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Abstract001

Large Language Model (LLM)-based methods002
for Temporal Knowledge Graph (TKG) rea-003
soning tasks have found success by relying on004
LLMs’ impressive pattern recognition abilities.005
But the extent of this capability on complex006
multi-hop patterns is understudied. In order to007
understand the limits of LLM-based methods’008
multi-hop reasoning abilities, we create a novel009
synthetic TKG generator and a suite of realis-010
tic TKG datasets with varied complexity along011
several important dimensions. In particular, we012
study multi-hop patterns that have been com-013
plicated by number of hops, time dispersion,014
and imbalanced relation and entity distribu-015
tions. We benchmark the abilities of LLM- and016
Graph Neural Network (GNN)-based methods017
on these synthetic TKGs, finding that LLMs018
can far outperform GNN-based methods when019
provided with ideal contexts. However, their020
performance degrades sharply as contextual021
noise increases, indicating that retrieval, not022
multi-hop composition itself, is the primary023
bottleneck.024

1 Introduction025

TKG reasoning has traditionally been approached026

by extending methods for static KG (Knowledge027

Graph) reasoning. LLMs are now proving useful at028

TKG reasoning tasks on the basis of their generaliz-029

able pattern recognition abilities. Specifically, via030

in-context learning in which an LLM is provided031

with a historical context of relevant facts from a032

TKG and prompted to predict the completion of a033

test fact. While LLMs have shown promising over-034

all results on benchmark tasks, recent work has035

found that LLMs struggle with multi-hop reason-036

ing tasks (Wu et al., 2024b; Khodadad et al., 2025;037

Yang et al., 2025). These complex, multi-hop tasks038

are the ones that are most of interest in real-world039

applications and for extending the capabilities of040

LLM-based TKG reasoning.041

Figure 1: Example of two sequences of events of vary-
ing hop length: (left) 1-hop pattern where the U.S. im-
posed sanctions on Russia, which imposed reciprocal
sanctions in return; (right) 3-hop pattern where Russia
invaded Ukraine, which requested support from NATO,
which imposed sanctions on Russia, and later stated
support for Ukraine.

In order to understand exactly where current 042

LLMs fall short on multi-hop reasoning, we re- 043

quire a controllable, but realistic dataset. Current 044

real-world TKG benchmarks are created from large, 045

noisy event data without certainty of the precise 046

generating patterns. Synthetic TKG datasets are of- 047

ten built around relatively simple schema at the cost 048

of realism. A controllable, realistic dataset would 049

allow the study of multi-hop patterns on specific 050

dimensions of their complexity. 051

By assembling realistic temporal networks from 052

these motifs, we can probe the multi-hop reasoning 053

ability of LLMs while directly controlling task dif- 054

ficulty along interpretable axes. Our experiments 055

reveal that the main bottleneck in LLM-based TKG 056

reasoning is not pattern recognition itself, but reli- 057

ably retrieving and composing the correct contex- 058

tual evidence as structural complexity increases. 059

To summarize, our contributions are: 060

• We introduce a synthetic TKG generator that pro- 061

duces controllable and realistic datasets, and we 062

release a suite of such benchmarks. 063

• We systematically benchmark LLM- and GNN- 064

based methods on these datasets under controlled 065
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variations in pattern complexity, temporal disper-066

sion, and entity/relation distributions.067

2 Related Work068

2.1 TKG Reasoning Methods069

TKG reasoning methods must capture both local070

graph structure and temporal dynamics of data.071

2.1.1 Pattern Mining Methods072

Rule-mining approaches extract interpretable tem-073

poral rules that are also useful for forecasting.074

TLogic (Liu et al., 2022) mines rules from cyclic075

temporal random walks. TR-Rules (Li et al., 2023)076

allow acyclic rules and reduces temporal redun-077

dancy using a windowed confidence metric.078

2.1.2 GNN-Based Methods079

History-aware neural models leverage TKG struc-080

ture with recurrent or temporal modules to model081

evolution over time (Jin et al., 2020; Li et al., 2022).082

TeMP (Wu et al., 2020) performs temporal message083

passing closely related to the patterns we study.084

CyGNet (Zhu et al., 2021) learns separate distri-085

butions for high-repetition entities and global enti-086

ties, exploiting repeated simple patterns in bench-087

marks. CENET (Xu et al., 2023b) uses historical088

contrastive learning to separate historical from non-089

historical dependencies. These works implicitly090

distinguish between simple and complex temporal091

patterns, mirroring our axes of investigation.092

2.1.3 LLM-Based Methods093

Because LLMs operate on text, TKGs must be tex-094

tualized before inference (Xu et al., 2023a). Once095

in text form, standard LLM techniques such as096

in-context learning (Lee et al., 2023), chain-of-097

thought prompting (Xia et al., 2024), and retrieval-098

augmented generation (Liao et al., 2023) can be099

applied. Lee et al. (2023) find that LLMs can100

match task-specific GNNs on TKG forecasting,101

even when semantic information is obfuscated.102

Chain-of-History (Xia et al., 2024) uses higher-103

order histories as intermediate reasoning steps,104

while GenTKG (Liao et al., 2023) mines temporal105

rules and uses them in a RAG framework. We sim-106

ilarly focus on how the provided context interacts107

with task complexity.108

2.2 TKG and Reasoning Datasets109

TKG reasoning is typically evaluated on event110

datasets such as GDELT (Leetaru and Schrodt,111

2013), Wikidata (Vrandečić and Krötzsch, 2014),112

and ICEWS (Boschee et al., 2015). These corpora 113

are realistic but noisy and do not provide guaran- 114

tees about the necessity or sufficiency of mined 115

patterns, hence motivating synthetic datasets with 116

known generative structure. 117

For static KGs, controllable benchmarks such as 118

FRUNI and FTREE (Martin et al., 2023) vary size 119

and noise under fixed schemas, and synthetic KG 120

QA testbeds have been built to probe robustness 121

of supervised fine-tuning and in-context learning 122

for multi-hop QA (Shah et al.). In contrast, we 123

focus on temporal KGs and directly control the 124

underlying temporal patterns rather than only the 125

surface statistics. 126

Multi-hop reasoning has also been studied on 127

non-KG datasets, particularly multi-hop QA over 128

documents (Yang et al., 2018; Geva et al., 2021). 129

2WikiMultiHopQA (Ho et al., 2020) defines ex- 130

plicit evidence chains, while MuSiQue (Trivedi 131

et al., 2022) composes single-hop questions to re- 132

duce shortcut opportunities. Our setting abstracts 133

away from natural language and evaluates multi- 134

hop reasoning directly on the underlying TKG. 135

2.3 LLM Reasoning 136

Recent work shows that LLM performance de- 137

grades with hop count and often relies on short- 138

cuts or flawed reasoning chains. Biran et al. (2024) 139

find that 2-hop queries are solved via early identi- 140

fication of bridge entities followed by later resolu- 141

tion, leaving relevant information vulnerable to be- 142

ing overwritten. Counterfactual and unprecedented 143

variants of QA benchmarks reveal a strong depen- 144

dence on spurious correlations (Wu et al., 2024a,b). 145

Although LLMs exhibit some compositional rea- 146

soning ability (Yang et al., 2025; Khodadad et al., 147

2025), it is unreliable. Grounding LLM chain-of- 148

thought rationales in KGs also shows that generated 149

paths are frequently invalid (Nguyen et al., 2024). 150

Our synthetic TKGs isolate the multi-hop reason- 151

ing component while controlling for other sources 152

of ambiguity. 153

3 Preliminaries 154

3.1 Temporal Knowledge Graphs 155

Let E = {1, ..., |E|} be an entity set, R = 156

{1, ..., |R|} a relation set, and T = {1, ..., |T |} a 157

set of discrete timestamps. A temporal knowledge 158

graph (TKG) G is defined as a set of quadruples 159

G ⊆ E × R × E × T . In other words, a TKG G 160

is composed of events of the form (h, r, t, τ) ∈ G, 161
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where h and t are called head and tail entities, re-162

spectively.163

In TKG reasoning, we are presented with a query164

event of the form q = (h, r, t, τ ′) with one of h,165

r, or t masked. The task is to predict the value166

of the masked field. In the interpolation case, we167

have access to events before and after query event168

time τ ′. In the extrapolation or forecasting case,169

we only have access to events before time τ ′. In170

our work, we focus on the task of tail prediction in171

the forecasting setting.172

3.2 Temporal Reasoning Patterns173

Intuitively, each pattern defines a minimal multi-174

hop reasoning task: a small set of temporally or-175

dered facts whose joint occurrence implies a future176

event. By explicitly controlling the number, struc-177

ture, timing, and frequency of such patterns, we178

can generate TKGs where the difficulty of reason-179

ing is known by construction rather than inferred180

post hoc.181

A temporal pattern p ∈ P of hop-length k is de-182

fined as a tuple p = (Ap, cp,∆p), with antecedent183

sequence Ap = [a1, ..., ak], consequence triple184

cp, and lag constraints ∆p = [δ1, ..., δk], where185

each δi = (δ−i , δ
+
i ) is an integer interval. Each186

antecedent ai and the consequence cp are triples of187

the form:188

ai = (xi, ri, yi), cp = (xc, rc, yc) (1)189

where x∗, y∗ are placeholders from a finite place-190

holder set V . Relations r∗ ∈ R are always concrete.191

We also introduce label set ℓ(h, r, t, τ) to indicate192

which pattern generated a given quadruple.193

A pattern instantiation for pattern p in graph G194

is a sequence of quadruples {(xi, ri, yi)}1≤i≤k ∪195

{(xc, rc, yc)} at times τ1, ..., τk+1 such that:196

∀ai = (xi, ri, yi) ∈ Ap : (xi, ri, yi, τi) ∈ G
cp ⊕ τk+1 = (xc, rc, yc, τk+1) ∈ G
∀i = 1, ..., k : τi+1 − τi ∈ [δ−i , δ

+
i ]

(2)197

In other words, a sequence of quadruples satisfying198

the entity, relation, and temporal constraints of the199

pattern. We formally define an instantiation as200

a tuple (π, {τ}1:k+1), where π : V → E maps201

placeholders to concrete entities, and {τ}1:k+1 is a202

time sequence satisfying temporal lag constraints.203

To construct the finite pattern set P , we exhaus-204

tively enumerate all 1-, 2-, and 3-hop candidate205

templates over a small placeholder vocabulary and206

filter them using a collection of structural validity207

checks. These checks enforce (i) constraints on 208

entity reuse, (ii) optional bans on self-loops, and 209

(iii) a connectivity requirement that ensures the 210

antecedents and consequence form a single cycle 211

in the induced entity graph. The corresponding 212

procedures are listed in Algorithms 8 to 11 in Ap- 213

pendix D. 214

3.3 Generator Notation 215

We define sampling distributions over entities and 216

relations, represented by non-negative weight func- 217

tions wE : E → R≥0 and wR : R → R≥0. We 218

write x ∼ WE and r ∼ WR for draws from the 219

corresponding normalized distributions. 220

Finite pattern set P contains patterns p ∈ P , 221

each of which is a tuple p = (Ap, cp,∆p) of hop- 222

length k, as defined in Section 3.2. We associate 223

each pattern p with two control parameters: forcing 224

probability ρforce(p) ∈ [0, 1] and forcing frequency 225

nforce(p) ∈ N. At each time step, we perform 226

nforce(p) independent Bernoulli trials with success 227

probability ρforce(p) to decide how many explicit 228

instantiations of p to inject. 229

We also maintain a label map ℓ : E ×R× E × 230

T → 2P , where ℓ(h, r, t, τ) is the set of patterns 231

that generated the quadruple (h, r, t, τ); by conven- 232

tion ℓ(h, r, t, τ) = ∅ if no pattern is responsible. 233

Finally, for a quadruple q = (h, r, t, τ) we write 234

τ(q) for its time coordinate. 235

4 Synthetic TKG Generator 236

For each time step τ ∈ T , the generator iterates 237

over patterns p ∈ P: (i) injecting a number of 238

forced instantiations of p according to ρforce(p) and 239

nforce(p) and (ii) instantiating consequences when- 240

ever all antecedents of p are already satisfied in the 241

history. Together, these two mechanisms construct 242

a synthetic TKG whose edges are entirely deter- 243

mined by the chosen pattern set. Forced instantia- 244

tions inject complete pattern instances regardless 245

of history, while spontaneous instantiations emit 246

only consequences when all antecedents are already 247

present in the graph 248

Algorithm 1 summarizes the full generation loop. 249

It first samples concrete 1-, 2-, and 3-hop pat- 250

terns from placeholder templates and then simu- 251

lates the temporal KG via forced instantiations and 252

implication-based consequences. Appendix C (Alg. 253

4) provides a full implementation, including book- 254

keeping utilities such as pattern instantiation and 255

label updates. 256
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Algorithm 1 Synthetic multi-hop TKG generation (detailed)

Require: Entity set E, relation set R, time horizon T , maximum hop length H ∈ {1, 2, 3}, template
libraries {P̃(k)}Hk=1, entity and relation weight functions wE , wR, time-lag profiles Lag, desired
number of instantiated patterns {Mk}Hk=1, forcing parameters for each pattern (probability ρforce and
frequency nforce)

Ensure: Synthetic temporal knowledge graph G and instantiated pattern set P
1: P ← ∅; G← ∅; ℓ← empty label map ▷ initialize pattern set, graph, and pattern labels
2: for k = 1 to H do ▷ sample Mk concrete k-hop patterns
3: for m = 1 to Mk do
4: p̃← SAMPLETEMPLATE(P̃(k)) ▷ choose a k-hop template over placeholders
5: π ← SAMPLEENTITYBINDING(wE) ▷ map placeholders to concrete entities
6: {ri} ← SAMPLERELATIONS(p̃, wR) ▷ instantiate relations in antecedents and consequence
7: ∆p ← SAMPLELAGS(Lag, k) ▷ choose a lag profile for this pattern
8: (ρforce(p), nforce(p))← SAMPLEFORCINGPARAMS(k)
9: p← INSTANTIATEPATTERN(p̃, π, {ri},∆p) ▷ construct concrete pattern p = (Ap, cp,∆p)

10: P ← P ∪ {p}
11: end for
12: end for
13: for time τ = 1 to |T | do ▷ simulate the temporal KG over time
14: for pattern p ∈ P do
15: N ∼ Binomial

(
nforce(p), ρforce(p)

)
▷ number of forced instantiations at time τ

16: for j = 1 to N do ▷ inject explicit pattern instances
17: (G, ℓ)← INJECTFORCEDINSTANCE(G, ℓ, p, τ)
18: end for ▷ emit consequences implied by existing antecedents
19: (G, ℓ)← CLOSEIMPLIEDCONSEQUENCES(G, ℓ, p, τ)
20: end for
21: end for
22: return G,P

We are thus able to control the following qual-257

ities of the resulting synthetic TKG. Complexity258

via total number of the provided patterns and their259

hop lengths in P . Temporal dispersion via time260

lags constraints. Entity and relation distribu-261

tions via weighting functions wE and wR. Size262

via number of entities |E|, relations |R|, and time263

windows |T |. Density via instantiation probability264

ρforce and number of trials nforce. In this work, we265

mainly focus on complexity, temporal dispersion,266

and entity/relation distributions, motivated by their267

relevance in event data (see Figures 1, 2, 3).268

Realism arises not from semantic grounding (we269

use numeric identifiers for all entities and relations),270

but from reproducing structural motifs, frequency271

imbalance, and temporal dispersion patterns con-272

sistently observed in mined event graphs.273

We include a characterization of the general274

shapes of our patterns in Figure 4. Other relation275

orientations and orderings of these antecedents are276

included in our generator, too. See Appendix B for277

a more detailed characterization of allowed shapes.278

Figure 2: Example of two sequences of events of vary-
ing time dispersion: (left) A quick pattern in which the
U.K. expelled Russian diplomats and 3 days later Russia
did the same; (right) A slow pattern in which the U.S.
imposed an embargo on Cuba in 1962 and it took 53
years for diplomatic relations to be restored.

5 Experiments 279

5.1 Datasets 280

We construct an ICEWS14-like synthetic dataset, 281

ICEWS14-Synth, and ten additional synthetic 282

datasets that systematically vary pattern complex- 283

ity, temporal dispersion, and entity/relation distri- 284

butions. Descriptive statistics for all datasets and 285
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Figure 3: Example of multiple sequences of events from
the same pattern - Country A expels Country B’s diplo-
mats, followed by a reciprocal expulsion of diplomats
- with different entity instantiations. The first three se-
quences have the same entity instantiations, the U.K.
and Russia. The final sequence involves a Algeria and
France.
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Figure 4: Examples of the general shapes of our pat-
terns in our synthetic data generator. Each panel shows
only entity connectivity (relation labels are suppressed)
with event times τi marking the step order. Legend: An-
tecedents have solid lines; the consequence is dashed.

the original ICEWS14 corpus are shown in Table 1.286

To obtain ICEWS14-Synth, we calibrate the gen-287

erator hyperparameters so that the synthetic TKG288

matches ICEWS14 along simple descriptive statis-289

tics (number of entities, relations, timestamps, den-290

sity, and degree quantiles) and recency/frequency291

baseline performance. Concretely, we minimize292

a weighted combination of relative errors in these293

statistics and absolute differences in Hits@K of the294

two heuristic baselines using Bayesian optimiza-295

tion (Algorithm 12). In practice we use a TPE-296

based sampler (Akiba et al., 2019) and a budget of297

800 trials.298

Our other synthetic datasets fall into three fami-299

|G| |E| |R| |T | Avg. Deg Avg. Gini(E) Gini(R)
Events/T

ICEWS ICEWS14 90,730 7,128 230 365 25.46 248.58 0.85 0.88
ICEWS14-Synth 83,106 3,282 207 365 50.64 227.69 0.92 0.46

Hops Only 1-hop 21,322 1,460 54 180 29.21 118.46 0.83 0.39
Only 2-hop 21,474 1,459 71 180 29.44 119.30 0.83 0.49
Only 3-hop 20,972 1,419 72 180 29.56 116.51 0.82 0.52

Time lag U(1, 3) 21,438 1,464 67 180 29.29 119.10 0.827 0.458
U(1, 5) 21,402 1,449 71 180 29.54 118.90 0.83 0.49
U(1, 8) 21,360 1,446 66 180 29.54 118.67 0.83 0.49

E/R dist Ent-Γ Rel-Γ 21,246 1,662 62 180 25.57 118.03 0.495 0.484
Ent-Γ Rel-U 14,112 1,583 76 180 17.83 78.40 0.49 0.32
Ent-U Rel-Γ 21,384 1,800 65 180 23.76 118.80 0.18 0.44
Ent-U Rel-U 21,396 1,800 80 180 23.77 118.87 0.18 0.30

Table 1: Descriptive statistics for datasets (and reference
ICEWS14) across our synthetic generator runs.

lies: 300

• Hops (3 datasets): We only instantiate 1-, 2-, or 301

3-hop patterns. 302

• Time lag (3 datasets): We vary the time lag pa- 303

rameter of our generator with a uniform distribu- 304

tion on [1, 3], [1, 5], or [1, 8]. 305

• Entity/Relation Distribution (3 datasets): We 306

vary the entity and relation weight functions, wE 307

and wR, between a uniform and gamma distribu- 308

tion (shape set to 1, scale to 2). 309

Within each family, we use calibrate the genera- 310

tor hyperparameters for similar descriptive statis- 311

tics, with the same method used for our synthetic 312

ICEWS calibration. 313

5.2 Evaluation 314

We evaluate models on well-known metrics for link 315

prediction: Hits@k, with k = 1, 3, and 10. We 316

report our results according to the sorted scores 317

(or logprobs for LLMs) of candidate entities for 318

a given query quadruple and calculate the rank of 319

the correct ground-truth entity. Candidate entities 320

are restricted to head and tail entities that appear at 321

least once in the retrieved historical context. 322

5.3 Models 323

We conduct experiments using GPT-J-6B (Wang 324

and Komatsuzaki, 2021) and GPT-4.1. GPT-J-6B 325

serves as an open-source, mid-scale baseline model. 326

GPT-4.1 represents a state-of-the-art large language 327

model with substantially stronger reasoning capa- 328

bilities. 329

As graph-based baselines, we use RE-Net (Jin 330

et al., 2020), CyGNet (Zhu et al., 2021), and 331

TLogic (Liu et al., 2022), along with two heuristic 332

baselines: FREQUENCY, which ranks entities by 333

historical occurrence counts in the context, and RE- 334

CENCY, which ranks by most recent appearance. 335
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We restrict historical context for our LLMs336

and heuristic baselines to the 25 most recent re-337

trieved quadruples, which we found sufficient338

to contain full pattern instances. To avoid tok-339

enization artifacts where LLMs truncate or con-340

flate entity identifiers, we adopt index prompting.341

Each entity is prefixed with a compact index (e.g.,342

quadruple (1071, 20, 1493, 21) is presented as 21 :343

[0. 1071, 20, 1. 1493] to the LLMs), which em-344

pirically improves entity disambiguation.345

5.4 Prompting Methods346

Here we describe our prompting methods; repre-347

sentative examples are given in the Appendix in348

Table 6.349

5.4.1 Naive Prompting350

For a query quadruple q = (h, r, ?, τ) we re-351

trieve historical context using either entity-based352

retrieval (all past quadruples sharing head h) or353

pair-based retrieval (all past quadruples with the354

same head–relation pair (h, r)).355

5.4.2 Oracle In-Context Learning (OICL)356

In the oracle setting we provide each consequence357

with exact antecedents generated by the same un-358

derlying pattern as generated the query quadruple.359

Antecedents and consequence share entities and360

relations, so all information required to infer the361

answer is explicitly present in the prompt with as362

little noise as possible. This serves as an approx-363

imate upper bound on LLM performance on our364

datasets.365

5.4.3 Alternative Prompting Method366

Our synthetic datasets record pattern identities for367

every quadruple. Alternative prompting methods368

exploit this structure by providing the model with369

solved instances of the same pattern as generated370

the query quadruple, enabling us to test whether371

LLMs can generalize across surface-level entity372

and relation changes. But with more realistic noise373

in the context than in the OICL setting.374

For a query q generated by pattern p we retrieve375

k earlier consequences of p and use them as analo-376

gies. In practice, we set k to 1. We construct a377

prompt consisting of the retrieved historical context378

for the analogies and the query event. Specifically,379

each analogy is paired with a retrieved history to380

form an in-context example, while the retrieved381

history of q is used to form the final query. The382

historical context for both analogies and the query383

are retrieved using one of the following strategies:384

Analogy-head retrieval (AH) Historical context 385

is retrieved based on the head entity. For each anal- 386

ogy and the query quadruple, we collect historical 387

quadruples that share the same head entity, which 388

are then used to construct the in-context example 389

and the query, respectively. 390

Analogy-relation retrieval (AR) Historical con- 391

text is retrieved based on relations appearing in 392

the antecedent quadruples of the analogy. We ex- 393

tract all relations from the analogies’ antecedents 394

and retrieve historical quadruples involving these 395

relations for both the analogy and the query. The re- 396

trieved quadruples are sorted by time before being 397

used as context. 398

Balanced analogy-relation retrieval (BAR) To 399

mitigate bias toward frequently occurring relations, 400

we further introduce a balanced variant of analogy- 401

relation retrieval. In this setting, each relation is 402

constrained to appear with approximately equal 403

frequency in the retrieved context. For example, 404

if the antecedents involve relations [r1, r2, r3], we 405

retrieve an equal number of instances for each rela- 406

tion and allocate any remaining context slot to the 407

relation with the most recent timestamp. 408

5.5 Results 409

We focus on Hits@3 in this section, as it best re- 410

flects near-miss reasoning performance while re- 411

maining sensitive to ranking errors that are ob- 412

scured by Hits@10. Our full results are available 413

in Table 7. 414

Q1: Oracle in-context learning. Under OICL 415

prompting, GPT-4.1 attains Hits@3 above 0.9 on 416

all but one of our datasets (see Table 2), substan- 417

tially outperforming all our baselines and other 418

prompting strategies for most dataset settings. GPT- 419

J-6B also benefits from OICL prompting, but 420

achieves higher performance with naive entity- 421

based retrieval for some datasets. This confirms 422

that, when provided with perfectly aligned context, 423

LLMs have sufficient capacity to solve our multi- 424

hop temporal reasoning tasks; the main difficulty 425

lies in retrieving and composing the right context 426

rather than in performing the reasoning step itself. 427

Q2: Alternative prompting via analogies. Com- 428

pared with OICL, the alternative prompting meth- 429

ods still provide partial information about a query 430

event’s underlying pattern, but are designed to eval- 431

uate LLMs’ ability to identify the pattern from 432

noisier contexts. LLMs are still able to outperform 433

our baselines with these alternative methods, but 434
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do not consistently outperform the naive prompt-435

ing methods. This points to a limitation of LLMs,436

namely the ability to handle these noisier contexts437

as an input for pattern understanding tasks.438

Q3: Effect of hop length. Figure 5 shows439

Hits@3 on datasets containing only 1-, 2-, or 3-440

hop patterns. Under naive prompting, performance441

decreases slightly with hop length for GPT-4.1. But442

this decrease is more prominent with our alterna-443

tive prompting methods and OICL. In fact, OICL444

performance drops below naive pair-based retrieval445

in the only 3-hop pattern dataset, indicating some446

limitations in the LLM’s ability to understand com-447

plex patterns. This result is consistent with the448

intuition that deeper reasoning chains require com-449

posing more intermediate facts and are therefore450

harder.451

Q4: Effect of temporal dispersion. To study452

temporal dispersion, we vary the time-lag con-453

straints used when generating patterns (see Fig-454

ure 5). Larger lags increase the temporal distance455

between antecedents and consequences, making456

relevant events sparser in absolute time. We do not457

observe a strong monotonic effect of temporal lag458

dispersion on performance. Because the context459

window size is fixed, larger lags may reduce re-460

dundancy among retrieved events and increase the461

chance that the remaining context corresponds to462

the active pattern instance.463

Q5: Effect of entity and relation distributions.464

We next vary entity and relation distributions,465

holding pattern structure fixed. Uniform distribu-466

tions yield balanced but sparse histories, whereas467

Gamma distributions produce long-tailed, highly-468

imbalanced histories. As we can see in Figure 6,469

Gamma-distributed entities tend to give the best470

performance, with history-rich head entities pre-471

sumably create dense, coherent contexts. But we472

observe a better performance with uniformly dis-473

tributed relations, particularly for our alternative474

prompting methods.475

6 Conclusion476

We introduced a controllable synthetic benchmark477

for multi-hop reasoning over TKGs. By generating478

temporal graphs from an explicit generative process479

over 1-, 2-, and 3-hop patterns, we can precisely480

control the structure, frequency, and temporal or-481

ganization of reasoning tasks. This allows us to482

Figure 5: Performance of LLM methods under structural
variation. Top: Pattern hop length (datasets composed
entirely of 1-, 2-, or 3-hop patterns). Bottom: Tem-
poral dispersion, where the time between successive
antecedents or the final antecedent and consequence is
drawn from increasingly large uniform distributions.

probe how well language models and other predic- 483

tors handle general multi-hop reasoning tasks in 484

TKGs. 485

Our experiments show that contemporary lan- 486

guage models can solve a non-trivial fraction of 487

pattern-based forecasting queries (outperforming 488

heuristic and graph-based baselines), but their per- 489

formance is highly sensitive to the prompting and 490

retrieval strategies used to construct their inputs. 491

Oracle in-context learning, where the model is 492

given exactly the ground-truth antecedents, reveals 493

a substantial gap between pattern recognition and 494

pattern retrieval. Analogy-based prompting strate- 495

gies further highlight that models often struggle 496

to transfer knowledge across instances that share 497

a common underlying pattern but differ in surface 498

entities or relation distributions. These findings 499

suggest that improved retrieval schemes and better 500

inductive biases for compositional reasoning are 501

needed to fully exploit the structural regularities 502

encoded in temporal KGs. For researchers develop- 503

ing retrieval-augmented or hybrid neuro-symbolic 504

TKG reasoning systems, our results highlight re- 505

trieval as the primary bottleneck under realistic 506
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Variation Dataset
Heuristics Graph-Based GPT-J-6B GPT-4.1

F-E F-P R-E R-P Cy Re Tl N-E N-P AH AR BAR OICL N-E N-P AH AR BAR OICL

Hops
Only 1-hop 0.448 0.249 0.379 0.207 0.420 0.545 0.071 0.806 0.767 0.691 0.735 0.735 0.651 0.654 0.828 0.765 0.824 0.826 0.958
Only 2-hop 0.360 0.196 0.273 0.153 0.377 0.416 0.090 0.741 0.668 0.574 0.454 0.457 0.754 0.622 0.830 0.738 0.524 0.517 0.910
Only 3-hop 0.298 0.148 0.213 0.108 0.291 0.348 0.097 0.686 0.636 0.490 0.402 0.383 0.753 0.604 0.821 0.642 0.401 0.396 0.771

Time lag
U(1, 3) 0.358 0.191 0.255 0.144 0.327 0.409 0.096 0.686 0.683 0.531 0.485 0.495 0.757 0.605 0.803 0.712 0.519 0.552 0.909
U(1, 5) 0.338 0.182 0.240 0.145 0.334 0.400 0.086 0.726 0.682 0.559 0.471 0.471 0.763 0.625 0.813 0.724 0.511 0.506 0.907
U(1, 8) 0.363 0.207 0.259 0.160 0.365 0.401 0.093 0.747 0.695 0.551 0.489 0.484 0.761 0.636 0.814 0.727 0.494 0.505 0.921

E/R dist

Ent-Γ Rel-Γ 0.245 0.034 0.174 0.034 0.213 0.338 0.012 0.899 0.604 0.812 0.497 0.505 0.767 0.781 0.880 0.940 0.583 0.594 0.903
Ent-Γ Rel-U 0.273 0.024 0.224 0.024 0.210 0.267 0.011 0.875 0.549 0.835 0.588 0.597 0.809 0.781 0.916 0.951 0.693 0.682 0.907
Ent-U Rel-Γ 0.203 0.019 0.164 0.019 0.146 0.219 0.011 0.886 0.496 0.825 0.504 0.498 0.816 0.777 0.906 0.945 0.597 0.617 0.925
Ent-U Rel-U 0.218 0.008 0.189 0.008 0.127 0.262 0.010 0.897 0.489 0.848 0.533 0.522 0.803 0.759 0.917 0.954 0.641 0.628 0.933

Table 2: Performance (hit@3) across synthetic datasets and methods. Legend: (F-E) Frequency entity-based
retrieval, (F-P) Frequency pair-based, (R-E) Recency entity-based, (R-P) Recency pair-based, (Cy) CyGNet, (Re)
RE-Net, (Tl) Tlogic, (N-E) Naive prompting entity-based, (N-P) Naive prompting pair-based, (AH) Analogy-head
retrieval, (AR) Analogy-relation retrieval, (BAR) Balanced analogy-relation retrieval, (OICL) Oracle In-Context
Learning. Values are bolded where they are the highest for a given model group and underlined for the second-
highest.

Figure 6: Effect of entity and relation distribution shifts
on performance (Hits@3). Top: Entity distribution
effect, averaging over relation distributions. Bottom:
Relation distribution effect, averaging over entity dis-
tributions. Entities and relations are drawn from either
Gamma or Uniform distributions during instantiation.

conditions, rather than reasoning.507

Our benchmark is intentionally minimal and syn-508

thetic, which makes it easy to analyze but leaves509

many avenues for future work. Extending the pat-510

tern family to more complex graph motifs, incor-511

porating semantically meaningful entities and rela-512

tions, and aligning the synthetic tasks more closely513

with real-world temporal reasoning challenges are514

promising directions. We also expect that jointly 515

learning retrieval and prediction, as well as integrat- 516

ing explicit pattern-aware modules, could narrow 517

the gap between oracle and realistic in-context per- 518

formance. We hope that the proposed benchmark 519

will serve as a test bed for such methods and help 520

clarify the capabilities and limitations of current 521

models for multi-hop temporal reasoning. 522

Limitations 523

Our evaluation is focused on synthetic TKGs from 524

controllable pattern distributions. This allows us to 525

isolate multi-hop reasoning behavior, but does not 526

capture all the semantic and structural properties 527

of real-world TKGs. In particular, while previous 528

work (Lee et al., 2023) has found that LLMs main- 529

tain predictive performance without semantics, in- 530

tuitively it makes sense to examine the relationship 531

between semantics and pattern understanding. 532

We focus on a finite set of 1-, 2-, and 3-hop 533

patterns with relatively simple connectivity. Real- 534

world reasoning may involve longer chains and 535

richer compositional structure, i.e., conjunctions of 536

patterns. Our conclusions about multi-hop general- 537

ization therefore apply to this controlled family and 538

may fall apart on more complex reasoning patterns. 539

We only consider two LLM models: open-source 540

GPT-J-6B and closed-source GPT-4.1. This does 541

not account for the full variety of LLMs available 542

with varying capabilities, but does represent a start- 543

ing point. 544
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A Validation of Synthetic TKG Generator695

As an external validity check on our generator, we696

compare model behavior on real temporal event697

data versus its synthetic analogue. To construct the698

synthetic analogue (ICEWS14-Synth), we calibrate699

generator hyperparameters so that the resulting syn-700

thetic TKG matches ICEWS14 along descriptive701

statistics and heuristic baseline behavior (see Sec-702

tion D.1, Algorithms 12 to 13). We then evaluate703

whether relative method ordering is preserved when704

Figure 7: ICEWS14 → ICEWS14-Synth shift in
Hits@3 by method. Comparison of Frequency base-
line, RE-NET, and GPT-4.1 performance on the original
ICEWS14 benchmark and our synthetic ICEWS14-like
data.

moving from ICEWS14 to ICEWS14-Synth. Fig- 705

ure 7 shows that while absolute scores shift, the 706

relative gaps between entity-based and pair-based 707

retrieval are largely preserved, suggesting that our 708

controllable generator produces a realistic context 709

distribution for this slice of TKG reasoning. 710

B Justification for Pattern Choices 711

Pattern Control Parameters. Each pattern p = 712

(Ap, cp,∆p) in our generator is associated with 713

three families of control parameters: (i) structural 714

parameters, including hop length and entity over- 715

lap regime; (ii) temporal parameters, defined by 716

per-step lag intervals ∆p; and (iii) instantiation 717

parameters, including forcing probability ρforce(p) 718

and forcing frequency nforce(p). 719

These parameters allow us to independently con- 720

trol the depth of relational composition (via hop 721

length), the temporal dispersion of evidence (via 722

lag intervals), and the density and salience of his- 723

torical context (via instantiation controls). This dis- 724

entanglement enables targeted evaluation of multi- 725

hop reasoning behavior along a single axis at a 726

time, as reflected in the experimental sweeps in 727

Section 5.5 and Figure 5 and Figure 6. 728

Relation to Mined KG Patterns. Although our 729

generator does not enumerate all possible logical 730

rules that may arise in real-world KGs, prior work 731

on static and temporal pattern mining (Meilicke 732

et al., 2020; Liu et al., 2022; Li et al., 2023) con- 733

sistently recovers a small set of recurring struc- 734

tural motifs: transitive closures, inverses, reinforce- 735

ments, bridges, and cyclic patterns. These motifs 736

are directly represented in our pattern taxonomy 737
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(Table 4), up to temporal ordering and relation ori-738

entation.739

Our goal is not exhaustive rule coverage, but740

controlled evaluation. By restricting to a finite yet741

expressive family of commonly observed motifs,742

we trade completeness for interpretability and ex-743

perimental control, which is essential for isolating744

failure modes in multi-hop reasoning.745

Pattern roadmap. Table 4 enumerates the struc-746

tural shape templates used by our generator (1-,747

2-, and 3-hops), which define the variable-sharing748

structure between antecedents and consequence.749

Tables 3a to 5b then describe the orthogonal con-750

trol regimes we apply on top of these shapes: entity751

reuse (Table 3a), relation reuse (Table 3b), tempo-752

ral lag constraints (Table 5a), and global validity753

constraints (Table 5b). Together, these knobs allow754

us to vary one factor at a time while holding the755

others fixed.756

Category Description Logical form
Fully reused Consequence uses exactly

the same two entities as (at
least) one antecedent edge.

(ea, r1, eb, t1) →
(ea, rc, eb, t2) or
(eb, rc, ea, t2)

Bridge reuse Consequence uses one en-
tity from each antecedent
component; enables pat-
terns where antecedents
are disjoint.

(e1, r1, e2, t1) ∧
(e3, r2, e4, t2) →
(e2, rc, e3, t3)

(a) Entity overlap regimes: how the consequence reuses vari-
ables from the antecedent. We do not allow the consequence to
introduce entities that are not found in at least one antecedent
of the pattern.

Category Description Logical form
Copy conse-
quence rela-
tion

Consequence relation is
reused from the antecedent
set (rc ∈ {ri}).

(e1, r1, e2, t1) ∧
(e2, r2, e3, t2) →
(e1, r2, e3, t3)

Novel conse-
quence rela-
tion

Consequence relation is
not in antecedent relations
(rc /∈ {ri}), allowed when
that flag is False.

(e1, r1, e2, t1) ∧
(e2, r2, e3, t2) →
(e1, r3, e3, t3)

Homogeneous
antecedents

Antecedent relations are
all the same or domi-
nated by one type (tests
“same-relation” composi-
tionality).

(e1, r1, e2, t1) ∧
(e2, r1, e3, t2) →
(·, rc, ·, t3)

Heterogeneous
antecedents

Antecedent relations differ
(tests multi-relation com-
position).

(e1, r1, e2, t1) ∧
(e2, r2, e3, t2) ∧
(e3, r3, e4, t3) →
(·, rc, ·, t4)

(b) Relation reuse regimes: whether the consequence predicate
and antecedent predicates are reused or novel.

Table 3: Control regimes for pattern construction (entity
reuse and relation reuse).

Algorithm 2 Pattern Instantiation
1: procedure INSTANTIATEPAT(p, π, τstart)

Require: Pattern p = (Ap, cp,∆p) of length k
Require: Entity assignment π : V → E
Require: Anchor time τstart ∈ T

2: Let Ap =
(
(x1, r1, y1), . . . , (xk, rk, yk)

)
3: Let ∆p =

(
[δ−1 , δ

+
1 ], . . . , [δ

−
k , δ

+
k ]
)

4: τ1 ← τstart ▷ First antecedent time
5: for i← 1, . . . , k do
6: Sample temporal gap gi uniformly

from [δ−i , δ
+
i ] ⊂ N

7: τi+1 ← τi + gi
8: end for
9: for i← 1, . . . , k do

10: (xi, ri, yi)← Ap[i]
11: qi ← (π(xi), ri, π(yi), τi)
12: end for
13: Let cp = (xc, rc, yc)
14: qk+1 ← (π(xc), rc, π(yc), τk+1)
15: Qp ← {q1, . . . , qk+1}
16: return Qp, {τi}k+1

i=1

17: end procedure

C Synthetic TKG Generator Utilities 757

We implement generation in two stages. First, we 758

sample and insert pattern instances over time to 759

form the temporal graph (Algorithm 4). Second, 760

we support two ways of producing consequences: 761

forced instantiation (directly instantiating a sam- 762

pled pattern via Algorithm 2) and spontaneous in- 763

stantiation (detecting satisfied antecedents in the 764

existing graph via Algorithms 5–7, then emitting 765

the implied consequence). These utilities are writ- 766

ten to make the generator modular: alternative pat- 767

tern families or lag distributions can plug into the 768

same instantiation and matching routines. 769

Algorithm 4 is the main driver of the synthetic 770

temporal knowledge graph generator. It iterates 771

over time and over a predefined pattern set, in- 772

jecting forced pattern instances while also emitting 773

spontaneous consequences when antecedent config- 774

urations are detected in the evolving graph. This de- 775

sign allows explicit control over pattern frequency 776

while preserving emergent temporal structure. 777

Algorithm 2 instantiates a pattern template into 778

concrete temporal quadruples. Given an entity as- 779

signment and a starting time, it samples temporal 780

gaps from the pattern’s lag intervals and produces a 781

consistent sequence of antecedent and consequence 782

events. This routine is shared by both forced and 783

spontaneous instantiation paths. 784
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Hops: Name Description Illustration Hops: Name Description Illustration
1-hop: Self-
entailment

Antecedent and
consequence share
the same
endpoints (e.g.,
reinforcement,
repetition).

e1 e2
r1, t1r1, t2

(e1, r1, e2, t1) →
(e1, r1, e2, t2)

1-hop:
Inverse

Same endpoints,
reversed direction
(e.g.,
reciprocation,
reply).

e1 e2
r1, t1

r1, t2
(e1, r1, e2, t1) →
(e2, r1, e1, t2)

1-hop:
Reflexivity

At least one triple
has h = t.

e1

r1, t1

r1, t2
(e1, r1, e1, t1) →
(e1, r1, e1, t2)

2-hop:
Transitive
Closure

Antecedents share
one entity;
consequence
closes the triangle
by connecting
open ends.

e1 e2 e3
r1, t1 r2, t2rx, t3

(e1, r1, e2, t1) ∧
(e2, r2, e3, t2) →
(e1, rx, e3, t3)

2-hop: Rein-
forcement of
Premise

Antecedents share
one entity;
consequence
repeats one
antecedent edge.

e1 e2 e3
r1, t1 r2, t2r1, t3

(e1, r1, e2, t1) ∧
(e2, r2, e3, t2) →
(e1, r1, e2, t3)

2-hop: Bridge Antecedents are
disjoint
components;
consequence must
connect them.

e1 e2 e3 e4
r1, t1 r2, t2rx, t3

(e1, r1, e2, t1) ∧
(e3, r2, e4, t2) →
(e2, rx, e3, t3)

2-hop: Multi-
derivation

Both antecedents
use the same
unordered entity
pair.

e1 e2
r1, t1r2, t2

rx, t3
(e1, r1, e2, t1) ∧
(e1, r2, e2, t2) →
(e1, rx, e2, t3)

3-hop:
Multi-step
Transitive
Closure

Three antecedents
form a length-3
path; consequence
closes cycle by
connecting
endpoints.

e1 e2 e3 e4
r1, t1 r2, t2 r3, t3

rx, t4

∧3
i=1(ei, ri, ei+1, ti) →

(e1, rx, e4, t4)

3-hop:
Shortcut
Entailment

Length-3 path;
consequence links
an endpoint to an
interior node.

e1 e2 e3 e4
r1, t1 r2, t2 r3, t3rx, t4∧3

i=1(ei, ri, ei+1, ti) →
(e1, rx, e3, t4)

3-hop:
Premise
Re-derivation

Length-3 path;
consequence
repeats one earlier
edge (reinforces a
subedge).

e1 e2 e3 e4
r1, t1 r2, t2 r3, t3r2, t4∧3

i=1(ei, ri, ei+1, ti) →
(e2, r2, e3, t4)

3-hop:
Bridging
Composition

Early antecedents
are disjoint; later
antecedent or
consequence join
them.

e1 e2 e3 e4
r1, t1 r2, t2r3, t3

rx, t4

(e1, r1, e2, t1) ∧
(e3, r2, e4, t2) ∧
(e2, r3, e3, t3) →
(e1, rx, e4, t4)

3-hop: Cyclic
Entailment

All four edges
form a single
simple cycle.

e1

e2

e3

e4

r1, t1 r2, t2

r3, t3
rx, t4

cycle(e1, e2, e3, e4) ∧
Consequence completes cycle

Table 4: Shape taxonomy of our synthetic data generator. This covers all of our valid pattern shapes, up to variation
in relation orientation and temporal ordering of the quadruples. Legend: Antecedents are solid; consequence is
dashed.

Algorithm 5 identifies all satisfied antecedent785

configurations of a given pattern at a specific time.786

It anchors on candidate consequence events and787

performs a backward temporal search to recover an-788

tecedent bindings that respect relation constraints,789

temporal windows, and variable consistency. The790

output enables spontaneous consequence emission791

without explicitly forcing pattern instances.792

Algorithm 6 performs recursive backtracking793

over antecedent positions to enumerate consistent794

variable bindings. At each step, it restricts candi-795

date edges using temporal constraints and already-796

bound entities, pruning inconsistent assignments797

early. This procedure ensures exact matching of798

multi-hop temporal patterns.799

Algorithm 7 retrieves candidate temporal edges800

for a single antecedent position under a relation801

constraint, time window, and partial variable as-802

signment. By querying a relation-indexed, time-803

sorted structure, it avoids scanning the full graph 804

and enables efficient backtracking for antecedent 805

matching. 806
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Category Description Logical form
Deterministic / tight Each lag interval is a single value (δ−i = δ+i ), pro-

ducing fixed-delay patterns.
(·, t1) ∧ (·, t2) → (·, t3) with t2 =
t1 + δ, t3 = t2 + δ′

Loose / interval Lags are wide intervals; valid instances tolerate tim-
ing noise: ti+1 − ti ∈ [δ−i , δ+i ].

t2 − t1 ∈ [δ−1 , δ+1 ], t3 − t2 ∈
[δ−2 , δ+2 ]

Front-loaded Early lag(s) are larger in expectation than later lag(s):
“slow setup then fast trigger.”

E[δ1] > E[δ2] (e.g., [5, 10] then
[0, 2])

Back-loaded Later lag(s) larger than early: “fast evidence then
slow outcome.”

E[δ1] < E[δ2] (e.g., [0, 2] then
[5, 10])

Recency vs long-range All lags small (recency window) vs some large (long-
range dependency).

Recency: ∀i, δ+i ≤ W ; Long-
range: ∃i, δ+i ≫ W

(a) Temporal constraint regimes induced by the per-step interval sequence ∆p.

Category Description Formal Constraint
No new entities in conse-
quence

Consequence entity set must be a subset of an-
tecedent entity set (prevents exogenous “teleporting”
entities).

{hc, tc} ⊆
⋃

i{hi, ti}

No self-connections (op-
tional)

Exclude triples with h = t (removes self-loops /
collapsed edges).

∀ triples (h, r, t) : h ̸= t

No duplicate triples (op-
tional)

Require all triples in the pattern to be distinct (re-
moves degenerate repetitions).

|{antecedent triples} ∪
{consequence triple}| = k + 1

2-hop connectivity Require antecedents connected OR consequence
bridges disjoint antecedents.

(E1∩E2 ̸= ∅) ∨
(
hc ∈ E1∧tc ∈

E2

)
∨

(
hc ∈ E2 ∧ tc ∈ E1

)
3-hop rescue connectivity Allow patterns where the third antecedent or the con-

sequence restores connectivity among earlier parts
(join).

If early antecedents are disjoint, re-
quire a later edge to connect compo-
nents.

Single-cycle enforcement
(optional)

Enforce that the edge multiset forms one simple cy-
cle.

forms_single_cycle({{hi, ti}}ki=1∪
{{hc, tc}}) = True

Subpattern filtering at in-
stantiation

Avoid instantiating patterns that are subpatterns of
previously selected ones (encourages diversity).

Reject p if ∃p′ ∈ P such that p ⊆ p′

(ignoring timing).

(b) Constraint regime: generator “knobs” that define which motifs are considered and which are excluded.

Table 5: Temporal constraints and more general constraints in our synthetic TKG generating process.
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Algorithm 3 GENERATENHOPPATTERNS

Require: nhops ∈ {1, 2, 3}; flags REQUIREUNIQUE, PROHIBITSELFCONNECTIONS, PROHIBITNEW-
CONSEQUENCERELATIONS, REQUIRESEQUENTIALRULE

Ensure: Table PatternTable of canonical 1-, 2-, or 3-hop templates
1: Set (nE , nR)← (2, 2) if nhops = 1; (4, 3) if nhops = 2; (5, 4) if nhops = 3
2: E ← {e1, . . . , enE},R ← {r1, . . . , rnR}
3: T ← {(h, r, t) : h, t ∈ E , r ∈ R} ▷ all possible triples
4: P ← ∅ ▷ set of canonical patterns
5: PatternTable← empty table
6: if nhops = 1 then
7: for all a1 ∈ T do
8: EA ← {a1.h, a1.t}
9: for all c ∈ EA ×R× EA do

10: if IS-VALID-1-HOP-PATTERN(a1, c) with current flags then
11: (a′1, c

′)← CANONICALIZE(a1, c)
12: if (a′1, c′) /∈ P then
13: P ← P ∪ {(a′1, c′)}
14: append row for (a′1, c

′) to PatternTable
15: end if
16: end if
17: end for
18: end for
19: else if nhops = 2 then
20: for all (a1, a2) ∈ T × T do
21: EA ← entities in a1 and a2
22: for all c ∈ EA ×R× EA do
23: if IS-VALID-2-HOP-PATTERN(a1, a2, c) with current flags then
24: (a′1, a

′
2, c

′)← CANONICALIZE(a1, a2, c)
25: if (a′1, a′2, c′) /∈ P then
26: add (a′1, a

′
2, c

′) to P and to PatternTable
27: end if
28: end if
29: end for
30: end for
31: else if nhops = 3 then
32: for all (a1, a2, a3) ∈ T 3 do
33: EA ← entities in a1, a2, a3
34: for all c ∈ EA ×R× EA do
35: if IS-VALID-3-HOP-PATTERN(a1, a2, a3, c) with current flags then
36: (a′1, a

′
2, a

′
3, c

′)← CANONICALIZE(a1, a2, a3, c)
37: if (a′1, a′2, a′3, c′) /∈ P then
38: add (a′1, a

′
2, a

′
3, c

′) to P and to PatternTable
39: end if
40: end if
41: end for
42: end for
43: end if
44: return PatternTable

14



Algorithm 4 Synthetic TKG Generation

1: procedure GENERATETKG(|E|, |R|, |T |, wE , wR,P, ρforce, nforce)
Require: |E| > 0, |R| > 0, |T | > 0

2: E ← {1, . . . , |E|}, R← {1, . . . , |R|}, T ← {0, . . . , |T | − 1} ▷ Initialize vocabularies
3: G← ∅
4: Initialize label map ℓ(q)← ∅ for all q ∈ E ×R× E × T
5: for τ ∈ T do ▷ Iterate over time
6: for p ∈ P do ▷ Pattern-driven structure
7: k ← hop-length of p
8: (Ap, cp,∆p)← p ▷ Ap antecedents, cp consequence
9: for j ← 1, . . . , nforce(p) do ▷ Forced instantiations of p

10: Draw u ∼ Uniform[0, 1]
11: if u < ρforce(p) then
12: Sample entity map πp : V → E by drawing each πp(v) ∼WE

13: (Qp, {τi}k+1
i=1 )← INSTANTIATEPAT(p, πp, τ) ▷ Get quadruples and lags

14: for q ∈ Qp do
15: if τ(q) ∈ T then
16: G← G ∪ {q}
17: ℓ(q)← ℓ(q) ∪ {p}
18: end if
19: end for
20: end if
21: end for
22: Iante ← GETSATISFIEDANTECEDENTS(G, p, τ) ▷ Spontaneous instantiations
23: for (π, {τi}ki=1) ∈ Iante do
24: Let ∆p’s last interval be [δ−k , δ

+
k ]

25: Sample τk+1 uniformly from [τk + δ−k , τk + δ+k ]
26: if τk+1 ∈ T then
27: Let cp = (xc, rc, yc)
28: q ← (π(xc), rc, π(yc), τk+1)
29: G← G ∪ {q}
30: ℓ(q)← ℓ(q) ∪ {p}
31: end if
32: end for
33: end for
34: end for
35: return G, ℓ,E,R, T,P
36: end procedure

15



Algorithm 5 Enumerating Satisfied Antecedents

1: procedure GETSATISFIEDANTECEDENTS(G, p, τcurr)
Require: Temporal graph G = (E,R, T,Q)
Require: Pattern p = (Ap, cp,∆p) of hop-length k

2: Let Ap =
(
(x1, r1, y1), . . . , (xk, rk, yk)

)
3: Let cp = (xc, rc, yc)
4: Let ∆p =

(
[δ−1 , δ

+
1 ], . . . , [δ

−
k , δ

+
k ]
)

▷ k intervals between consecutive events
5: Iante ← ∅
6: P ← placeholders appearing in Ap or cp ▷ e.g., e1, e2, . . .

▷ Anchor on candidate consequence edges at time τcurr
7: C ← {(s, rc, o, τcurr) ∈ Q} ▷ Candidate consequence quadruples
8: for all (s, rc, o, τcurr) ∈ C do
9: m← empty partial mapping P ⇀ E

10: if xc is a placeholder then ▷ Populate the mapping
11: m(xc)← s
12: end if
13: if yc is a placeholder then
14: m(yc)← o
15: end if
16: if ALLDIFFERENT(m) is false then ▷ Detect degenerate mappings
17: continue
18: end if
19: τc ← τcurr
20: BACKTRACKANTE(k, τc,m, [ ]) ▷ Backtrack over antecedents from most recent to oldest
21: end for
22: return Iante
23: end procedure
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Algorithm 6 Antecedent Backtracking

1: function BACKTRACKANTE(i, τnext,m, τ )
2: if i = 0 then ▷ Recursive base case
3: Iante ← Iante ∪ {(m, τ )}
4: return
5: end if
6: ai = (xi, ri, yi)
7: [δ−i , δ

+
i ]← ∆p[i]

8: tmin ← τnext − δ+i
9: tmax ← τnext − δ−i

▷ Retrieve only edges consistent with relation, window, and any fixed entities
10: Qi ← CANDIDATEEDGES(G, ai, [tmin, tmax],m)
11: for all (s, ri, o, τi) ∈ Qi do
12: m′ ← m
13: if xi is a placeholder and m′(xi) is undefined then
14: m′(xi)← s
15: else if xi is a placeholder and m′(xi) ̸= s then
16: continue
17: else if xi is an entity and xi ̸= s then
18: continue
19: end if
20: if yi is a placeholder and m′(yi) is undefined then
21: m′(yi)← o
22: else if yi is a placeholder and m′(yi) ̸= o then
23: continue
24: else if yi is an entity and yi ̸= o then
25: continue
26: end if
27: if ALLDIFFERENT(m′) is false then
28: continue
29: end if
30: τ ′ ← (τi) ∥ τ ▷ prepend τi at the front
31: BACKTRACKANTE(i− 1, τi,m

′, τ ′)
32: end for
33: end function
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Algorithm 7 Retrieving Candidate Edges for an Antecedent

1: function CANDIDATEEDGES(G, ai, [tmin, tmax],m)
Require: Temporal graph G = (E,R, T,Q)
Require: Antecedent ai = (xi, ri, yi)
Require: Time window [tmin, tmax] ⊆ T
Require: Partial mapping m : P ⇀ E from placeholders to entities
Ensure: Set Qi of edges (s, ri, o, τ) that are consistent with ai and m in the window

2: if tmax < tmin then
3: return ∅
4: end if
5: Qi ← ∅
6: Let Iri =

(
(s1, ri, o1, τ1), . . . , (sM , ri, oM , τM )

)
▷ time-sorted index of edges with relation ri

7: Find smallest index ℓ such that τℓ ≥ tmin ▷ e.g., binary search
8: Find largest index u such that τu ≤ tmax

9: if ℓ > u then
10: return ∅
11: end if
12: for j ← ℓ to u do
13: (sj , ri, oj , τj)← Iri [j]
14: ok← true ▷ check head entity
15: if xi is a placeholder and m(xi) is defined then
16: if sj ̸= m(xi) then
17: ok← false
18: end if
19: else if xi is a concrete entity then
20: if sj ̸= xi then
21: ok← false
22: end if
23: end if ▷ check tail entity
24: if ok then
25: if yi is a placeholder and m(yi) is defined then
26: if oj ̸= m(yi) then
27: ok← false
28: end if
29: else if yi is a concrete entity then
30: if oj ̸= yi then
31: ok← false
32: end if
33: end if
34: end if
35: if ok then
36: Qi ← Qi ∪ {(sj , ri, oj , τj)}
37: end if
38: end for
39: return Qi

40: end function
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D Pattern Validity Algorithms807

To ensure that generated patterns are structurally808

meaningful and non-degenerate, we apply a se-809

quence of validity checks during pattern enumera-810

tion. These checks enforce connectivity, optional811

exclusion of self-loops, entity reuse constraints,812

and (optionally) single-cycle structure.813

We implement our structural constraints on 1-,814

2-, and 3-hop patterns using the helper routines815

in Algorithms 10 and 11. Algorithm 11 checks816

whether a set of undirected entity pairs forms a817

single simple cycle. Algorithms 8 to 10 apply this818

cycle test together with optional uniqueness and819

self-loop constraints to determine whether a candi-820

date 1-, 2-, or 3-hop pattern is valid. The REQUIRE-821

SEQUENTIAL flag enforces that consecutive edges822

share at least one endpoint, ruling out disconnected823

permutations of the same edge multiset.824

Algorithm 11 checks whether a set of entity pairs825

forms a single simple cycle. This constraint is op- 826

tionally used to restrict pattern templates to cyclic 827

structures, ensuring well-formed relational motifs 828

and excluding disconnected or degenerate configu- 829

rations. 830

Algorithm 8 applies structural and semantic con- 831

straints to candidate 1-hop patterns. It enforces 832

optional uniqueness, prohibits self-loops when re- 833

quested, ensures entity reuse between antecedent 834

and consequence, and optionally restricts patterns 835

to sequential or cyclic forms. 836

Algorithm 9 determines whether a candidate 2- 837

hop pattern is structurally valid. In addition to 838

basic constraints, it enforces that antecedents are 839

either connected or are explicitly bridged by the 840

consequence, preventing disconnected motifs that 841

would trivialize reasoning. 842

Algorithm 10 extends validity checking to 3- 843

hop patterns, accounting for multiple connectivity 844

regimes. It allows early disjoint antecedents pro- 845

vided later antecedents or the consequence restore 846

connectivity, enabling expressive but controlled 847

multi-hop motifs while excluding structurally inco- 848

herent patterns. 849

D.1 Generator Calibration Algorithms 850

To obtain ICEWS14-Synth we calibrate the genera- 851

tor hyperparameters so that the resulting synthetic 852

TKG matches a reference TKG (ICEWS14) along 853

simple descriptive statistics and heuristic baseline 854

performance. Algorithms 12 and 13 describe this 855

procedure. 856

Algorithm 12 uses Bayesian optimization to 857

search over hyperparameters controlling the num- 858

ber and type of patterns, their forcing parameters, 859

and the entity/relation sampling distributions. For 860

each proposed configuration, we run the generator 861

once, compute descriptive statistics on the synthetic 862

TKG (number of entities, relations, timestamps, 863

edges, and degree quantiles), and evaluate the re- 864

cency and frequency baselines. These measure- 865

ments are combined into a scalar objective, and 866

the optimizer (a TPE-based sampler) iteratively 867

proposes new configurations that minimize this ob- 868

jective over a fixed trial budget. 869

Algorithm 13 defines the calibration objective 870

used by the optimizer. The first term is a weighted 871

sum of relative errors between synthetic and refer- 872

ence descriptive statistics, encouraging the genera- 873

tor to match the size, sparsity, and degree structure 874

of the target TKG. The second term compares the 875

Hits@K scores of recency and frequency baselines 876
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Algorithm 8 ISVALID1HOPPATTERN

Require: Antecedent triple a(1) = (h1, r1, t1)
Require: Consequence triple c = (hc, rc, tc)
Require: Booleans: REQUIREUNIQUE, PRO-

HIBITSELF, PROHIBITNEWCONSREL, RE-
QUIRESEQUENTIAL

Ensure: true iff pattern is valid
1: E1 ← {h1, t1}; Ec ← {hc, tc}
2: if REQUIREUNIQUE and {a(1), c} has size <

2 then
3: return false ▷ duplicate triples
4: end if
5: if PROHIBITSELF and (|E1| < 2 or |Ec| < 2)

then
6: return false ▷ self-loop not allowed
7: end if
8: if REQUIRESEQUENTIAL then
9: E ← (E1, Ec)

10: if not FORMSSINGLECY-
CLE(E , REQUIRESEQUENTIAL) then

11: return false
12: end if
13: end if
14: if Ec ̸⊆ E1 then
15: return false ▷ consequence entities must

appear in antecedent
16: end if
17: if PROHIBITNEWCONSREL and rc ̸= r1 then
18: return false ▷ consequence relation must

be used in antecedent
19: end if
20: return true

on synthetic and reference data, penalizing con-877

figurations whose heuristic baselines behave very878

differently from those on the original dataset. A879

single hyperparameter λ controls the trade-off be-880

tween matching descriptive statistics and matching881

baseline behavior. In practice this calibration yields882

synthetic TKGs that closely resemble ICEWS14 at883

both the structural and behavioral levels.884

E Context Retrieval and Prompting885

Strategies886

This appendix details the retrieval and prompting887

variants referenced in Section 5.4. Table 6 summa-888

rizes each strategy, including what keys are used889

for retrieval (entity, pair, relation-set) and the result-890

ing context distribution the model sees at inference891

time.892

Algorithm 9 ISVALID2HOPPATTERN

Require: Antecedents a(1) = (h1, r1, t1), a(2) =
(h2, r2, t2)

Require: Consequence c = (hc, rc, tc)
Require: Booleans: REQUIREUNIQUE, PRO-

HIBITSELF, PROHIBITNEWCONSREL, RE-
QUIRESEQUENTIAL

Ensure: true iff pattern is valid
1: E1 ← {h1, t1}; E2 ← {h2, t2}; Ec ←
{hc, tc}

2: if REQUIREUNIQUE and {a(1), a(2), c} has
size < 3 then

3: return false
4: end if
5: if PROHIBITSELF and (|E1| < 2 or |E2| <

2 or |Ec| < 2) then
6: return false
7: end if
8: if REQUIRESEQUENTIAL then
9: E ← (E1, E2, Ec)

10: if not FORMSSINGLECY-
CLE(E , REQUIRESEQUENTIAL) then

11: return false
12: end if
13: end if
14: if Ec ̸⊆ (E1 ∪ E2) then
15: return false
16: end if
17: if PROHIBITNEWCONSREL and rc /∈
{r1, r2} then

18: return false
19: end if
20: intersects← (E1 ∩ E2 ̸= ∅)
21: connectsDisjoint ← ((hc ∈ E1 ∧ tc ∈

E2) ∨ (tc ∈ E1 ∧ hc ∈ E2))
22: if not (intersects∨connectsDisjoint) then
23: return false ▷ antecedents must touch or

be joined by consequence
24: end if
25: return true

F Full Experimental Results 893

This section reports the complete breakdown of 894

Hits@K results across all synthetic variation axes, 895

extending the summarized comparisons shown in 896

the main paper. Table 7 reports the complete 897

Hits@K results for all methods and synthetic varia- 898

tion settings summarized in the main text. 899
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Algorithm 10 ISVALID3HOPPATTERN

Require: Antecedents a(1) = (h1, r1, t1), a(2) = (h2, r2, t2), a(3) = (h3, r3, t3)
Require: Consequence c = (hc, rc, tc)
Require: Booleans: REQUIREUNIQUE, PROHIBITSELF, PROHIBITNEWCONSREL, REQUIRESEQUEN-

TIAL

Ensure: true iff pattern is valid
1: E1 ← {h1, t1}; E2 ← {h2, t2}; E3 ← {h3, t3}; Ec ← {hc, tc}
2: if REQUIREUNIQUE and {a(1), a(2), a(3), c} has size < 4 then
3: return false
4: end if
5: if PROHIBITSELF and (|E1| < 2 or |E2| < 2 or |E3| < 2 or |Ec| < 2) then
6: return false
7: end if
8: if REQUIRESEQUENTIAL then
9: E ← (E1, E2, E3, Ec)

10: if not FORMSSINGLECYCLE(E , REQUIRESEQUENTIAL) then
11: return false
12: end if
13: end if
14: if Ec ̸⊆ (E1 ∪ E2 ∪ E3) then
15: return false
16: end if
17: if PROHIBITNEWCONSREL and rc /∈ {r1, r2, r3} then
18: return false
19: end if
20: connectedSeq ← ((h2 ∈ E1 ∨ t2 ∈ E1) ∧ (h3 ∈ (E1 ∪ E2) ∨ t3 ∈ (E1 ∪ E2)))
21: if not connectedSeq then
22: firstSecondDisjoint← ¬(h2 ∈ E1 ∧ t2 ∈ E1)
23: thirdConnects← ((h3 ∈ E1 ∧ t3 ∈ E2) ∨ (t3 ∈ E1 ∧ h3 ∈ E2))
24: thirdPartialConnect← (h3 ∈ (E1 ∪ E2) ∨ t3 ∈ (E1 ∪ E2))
25: thirdConnectF irst← (h3 ∈ E1 ∨ t3 ∈ E1)
26: thirdConnectSecond← (h3 ∈ E2 ∨ t3 ∈ E2)
27: consF irstThirdToSecond← ((hc ∈ (E1 ∪ E3) ∧ tc ∈ E2) ∨ (tc ∈ (E1 ∪ E3) ∧ hc ∈ E2))
28: consSecondThirdToF irst← ((hc ∈ (E2 ∪ E3) ∧ tc ∈ E1) ∨ (tc ∈ (E2 ∪ E3) ∧ hc ∈ E1))
29: consF irstSecondToThird← ((hc ∈ (E1 ∪ E2) ∧ tc ∈ E3) ∨ (tc ∈ (E1 ∪ E2) ∧ hc ∈ E3))
30: if firstSecondDisjoint then
31: if not

(
thirdConnects ∨

(
thirdConnectF irst ∧ consF irstThirdToSecond

)
∨(

thirdConnectSecond ∧ consSecondThirdToFirst
))

then
32: return false
33: end if
34: else if not thirdPartialConnect then
35: if not consF irstSecondToThird then
36: return false
37: end if
38: end if
39: end if
40: return true
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Algorithm 11 FORMSSINGLECYCLE

Require: Ordered edge sets E = (E1, . . . , EL),
where Ei ⊆ V and |Ei| = 2

Require: Boolean flag REQUIREADJACENCY

Ensure: true iff the edges form one simple cycle
1: if L = 0 then return false
2: if REQUIREADJACENCY then
3: for i = 1 to L do
4: j ← (i mod L) + 1 ▷ cyclic successor
5: if Ei ∩ Ej = ∅ then
6: return false
7: end if
8: end for
9: end if

10: Build undirected graph G = (V, E ′) where
each Ei = {u, v} induces edge (u, v)

11: Compute degree deg(v) for all v ∈ V in G
12: if ∃v ∈ V s.t. deg(v) ̸= 2 then
13: return false
14: end if
15: Run DFS/BFS from an arbitrary node v0 ∈ V

to get visited set Vseen
16: if |Vseen| ̸= |V| then
17: return false ▷ graph not connected
18: end if
19: if |E ′| ̸= |V| then
20: return false ▷ simple cycle must satisfy
|E| = |V |

21: end if
22: return true
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Algorithm 12 Bayesian calibration of generator hyperparameters

Require: Reference TKG Gref , base configuration template θ0, search spaceH over generator hyperpa-
rameters, descriptive metric weights {αd}, baseline metric weight λ, set of baseline metrics K (e.g.,
recency/frequency Hits@k), evaluation budget B

Ensure: Calibrated configuration θ⋆ and synthetic TKG Gsyn

1: mref ← COMPUTEMETRICS(Gref) ▷ e.g., |E|, |R|, |T |, avg deg, quantiles
2: bref ← EVALUATEBASELINES(Gref ,K) ▷ recency/frequency baselines on the reference TKG
3: S ← INITBAYESOPT() ▷ initialize Bayesian optimizer (e.g., TPE sampler)
4: for i = 1 to B do
5: θi ← SUGGEST(S,H) ▷ sample hyperparameters: pattern counts, forcing rates, weight dists, . . .
6: ci ← BUILDCONFIG(θ0, θi) ▷ merge trial hyperparameters into base config
7: Gsyn

i ← GENERATETKG(ci) ▷ run generator once (Algorithm 4)
8: if Gsyn

i generation failed then
9: si ←M ▷M is a large penalty score, e.g., 109

10: else
11: msyn

i ← COMPUTEMETRICS(Gsyn
i )

12: bsyni ← EVALUATEBASELINES(Gsyn
i ,K)

13: ecore ←
∑

d αd RELABSERR
(
msyn

i,d ,m
ref
d

)
14: ebase ← 1

|K|
∑

k∈K
∣∣bsyni,k − brefk

∣∣
15: si ← ecore + λebase
16: end if
17: S ← UPDATE(S, θi, si)
18: end for
19: i⋆ ← argmini si
20: θ⋆ ← θi⋆ ; Gsyn ← Gsyn

i⋆

21: return θ⋆, Gsyn

Algorithm 13 Objective used for calibration

Require: Synthetic TKG Gsyn, reference metrics mref , reference baselines bref , weights {αd}, λ, metric
set D, baseline set K

1: msyn ← COMPUTEMETRICS(Gsyn)
2: bsyn ← EVALUATEBASELINES(Gsyn,K)

3: ecore ←
∑

d∈D αd

∣∣msyn
d −mref

d

∣∣
max{|mref

d |,1}
4: ebase ← 1

|K|
∑

k∈K
∣∣bsynk − brefk

∣∣
5: return ecore + λebase
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Method Name Description Context Example
Naive Entity The context consists of historical quadruples that share the same

head entity as the query. In the example, all retrieved quadruples
share the same head entity 447.

138:[447, 6, 479]
138:[447, 51, 1013]
. . .
143:[447, 37, 1588]
144:[447, 18, ?]

Naive Pair The context consists of historical quadruples that share both the
head entity and the relation with the query. In the example, all
retrieved quadruples share the same head entity 447 and relation
18.

14:[447, 18, 447]
23:[447, 18, 447]
. . .
137:[447, 18, 447]
144:[447, 18, ?]

Oracle In-Context
Learning

Only the ground-truth antecedent triples of the query are provided
as context. In the example, the consequence query 144:[447, 18, ?]
has two antecedents 137:[588, 70, 470] and 140:[447, 18, 588].

137:[588, 70, 470]
140:[447, 18, 588]
144:[447, 18, ?]

Analogy-head An analogy and the query are generated from the same pattern
but involve different entities. Context for the analogy is retrieved
based on the analogy’s head entity, while context for the query
is retrieved based on the query’s head entity. In the example, the
analogy 143:[817, 18, 817] and the query 144:[447, 18, ?] share
the same underlying pattern.

Example:
1:[817, 41, 1640]
13:[817, 77, 378]
. . .
143:[817, 18, 817]
New Solve:
138:[447, 6, 479]
138:[447, 51, 1013]
. . .
144:[447, 18, ?]

Analogy-relation Context is retrieved based on the relations appearing in the an-
tecedent triples of the shared pattern, for both the analogy and the
query. In the example, the analogy 143:[817, 18, 817] and the
query 144:[447, 18, ?] share the same pattern. Their contexts are
retrieved using the relations appearing in the antecedents, namely
relation 18, which leads to a context dominated by relation 18.

Example:
138:[1286, 18, 802]
138:[89, 18, 1335]
. . .
143:[817, 18, 817]
New Solve:
139:[34, 18, 34]
139:[290, 18, 1308]
. . .
144:[447, 18, ?]

Balanced analogy-
relation

We use the same relation-based retrieval, but explicitly balance the
frequency of relations in the retrieved context. In the example, the
analogy 143:[817, 18, 817] and the query 144:[447, 18, ?] share
a pattern with relations 18 and 70. We construct the context so
that triples with relation 18 and relation 70 appear with comparable
frequency, mitigating the bias toward frequent relations.

Example:
125:[638, 70, 638]
. . .
142:[88, 70, 1315]
143:[817, 18, 817]
New Solve:
125:[523, 70, 523]
. . .
143:[58, 18, 58]
143:[1468, 70, 746]
144:[447, 18, ?]

Table 6: Overview of baseline, oracle context, analogy-based retrieval and prompting strategies with illustrative
examples.
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