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Abstract001

Large language models (LLMs) increas-002
ingly show strong performance on temporally003
grounded tasks, such as timeline construction,004
temporal question answering, and event order-005
ing. However, it remains unclear how their006
behavior depends on the way time is anchored007
in language. In this work, we study LLMs’ tem-008
poral understanding through temporal frames009
of reference (t-FoRs), contrasting deictic fram-010
ing (past-present-future) and sequential fram-011
ing (before-after). Using a large-scale dataset012
of real-world events from Wikidata and simi-013
larity judgement task, we examine how LLMs’014
outputs vary with temporal distance, interval015
relations, and event duration. Our results show016
that LLMs systematically adapt to both t-FoRs,017
but the resulting similarity patterns differ sig-018
nificantly. Under deictic t-FoR, the similarity019
judgement scores form graded and asymmetric020
structures centered on the present, with sharper021
decline for future events and higher variance022
in the past. Under sequential t-FoR, similarity023
becomes strongly negative once events are tem-024
porally separated. Temporal judgements are025
also shaped by interval algebra and duration,026
with instability concentrated in overlap- and027
containment-based relations, and duration in-028
fluencing only past events under deictic t-FoR.029
Overall, these findings characterize how LLMs030
organize temporal representation under differ-031
ent reference structures and identify the factors032
that most strongly shape their temporal under-033
standing.034

1 Introduction035

Temporal understanding is a fundamental compo-036

nent of human intelligence, allowing us to rep-037

resent, interpret, and reason about time and how038

events unfold in relation to it. Large language mod-039

els (LLMs) have demonstrated strong performance040

on natural language understanding tasks, includ-041

ing temporally grounded tasks, such as temporal042

question answering (Zhou et al., 2019; Gurnee and043

Tegmark, 2023; Islakoglu and Kalo, 2025), time- 044

line construction (Nylund et al., 2024; Bazaga et al., 045

2025), and event prediction (Dhingra et al., 2022), 046

and narrative understanding (Min et al., 2023). 047

However, temporal understanding still remains a 048

challenge to LLMs (Zhou et al., 2019; Jain et al., 049

2023; Wallat et al., 2024; Qiu et al., 2024). 050

Various notions of time have been used in tem- 051

poral understanding in the realm of natural lan- 052

guage understanding. Some approaches adopt an 053

absolute time where events are anchored to normal- 054

ized timestamps and evaluate whether the systems 055

are able to answer temporally grounded questions. 056

Other works adopt a more relational time that mod- 057

els the relations between events. A mixed notion 058

of time combines both views that align events to an 059

absolute time and reason over their relative order. 060

Among these notions, time is treated as a structural 061

resource for ordering and constraining events. 062

From a different perspective, linguistic studies 063

show that time is encoded through tense, aspect, 064

temporal adverbials, and discourse structure, and 065

cognitive science works have argued that the rep- 066

resentation of time is metaphorical of space (Mc- 067

Glone and Harding, 1998; Lakoff et al., 1999; Gen- 068

tner et al., 2002). As LLMs are trained on natural 069

language, the data does not reflect the raw physical 070

time, but linguistically and cognitively shaped rep- 071

resentations of time. From this perspective, LLMs 072

inherit the temporal abstractions encoded in natural 073

language, including spatiotemporal representation 074

(Gurnee and Tegmark, 2023) and temporal inter- 075

vention (Nylund et al., 2024). Therefore, the ap- 076

propriate question is more about how well LLMs 077

capture the kind of temporality natural language 078

itself encodes. 079

As human beings possess the ability to dynami- 080

cally reason about temporal relations among events 081

relative to a reference point under frames, we draw 082

on the distinction between two temporal frames 083

of reference (t-FoRs): deictic and sequential t- 084
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FoRs (Evans, 2013). A t-FoR specifies how tem-085

poral relations are organized relative to a reference086

point. For example, in deictic t-FoR, the reference087

point is anchored in the experiencer’s “now", or088

the “ego" in other terms, allowing the notions of089

past/present/future; in sequential t-FoR, it is an-090

chored in a specific event to create the before/after091

notions. In this work, we attempt to explore LLMs’092

temporal understanding through the lens of t-FoRs.093

By manipulating reference point in each t-FoR, we094

can probe how LLMs adapt their temporal under-095

standing and where their representations exhibit096

uncertainty. Inspired by recent work on language097

models’ temporal cognition(Li et al., 2025), we in-098

corporate similarity judgement task to observe the099

induced patterns. We aim to answer the following100

questions:101

• RQ1: Do large language models adapt to dif-102

ferent temporal frames of reference?103

• RQ2: What factors affect the temporal under-104

standing in large language models?105

Our contributions can be summarized as follows:106

• We introduce a frame-sensitive evaluation107

framework for temporal understanding in108

large language models, contrasting deictic and109

sequential t-FoRs through a similarity judge-110

ment task applied to real-world events.111

• We propose a large-scale temporal dataset112

from Wikidata that preserves interval structure113

and duration, enabling systematic analysis of114

temporal distance, Allen’s interval algebra,115

and event duration at scale.116

• We provide comprehensive empirical evi-117

dence that LLMs’ temporal behaviors are118

strongly frame-dependent and shaped by struc-119

tural temporal factors, including past-future120

asymmetry under deictic t-FoR, rapid similar-121

ity collapse under sequential t-FoR, elevated122

variability for overlap-based relations, and du-123

ration effects retricted to past events.124

2 Related Work125

Research on temporal understanding in NLP has126

made substantial progress, but much of it implic-127

itly targets specific levels of the above categories.128

A large body of works focuses on tasks such as129

temporal expression normalization (Bethard and130

Martin, 2007; Strötgen and Gertz, 2010), event or- 131

dering (Chambers and Jurafsky, 2008; Ning et al., 132

2018a,b), timeline construction (Do et al., 2012), 133

and temporal question answering (Zhou et al., 134

2019; Chen et al., 2021). These tasks primarily 135

evaluate a model’s ability to represent and reason 136

about temporal relations among events - that is, 137

how events are positioned with respect to one an- 138

other in time. More recent work explores time- 139

aware embeddings, temporal pretraining objectives, 140

and structured temporal representations, further 141

strengthening this capability. 142

2.1 Temporal Reasoning Benchmarks 143

Question-answering datasets such as SQuAD (Ra- 144

jpurkar et al., 2016, 2018) and Natural Questions 145

(Kwiatkowski et al., 2019) construct temporal ques- 146

tions within a single, fixed time period. However, 147

some questions may have different answers depend- 148

ing on when they are asked. To address this, several 149

datasets include time-sensitive questions, such as 150

TimeQA (Chen et al., 2021), TempLAMA (Dhin- 151

gra et al., 2022), SituatedQA (Zhang and Choi, 152

2021), StreamingQA (Liska et al., 2022), Real- 153

timeQA (Kasai et al., 2023), TempReason (Tan 154

et al., 2023), and MenatQA (Wei et al., 2023). 155

Temporal commonsense knowledge, such as a 156

fact that a leap year generally occurs every four 157

years, is another important aspect of temporal rea- 158

soning. Datasets like MCTACO (Zhou et al., 2019) 159

and TimeDial (Qin et al., 2021) focus specifically 160

on evaluating models’ understanding of temporal 161

commonsense. 162

Beyond datasets targeting specific temporal prop- 163

erties or sequential relations, comprehensive bench- 164

marks such as TRAM (Wang and Zhao, 2024) 165

and TimeBench (Chu et al., 2024) evaluate tem- 166

poral reasoning across multiple tasks. Addition- 167

ally, datasets such as TimeQuestions (Jia et al., 168

2021), ExpTime (Yuan et al., 2024), TGQA (Xiong 169

et al., 2024), and ToT (Fatemi et al., 2024) leverage 170

knowledge graphs to assess models’ understanding 171

of time-event and event-event relations. Datasets 172

such as ChronoSense (Islakoglu and Kalo, 2025) 173

utilized Allen’s interval algebra (Allen, 1983) to 174

assess LLMs’ temporal understanding capability. 175

2.2 Frame of Reference 176

A frame of reference (FoR) is a coordinate system 177

used to determine the position of a figure relative 178

to a ground from a particular perspective (Talmy, 179

2003), typically corresponding to the viewpoint of 180
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an observer.181

From a philosophical perspective, time can be182

conceptualized as either an A-series or a B-series183

(McTaggart, 1908). The A-series represents a184

tensed and dynamic view of time, where events are185

located relative to the observer’s subjective “now”186

(the deictic center) as past, present, or future. In this187

view, a future event successively becomes present188

and eventually shifts into the past. In contrast, the189

B-series reflects a tenseless and static ordering of190

events, where each event is positioned as earlier191

than or later than another, independent of any ob-192

server’s temporal standpoint.193

From a cognitive perspective, time is commonly194

described using two conceptual metaphors: moving195

ego (ME) and moving time (MT) (McGlone and196

Harding, 1998; Boroditsky, 2000; Gentner et al.,197

2002). In the ME perspective, time is stationary198

while the observer (ego) moves forward through199

it, such as “We are approaching Tuesday”. In the200

MT perspective, the observer remains stationary201

while time itself flows toward them, for example,202

“Tuesday is approaching”.203

A temporal frame of reference (t-FoR) typically204

involves three components: a target event (TE), a205

reference point (RP), and an origo (O). The TE206

denotes the event being fixed, the RP provides207

the point of comparison relative to the TE, and208

the O serves as the anchoring perspective. As on209

the of the first attempts to integrate temporal per-210

spectives within a FoR framework, Moore distin-211

guishes between ego-centered MT and non-deictic212

MT, proposing an ego-based vs. field-based tax-213

onomy to capture these differences. Extending214

this approach, Moore groups ME and ego-centered215

MT as “ego-perspective”, corresponding to the A-216

series, while field-based perspectives correspond to217

the B-series. The reference-point metaphors frame-218

work splits the MT perspective into two categories:219

ego-based and field-based, where former merges220

with the ME perspective under a deictic clasifica-221

tion (Núñez and Sweetser, 2006). The temporal222

framework models taxonomy integrates reference-223

point metaphors with descriptions of time across224

all three spatial frames of reference (s-FoRs) (Kran-225

jec, 2006). Building on these developments, Evans226

aligns the A-series with ego-based frames (Moore,227

2004) and ego-RP metaphors (Núñez and Sweetser,228

2006), and the B-series with field-based frames229

(Moore, 2004) and time-RP metaphors (Núñez and230

Sweetser, 2006). Other revisions classify ME and231

MT as ego-relative temporal motion constructions,232

while sequence-based conceptions are termed posi- 233

tional time constructions (Sinha et al., 2011). Ten- 234

brink characterizes time as possessing an “inbuilt 235

asymmetry”, which can be conceptualized either as 236

a vector from past to future or as a vector express- 237

ing anteriority/posteriority in event sequences. 238

2.3 Temporal Reasoning in Language Models 239

Although Large Language Models (LLMs) have 240

demonstrated impressive reasoning capabilities 241

through in-context learning and post-training tech- 242

niques, understanding and reasoning about tem- 243

poral information remains challenging (Jain et al., 244

2023). Recent studies have highlighted that LLMs 245

particularly struggle with relative time references, 246

randomized time references, and typical temporal 247

questions (Wallat et al., 2024). 248

Prior work has sought to enhance LMs’ temporal 249

understanding through several approaches, includ- 250

ing post-training with external knowledge (Yuan 251

et al., 2024; Tan et al., 2024; Xiong et al., 2024), 252

leveraging code-format representations (Li et al., 253

2023; Zhu et al., 2023), and improving generaliza- 254

tion across diverse temporal tasks (Su et al., 2024). 255

However, these approaches leave two issues un- 256

derspecified. First, the frame of reference gov- 257

erning temporal judgements is frequently implicit, 258

making it difficult to distinguish deictic from se- 259

quential reasoning. Second, temporal relations are 260

often treated symmetrically or discretely, obscuring 261

graded uncertainty and relation-specific difficulty. 262

3 What Temporal Understanding Means 263

for Language Models 264

It is necessary to clarify what is reasonable to ex- 265

pect from language models (LMs) in terms of tem- 266

poral understanding. In this work, we use the term 267

‘event" as a temporally bounded occurrence that 268

can be described and related to other occurrences. 269

Our goal is to study how language models organize 270

such events in time. 271

LMs do not encounter time as human beings do, 272

but only through what is encoded in natural lan- 273

guage. Therefore, whatever temporal understand- 274

ing LMs may acquire is necessarily mediated by 275

linguistic and cognitive representation of time that 276

is present in human discourse. This makes the tem- 277

poral structure available to LMs being perspectival, 278

different from physical or metaphysical notions of 279

time, that LLMs do not have access to absolute 280

time nor do they experience lived temporality. 281
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Figure 1: Overall benchmark steps.

This places LLMs in an intermediate place be-282

tween the philosophical and cognitive views. On283

one hand, LLMs model temporal structure as stable284

relations between events, resembling what McTag-285

gart (McTaggart, 1908) classified as B-series struc-286

ture: the “earlier than" and “later than" relations287

between events, as prior works have shown (Xiong288

et al., 2024). On the other hand, natural language289

also encodes so called A-series structure that dis-290

tinguishes positions from past to present to future,291

relative to an observer’s viewpoint. These perspec-292

tival distinctions arise from how the model is sit-293

uated within it. Though prior works have shown294

success on temporally grounded tasks, but they295

rarely test whether LLMs can adopt and update296

temporal perspectives.297

Temporal frames of reference (t-FoRs) provide a298

way to probe this capacity. In a deictic t-FoR, tem-299

poral relations are anchored through experiencer-300

based reference strategy, allowing distinctions be-301

tween past, present, and future. In a sequential302

t-FoR, the reference strategy is changed to event-303

based, where the reference point is anther event,304

creating before and after relations. Both frames are305

pervasive in language, linguistically grounded, and306

cognitively motivated (Evans, 2013).307

We propose a frame-dependent benchmark that308

aims to probe temporal understanding in LLMs.309

Intead of evaluating factual correctness from multi-310

ple choices format, we measure graded similarity311

judgements as a function of temporal relations, tem-312

poral distance, and reference-point manipulation.313

As illustrated in Figure 1, the benchmark adopts314

an experiencer-based reference strategy from the315

deictic t-FoR and event-based strategy from the316

sequential t-FoR.317

3.1 Event Extraction318

We constructed a larger scale dataset by extract-319

ing real events from Wikidata (Vrandečić and320

Krötzsch, 2014). The extracted finite set of321

events E = e1, e2, ..., en, where each event ei =322

(tstarti , tendi , li) is represented by a start time, end 323

time, and name. We end up with 49,956 events 324

dated from “0001-01-01" to “2100-12-31". 325

To avoid that models rely on memorized knowl- 326

edge of specific historical events, we anonymized 327

all event names using a list of rare animal names, 328

while keeping start and end timestamps unchanged. 329

The mapping from original to anonymized names 330

is stored for prompt construction. Additionally, be- 331

cause events are temporally extended rather than 332

instantaneous, we leveraged Allen’s Interval Alge- 333

bra (Allen, 1983) to characterize the full range of 334

possible relations between two events. For later 335

analysis and for balanced coverage across relations, 336

we randomly sample 321 anonymized events such 337

that all 13 Allen relations are represented. 338

3.2 Temporal Frames of Reference 339

We evaluate temporal understanding under two dis- 340

tinct temporal frames of reference (t-FoR), follow- 341

ing Evan’s taxonomy (Evans, 2013). 342

In the deictic t-FoR, temporal relations are es- 343

tablished relative to a reference time τ ∈ T , which 344

is treated as the experiencer’s “now". A sequence 345

of reference times of “now", Tnow = τ1, τ2, ..., τm, 346

is created by enumerating from the earliest event 347

start time to the latest event end time. Therefore, 348

the data pairs are constructed as (τ, ei) for τ ∈ T 349

and ei ∈ E. 350

In the sequential t-FoR, the reference point is 351

not an external “now" but an event itself. For 352

each event ej ∈ E, the temporal relations between 353

ej , the reference event, and all other events ei are 354

computed. The resulted data pairs are (ei, ej) for 355

ei, ej ∈ E and ei ̸= ej . 356

For each data pair, both temporal relation and 357

distance are calculated. The deictic t-FoR yields 358

past/present/future relations and before/after for se- 359

quential t-FoR. The temporal distance is calculated 360

in the unit of a day: 361

∆(r, ei) =

{
tendi − tstartr , if tstartr >= tendi

tstarti − tendr , otherwise
362

where r stands for the reference time/event and 363

ei refers to the target event. The temporal dis- 364

tance is signed that negative values correspond to 365

past/before relations; 0 indicates present relation; 366

and positive values means future/after relations. 367

3.3 Similarity Judgement 368

Inspired by recent works (Marjieh et al., 2022; Li 369

et al., 2025), we leveraged similarity judgement 370
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Figure 2: Prompt examples for similarity judgement.
Left prompt is for deictic temporal frame of reference.
Right prompt is for sequential temporal frame of refer-
ence.

task to probe LLMs to rate how similar the refer-371

ence time/event is to the target event. Specifically,372

for each data pair (r, ei), where r is the reference373

time/event, the tested LLMs are prompted to output374

a similarity score:375

sLLM (r, ei) ∈ [−1.00, 1.00]376

where 1.00 indicates mostly similar and -1.00 is377

completely dissimilar. The two prompt templates378

are shown in Figure 2.379

Overall, the dataset contains 2,916,927 data en-380

tries for deictic t-FoR and 51,360 data entried for381

sequential t-FoR.382

4 Experiment Setup383

In this work, we focused on evaluating two384

open-source large language models (LLMs) with385

different sizes: Qwen3-4B (Qwen3-4b-instruct)386

and Qwen3-30B (Qwen3-30b-a3b-instruct-2507)387

(QwenTeam, 2025). The models can generate at388

most 64 new tokens for answers and scores are389

extracted using regex rules.390

4.1 Measurement391

For each signed temporal distance ∆ = i, the mean392

similarity score is computed by aggregating all out-393

puts associated with that distance:394

si =
1

ni

ni∑
j=1

s
(j)
LLM395

where ni is the total number of data pairs whose396

temporal distance equals i.397

Visualizing the resulting mean similarity values398

as a function of temporal distance yields a charac-399

teristic response pattern that reflects the model’s400

temporal cognition. Under a deictic t-FoR, it is401

expected to manifest as a maximum around the402

present reference point, with similarity gradually403

decresing as events move further into the past or404

future. Deviations from this pattern indicate asym- 405

metries or instability in how the model interprets 406

temporal relations as the deictic anchor shifts. 407

Under a sequential t-FoR, a different pattern is 408

expected as the before/after relations are symmetric 409

with respct to temporal ordering, so that similarity 410

scores should roughly result in a symmetric distri- 411

bution centered around zero temporal distance. 412

4.2 Allen’s Interval Algebra Analysis 413

In addition to signed temporal distance, we fur- 414

ther analyze LLMs’ behavior patterns by leverag- 415

ing Allen’s Interval Algebra (Allen, 1983), which 416

defines 13 mutually exclusive temporal interval re- 417

lations between two intervals: equals, before, after, 418

overlaps, overlapped-by, contains, during, started- 419

by, starts, finished-by, finishes, meets, and met-by. 420

For each data pair, we computed the interval re- 421

lations using the corresponding start and end times, 422

allowing us to investigate whether LLMs certain 423

interval relation introduce higher representational 424

uncertainty. During evaluation, we grouped simi- 425

larity scores by interval relation and computed the 426

variance within each group. Higher variance indi- 427

cates that the model has less consistent temporal 428

assessments for that specific interval relation, even 429

when temporal distance is comparable. This anal- 430

ysis allows us to identify where LLM judgements 431

are most and least stable across the full structural 432

space. 433

5 Results 434

5.1 Function of Temporal Distance 435

Figure 3 shows the mean similarity score (red dots) 436

against signed temporal distance for each data 437

pair, together with the standard deviation across 438

instances at the same distance (blue vertical bars). 439

The left two plots correspond to the deictic t-FoR, 440

and the right two plots correspond to the sequential 441

t-FoR. 442

Under the deictic t-FoR, we observe a clear 443

asymmetric distance effect for both LLMs. Simi- 444

larity ratings peak near zero temporal distance and 445

drop sharply for future events (positive distances), 446

where scores rapidly converge to -1.00 with com- 447

paratively low variance. In contrast, past events 448

(negative distances) exhibit a more gradual decline 449

in similarity, accompanied by substantially higher 450

variance, especially for events occurring tens of 451

thousands of days before the reference point. This 452

indicates that the models’ treatment of the future 453
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Figure 3: Mean similarity ratings vs. temporal distance. Left: in deictic t-FoR. Right: in sequential t-FoR. Top:
qwen3-4b. Bottom: qwen3-30b. The blue shades indicate the variance of the ratings. Red dots correspond to mean
similarity rating at a specific temporal distance.

is more uniform and compressed, whereas their454

representation of the past is richer but less stable.455

The pattern is more pronounced in the Qwen3-4b456

model, while the 30B model shows reduced vari-457

ance near the present but preserves the same overall458

asymmetry.459

Under the sequential t-FoR, the response curves460

differ significantly. Because the temporal relations461

are computed using event-based reference strategy,462

similarity scores remain strongly polarized for most463

non-zero distances, with values quickly saturating464

near the lower similarity bound. Variance is high-465

est only in a narrow band around zero temporal466

distance: at temporal distance ∆ = 0 this reflects467

the coexistence of multiple interval relations, such468

as overlaps, meets, or during, while small non-zero469

distances still yield weakly separated before/after470

cases. Beyond this region, similarity ratings are471

highly stable and strongly negative, indicating that472

models treat most non-overlapping event pairs as473

mostly dissimilar in the sequential setting.474

5.2 Interval-Specific Variance475

Additionally, we leveraged Allen’s Interval Alge-476

bra to better understand LLMs’ behavior in special477

cases, as temporal distance ∆ = 0 contains dif-478

ferent interval realtions, for example, “overlaps"479

or “meets". We reported the mean similarity score480

and standard deviation for each relation type, as481

shown in Figure 4. The left two plots correspond482

to the deictic t-FoR, while the right two plots are483

in sequential t-FoR.484

Across both LLMs and both t-FoRs, we observe485

strong polarity effects for interval relations that486

are strictly ordered: intervals labeled as after con-487

sistently receive similarity ratings close to -1.00,488

followed by before, indicating that events occur- 489

ring entirely after or entirely before the reference 490

event are treated as mostly dissimilar. Oppositely, 491

interval relations implying coincidence or direct 492

boundary contact yield the highest positive similar- 493

ity scores, reflecting strong alignment when events 494

coincide or touch at their endpoints, particularly in 495

equal, meets, and met-by. 496

More nuanced behavior is observed for contain- 497

ment and partial-overlap relations, such as contains, 498

during, overlaps, and overlapped-by. These in- 499

terval relations tend to have mid-range similarity 500

scores but substantially higher variance, indicat- 501

ing less stable temporal assessments when interval 502

topology is more complex. This variability is more 503

pronounced under the sequential t-FoR, where tem- 504

poral judgements depend on event-based reference 505

strategy. Under the deictic t-FoR, variance is still 506

elevated for partial-overlap relations, but similar- 507

ity ratings remain more polarized, consistent with 508

previously observed asymmetry between past and 509

future. 510

The pattern holds across model sizes, although 511

the Qwen3-30b model generally exhibits reduced 512

dispersion relative to the 4B model, suggesting im- 513

proved but still imperfect discrimination of struc- 514

turally ambiguous temporal relations at larger 515

scale. 516

5.3 Interaction between Temporal Distance 517

and Event Duration 518

We further analyze whether temporal similarity de- 519

pends jointly on temporal distance and event du- 520

ration by averaging model outpus over (distance, 521

duration) bins. Figure 5 shows the results for both 522

LLMs. 523
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Figure 4: Mean similarity ratings by Allen’s Interval Algebra. Left: in deictic t-FoR. Right: in sequential t-FoR.
Top: qwen3-4b. Bottom: qwen3-30b. Bars indicate mean similarity score for each relation, and error bars denote
the standard deviation across instances.

Under the deictic t-FoR, a clear pattern emerges524

for past events, that similarity increases with du-525

ration. Long-duration past events receive higher526

similarity ratings than short-duration ones at com-527

parable distances, and in many cases distant long-528

duration past events are rated as more similar than529

short-duration events occurring much closer to the530

reference point. No comparable duration effect ap-531

pears for future events, whose ratings rapidly con-532

verge to strongly negative values regardless of du-533

ration. The effect is qualitatively consistent across534

model sizes.535

On the other hand, no systematic duration-536

distance structure is visible under the sequential537

t-FoR. Similarity ratings remain strongly polarized538

once events are temporally separated, and duration539

does not meaningfully modulate similarity.540

6 Discussion541

6.1 Adaptation to Temporal Frames of542

Reference543

Based on the results, we observe that model be-544

havior depends strongly on the choice of tempo-545

ral frame of reference (t-FoR). Under the deictic546

t-FoR, similarity ratings vary smoothly with tempo-547

ral distance and show a graded structure centered548

on the reference point. In contrast, under sequential549

t-FoR, similarity stabilizes into strongly negative550

values once events are temporally separated, with551

variability concentrated only near zero distance. 552

This frame-specific divergence demonstrates that 553

temporal understanding in large language models 554

(LLMs) is frame-dependent, that they adapt their 555

temporal judgements to the way time is anchored, 556

whether to the experiencer’s “now" or to another 557

event. This adaptation is systematic rather than ran- 558

dom, suggesting that temporal framing is encoded 559

at a representational level, not only at the surface 560

form of the task. 561

6.2 Effects of Temporal Distance and Interval 562

Structure 563

The Allen’s interval algebra result shows that sim- 564

ilarity judgements are most stable for strictly or- 565

dered relations (before/after) and boundary-aligned 566

or coincident relations (meets/met-by/equal), and 567

least stable for overlap- and containment-based re- 568

lations. This reveals that temporal understanding 569

in LLMs is not merely a function of linear distance, 570

but also of how intervals relate structurally. 571

The reduced stability for overlap relations sug- 572

gests that LLMs handle ambiguous intervals less 573

consistently than cleanly ordered ones. This aligns 574

with the higher variance observed at small tempo- 575

ral distances, where multiple Allen’s interval rela- 576

tions remain possible. These findings indicate that 577

interval geometry is a key determinant of model 578

behavior, that temporal understanding is sensitive 579
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Figure 5: Heatmap of mean similarity ratings vs. (distance, duration). Left: in deictic t-FoR. Right: in sequential
t-FoR. Top: qwen3-4b. Bottom: qwen3-30b.

to the structural complexity of temporal relations.580

6.3 Effects of Event Duration and Past-Future581

Asymmetry582

A second factor shaping temporal understanding is583

event duration, but only under specific conditions.584

Under the deictic t-FoR, duration systematically585

modulates similarity for past events: long-duration586

past events are judged as more similar than short-587

duration ones at comparable distances, and even588

more similar than short-duration events that occur589

much closer to the reference point. Crucially, the590

same effect does not appear for future events or591

under sequential t-FoR.592

This selective retrospective duration sensitivity593

suggests that time is not represented symmetrically594

in LLMs. The past is encoded in a richer and more595

graded structure, while the future collapses toward596

uniform low similarity. The fact that duration ef-597

fects disappear under sequential t-FoR reinforces598

that this is not purely a semantic property of events599

themselves, but a property of how LLMs anchor600

temporal meaning.601

Therefore, temporal understanding in LLMs is602

influenced not only by temporal distance and inter-603

val structure, but also by duration. These effects604

are frame-dependent and directionally asymmetric.605

6.4 Summary of Findings606

Taken together, these findings indicate that LLMs607

demonstrate structured but bounded temporal un-608

derstanding. They respond coherently to different609

frames of reference and their behavior is system-610

atically modulated by temporal distance, interval611

relations, and duration. However, these effects are612

not uniform: temporal representations are richer613

in the past than in the future, and more stable for 614

cleanly ordered relations than for overlapping in- 615

tervals. 616

This suggests that LLMs’ temporal understand- 617

ing is shaped by linguistically acquired regularities 618

rather than explicit temporal inference mechanisms. 619

Temporal representation appears to be encoded as 620

a graded, context-anchored similarity space, that 621

adapts to framing, but does not collapse into a sin- 622

gle global temporal metric. 623

7 Conclusion 624

We introduced a frame-sensitive evaluation of 625

temporal understanding in large language mod- 626

els (LLMs), comparing behavior under deictic and 627

sequential temporal frames of reference (t-FoRs). 628

Our results show that LLMs adapt systematically 629

to the chosen t-FoR: under deictic t-FoR, similarity 630

judgements form graded and asymmetric patterns 631

centered on the present, whereas under sequential 632

t-FoR, similarity rapidly collapses to strongly neg- 633

ative values once events are temporally separated. 634

Temporal judgements are additionally shaped by 635

interval structure and duration, with instability con- 636

centrated in overlap-based relations and with dura- 637

tion affecting only past events under deictic anchor- 638

ing. Altogether, these findings indicate that LLMs 639

exhibit a structured yet bounded form of temporal 640

understanding. 641

8 Limitations 642

This work currently focuses only on English text, 643

leaving extension to other languages for future ex- 644

plorations. Our choice of t-FoR taxonomies (Evans, 645

2013) is based on the integration of notion of tran- 646

8



sience which complements prior t-FoR taxonomies,647

but there is no common agreement of selecting648

which temporal frame of reference taxonomies to649

describe relations between events.650
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