.704

705
From the time-related constraints below,706
determine all valid date(s) (if any) that707
satisfy them. Depending on the conditions,708
the result may be zero, one, or multiple709
dates. Unless otherwise stated, interpret710
all constraints using the Gregorian calendar.711

712
713

Note: Seasons are defined as:714
- Winter: December, January, February715
- Spring: March, April, May716
- Summer: June, July, August717
- Autumn: September, October, November718

719
The constraints are as follows:720

721
{constraints}722

723
Carefully review the constraints and reason724
step-by-step to identify all valid date(s).725
After thorough consideration, end your726
response on a new line with "MY ANSWER: "727
followed by the valid date(s) in the format728
"YYYY-MM-DD". If there are multiple valid729
dates, list them separated by commas. If no730
valid date exists, respond with "MY ANSWER:731
None".732733
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Figure 4: Average exact-match accuracy across solution
counts for other models evaluated without web search.

10


	Introduction
	[height=1.5em]figures/icon.pngTime Puzzles
	Task Formulation
	Data Generation

	Experiments
	Experimental Setup
	No Tool Use
	Web Search
	Code Interpreter

	Related Work
	Conclusion
	Data Generation 
	Factual Anchor Collection
	Algorithm Implementation Details

	Evaluation Metrics
	Metric Computation
	Exact Match Versus F1/Jaccard Index

	Models 
	Additional Results
	Prompts

