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Abstract001

Static benchmarks often conflate memoriza-002
tion with reasoning, failing to capture the dy-003
namic nature of world knowledge. We present004
LIVESEARCHBENCH, an automated pipeline005
constructing retrieval-dependent benchmarks006
from knowledge graph differentials. Unlike007
prior dynamic evaluations focused on simple008
fact updates, our method synthesizes complex,009
multi-constraint questions guaranteed to have010
unique answers via strict SPARQL validation.011
Experiments reveal a pronounced “Recency012
Gap”: models struggle significantly with facts013
post-dating their pretraining, particularly on014
multi-hop queries. While retrieval-augmented015
generation (RAG) offers partial gains, it fails016
to close this gap, limited by distinct failures in017
both indexing novel entities and reasoning over018
evidence. LIVESEARCHBENCH thus shifts rea-019
soning evaluation from static memorization to-020
ward rigorous, real-time evidence integration021
under evolving knowledge.022

1 Introduction023

Large language models (LLMs) have demonstrated024

remarkable progress across diverse natural lan-025

guage processing tasks, with solid performance on026

prominent search question answering (QA) bench-027

marks such as Natural Questions (Kwiatkowski028

et al., 2019), TriviaQA (Joshi et al., 2017), and029

HotpotQA (Yang et al., 2018). Recent reinforce-030

ment learning (RL) methods have further improved031

headline performance, strengthening the percep-032

tion that LLMs possess sophisticated reasoning033

and knowledge-intensive inference capabilities (Jin034

et al., 2025b; Fan et al., 2025). However, a fun-035

damental limitation persists: most search-oriented036

benchmarks are static snapshots. Many were col-037

lected years ago, raising the risk that answers are038

encoded in models’ parametric memory due to pre-039

training contamination rather than discovered via040

retrieval (Wu et al., 2025a).041

World knowledge is inherently dynamic, news 042

breaks, software versions change, and policies 043

evolve. Yet, prevailing benchmarks often lack 044

mechanisms to incorporate real-time updates. Even 045

recent efforts to introduce dynamic evaluations of- 046

ten focus on checking simple, single-hop fact up- 047

dates (e.g., "Who won the 2024 Super Bowl?"), 048

which tests a model’s knowledge updating rather 049

than its retrieval-based reasoning process. Because 050

of this, evaluating retrieval systems remains unreli- 051

able: models can often answer questions without 052

invoking search, or fail to disambiguate complex 053

queries when new entities emerge. As emphasized 054

by the notion of a Knowledge Boundary (Wang 055

et al., 2025; Chen et al., 2025), there is a critical 056

distinction between what a model remembers and 057

what it must acquire externally. Our preliminary 058

experiments in Sec3 corroborate this: models of- 059

ten achieve strong scores even when retrieval is 060

disabled, suggesting that memorized knowledge 061

dominates and obscures the true capacity for rea- 062

soning over up-to-date information. 063

To contextualize the evolution of QA evalua- 064

tion, Figure 1 highlights key datasets and model 065

milestones. As the timeline shows, community ef- 066

forts have largely prioritized model development 067

over evaluation under dynamic, complex condi- 068

tions. Motivated by these gaps, and inspired by 069

the contamination-aware practices of bench (Jain 070

et al., 2024; White et al., 2025), we introduce 071

LiveSearchBench, a continually updated bench- 072

mark built via a scalable pipeline that synthesizes 073

complex reasoning questions from Wikidata snap- 074

shot differentials. Unlike prior work, LiveSearch- 075

Bench goes beyond simple fact-checking. It 076

constructs multi-hop and multi-constraint queries 077

(L2/L3) where the answer is guaranteed to be 078

unique and verifiable through rigorous SPARQL 079

validation against the specific knowledge snapshot. 080

By design, success hinges on up-to-date retrieval 081

and compositional reasoning rather than parametric 082
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Figure 1: A timeline of major QA benchmarks and model releases. The figure illustrates the historical reliance on
static benchmarks, motivating the need for dynamic evaluation resources.

recall.083

Our evaluation yields three key insights. First,084

by systematically testing LLMs and retrieval-085

augmented generation (RAG) systems, we expose086

marked differences in their ability to handle dy-087

namic knowledge compared to static facts. Second,088

we observe a persistent gap between memorization-089

driven responses and genuine retrieval-based in-090

ference, particularly in complex reasoning tasks.091

These findings underscore the need for benchmarks092

that reflect realistic, time-sensitive conditions. This093

paper makes the following contributions:094

⋄Topology-Aware Question Synthesis: We in-095

troduce a data-driven pipeline that mines com-096

plex logical structures (intersection, fuzzy con-097

straints) directly from knowledge graph differen-098

tials. Unlike template-based approaches limited to099

predefined schemas, our method adaptively con-100

structs multi-hop reasoning tasks over evolving101

data topologies.102

⋄ Deterministic Logical Grounding: We ad-103

dress the ambiguity challenge in automated bench-104

marking by enforcing formal solvability constraints.105

By anchoring every natural language question to106

a unique, mathematically verifiable subgraph, we107

ensure that the evaluation measures genuine rea-108

soning capability rather than guessing games.109

⋄ Disentangling Retrieval and Reasoning:110

Through extensive evaluations and Oracle-based111

analysis, we quantify the “Recency Gap” and dis- 112

entangle the distinct failure modes of LLMs. We 113

show that while retrieval aids in accessing novel en- 114

tities, current models fundamentally struggle to per- 115

form deductive reasoning over retrieved evidence 116

in dynamic contexts. 117

2 Related Work 118

Retrieval-Enhanced Inference. Approaches to 119

ground LLMs in external knowledge span three 120

paradigms (Zhang et al., 2025): (i) Standard RAG, 121

utilizing retriever-reader architectures (Gao et al., 122

2024; Fan et al., 2024); (ii) Agentic Search, where 123

systems explicitly plan and browse in multi-step 124

loops (Zhou et al., 2025; Li et al., 2025a,b); and 125

(iii) RL for Search, which optimizes the search- 126

reasoning coordination via end-to-end reinforce- 127

ment (Jin et al., 2025b; Fan et al., 2025; Sun et al., 128

2025). These lines differ primarily in policy auton- 129

omy and optimization objectives. 130

Static QA Benchmarks. Static datasets remain 131

the standard for single-hop (Kwiatkowski et al., 132

2019; Joshi et al., 2017; Wei et al., 2024) and multi- 133

hop reasoning (Yang et al., 2018; Ho et al., 2020; 134

Wei et al., 2025). However, fixed snapshots fail to 135

capture evolving knowledge. 136

Dynamic and Continual Benchmarks. Recent 137

work addresses this via dynamic evaluation on 138

2



1 2 4 8 16 32 64 128 256 512 1024
Pass@k

Lla
m

a3
.2

-3
B

Lla
m

a3
.1

-8
B

Qw
en

2.
5-

3B
Qw

en
2.

5-
7B

-12.1 -7.4 0.8 8.4 9.6 16.6 20.2 22.6 26.4 31.0 34.2

-17.8 -11.6 -4.4 1.2 6.4 9.2 13.4 15.2 18.6 21.4 23.8

-25.0 -19.4 -14.8 -11.0 -7.6 -3.6 1.0 3.4 7.4 13.8 17.6

-23.9 -21.3 -16.5 -11.3 -8.7 -4.3 -0.1 6.1 8.7 12.7 16.3

NQ

1 2 4 8 16 32 64 128 256 512 1024
Pass@k

-23.8 -12.4 -2.4 3.4 8.4 12.0 14.6 16.2 18.0 19.6 21.4

-16.2 -7.4 -0.6 2.0 6.2 8.6 11.0 15.6 15.6 16.4 18.4

-27.4 -20.2 -12.8 -7.0 -2.8 1.4 6.2 8.8 12.6 15.8 18.6

-32.5 -23.3 -19.5 -12.1 -5.5 -1.7 1.5 4.3 8.3 11.1 13.7

TQ

1 2 4 8 16 32 64 128 256 512 1024
Pass@k

-15.0 -12.8 -6.0 0.6 4.4 10.6 15.2 19.6 23.2 25.6 28.2

-18.2 -11.2 -7.8 -2.4 4.8 11.8 14.4 18.0 23.2 25.0 27.8

-13.3 -8.3 -2.3 2.9 7.9 11.1 15.5 19.3 21.9 25.1 27.3

-19.7 -12.3 -6.9 -1.9 1.5 7.1 10.7 14.9 17.5 20.5 23.3

HQ

1 2 4 8 16 32 64 128 256 512 1024
Pass@k

Lla
m

a3
.2

-3
B

Lla
m

a3
.1

-8
B

Qw
en

2.
5-

3B
Qw

en
2.

5-
7B

-5.4 0.2 7.2 13.2 23.6 29.6 39.4 46.8 49.6 55.0 56.8

-4.8 6.0 18.6 24.2 33.2 38.0 43.6 44.6 48.2 50.8 53.4

-10.6 0.6 12.8 19.6 26.0 29.6 33.4 36.0 39.2 41.8 45.6

-9.5 2.7 10.3 17.9 25.1 29.9 32.9 35.1 38.1 41.9 43.5

2WIKI

1 2 4 8 16 32 64 128 256 512 1024
Pass@k

-14.4 -10.8 -8.4 -7.2 -2.4 -1.2 3.8 6.8 9.4 14.2 18.0

-25.2 -22.8 -16.6 -12.4 -10.2 -2.0 0.2 4.0 8.4 13.4 15.4

-0.3 0.9 1.7 5.9 10.3 12.9 16.9 18.1 22.3 25.1 29.7

-1.4 -0.4 2.4 4.0 8.0 12.6 15.0 17.6 22.2 24.4 28.8

Musique

1 2 4 8 16 32 64 128 256 512 1024
Pass@k

1.6 15.2 18.4 32.0 38.4 42.4 47.2 53.6 52.8 54.4 56.0

-3.2 8.8 15.2 21.6 28.0 32.8 37.6 41.6 45.6 48.8 50.4

5.6 6.4 13.6 22.4 28.0 34.4 40.0 44.8 50.4 55.2 57.6

-5.6 4.8 9.6 21.6 24.0 27.2 36.0 42.4 44.8 50.4 52.8

Bamboogle

40 20 0 20 40
Accuracy Difference

Figure 2: Accuracy difference ∆k = Pass@kno-search − Pass@1search across six QA benchmarks. Red regions
indicate that scaling parametric sampling (without search) outperforms standard retrieval-augmented generation.
Blue regions indicate where retrieval is essential. The dominance of red areas in static benchmarks suggests that
correct answers are often accessed via memorization rather than necessary retrieval.

news streams (Liska et al., 2022; Kasai et al., 2023)139

or changing facts (Vu et al., 2023). Most relevant is140

AntiLeakBench (Wu et al., 2025b), which also uti-141

lizes Wikipedia edits for contamination-free splits.142

A critical distinction lies in the generation method-143

ology: while AntiLeakBench relies on fixed re-144

lation templates, limiting diversity to anticipated145

schemas. Our method employs data-driven topol-146

ogy synthesis. We automatically identify composi-147

tional structures (e.g., intersections) directly from148

knowledge deltas, enabling open-ended reasoning149

beyond rigid templates. Furthermore, we enforce150

strict answer uniqueness via SPARQL validation,151

ensuring mathematical rigor absent in heuristic tem-152

plate filling.153

3 Preliminary Analysis: Internal Memory154

vs. Tool-Augmented Retrieval155

Metric Definitions. To rigorously quantify the156

necessity of retrieval, we compare two inference157

modes. First, Parametric-Only (Pass@kno-search)158

measures the probability that a model generates159

at least one correct answer within k independent160

samples using only its internal weights (temper-161

ature sampling). Second, Retrieval-Augmented 162

(Pass@1search) measures the accuracy of standard 163

RAG, where the model generates a single an- 164

swer based on retrieved documents (greedy decod- 165

ing). We define the performance gap as ∆k = 166

Pass@kno-search−Pass@1search. A positive ∆k (Red 167

in Figure 2) implies that internal memory scaling is 168

superior to retrieval, while a negative ∆k (Blue) in- 169

dicates that retrieval provides essential information 170

absent from parameters. 171

Benchmark-Level Patterns. Figure 2 reveals a 172

systematic trend across widely used datasets. On 173

single-hop benchmarks (NQ, TQ), Pass@1search of- 174

fers limited gains over parametric baselines, and 175

as k increases, Pass@kno-search rapidly overtakes re- 176

trieval (turning the heatmap red). This confirms 177

that for static facts, scaling inference simply ex- 178

tracts memorized training data (Wu et al., 2025a). 179

Crucially, this pattern persists even on multi-hop 180

benchmarks (HotpotQA, 2Wiki, MuSiQue). At 181

larger k, the red regions dominate, suggesting that 182

what appears to be "reasoning over documents" in 183

these benchmarks can often be solved by sampling 184

from memory. In these cases, retrieval may even 185
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degrade performance by introducing noise or dis-186

tractors (the "distractor effect"), while parametric187

inference remains robust.188

The Illusion of Retrieval Necessity. These ob-189

servations validate a core hypothesis: static bench-190

marks overestimate the utility of retrieval tools.191

They often reward distributional familiarity rather192

than the ability to acquire and process new infor-193

mation. The fact that Pass@kno-search can match or194

exceed RAG suggests that future RL-based reason-195

ing models could "solve" these benchmarks solely196

by optimizing internal thought chains (Fan et al.,197

2025; Guo et al., 2025), without ever needing to198

search. This motivates LiveSearchBench, which199

is designed to ensure a persistent "Blue Region",200

where ∆k remains negative regardless of sampling201

scale, forcing models to rely on external verifica-202

tion rather than memory.203

4 LiveSearchBench204

4.1 Problem Formulation205

To address the evolving nature of world knowledge,206

we propose leveraging the dynamic updates of the207

Wikidata knowledge graph to construct question-208

answering (QA) problems. As Wikidata contin-209

ually incorporates new information, it provides a210

rich source of facts that can be used to generate211

up-to-date QA instances. Building on this idea,212

we formalize QA in the context of dynamic knowl-213

edge graphs. Let G = (V, E) denote the Wikidata214

knowledge graph, where V is the set of entities and215

literals, and E is the set of directed triples (h, r, t)216

with head h ∈ V , relation r, and tail t ∈ V . A ques-217

tion q is formalized as a constrained path query218

over G, and the gold answer a⋆ ∈ V (or a literal)219

must be unique under these constraints.220

Answer(q,GT1) = a⋆ (1)221

This uniqueness requirement, validated against the222

snapshot GT1 via SPARQL queries, ensures that223

every benchmark instance admits a single, verifi-224

able solution. Consequently, once the new or up-225

dated triples between two snapshots are extracted,226

the benchmark can be constructed automatically227

through a unified pipeline, without the need for228

manual annotation or domain-specific heuristics.229

4.2 Benchmark Design and Generation230

Pipeline231

Design Goals. Our aim is to build a continu-232

ally updating benchmark that faithfully reflects the233

evolving nature of world knowledge. The design 234

is guided by four principles: ① questions should 235

target recent facts unlikely to reside in an LLM’s 236

parametric memory; ② each instance must admit 237

a unique, verifiable answer grounded in a public 238

knowledge base; ③ the benchmark should offer 239

controllable difficulty through structured hop lev- 240

els; and ④ the pipeline should be fully automated, 241

ensuring scalability and sustainability with min- 242

imal human intervention. We instantiate these 243

goals on WIKIDATA, leveraging its continually 244

evolving knowledge graph and SPARQL endpoint. 245

This setup guarantees freshness and verifiability 246

while enabling systematic control over reasoning 247

complexity without costly manual curation. Fig- 248

ure 3 presents an overview of our pipeline, which 249

transforms evolving knowledge in WIKIDATA into 250

retrieval-dependent QA instances. The process is 251

fully automated and proceeds in four main stages. 252

Pseudocode for the full pipeline is provided in Ap- 253

pendix §D.2. 254

Step 1: Differential Knowledge Extraction. We 255

take two Wikidata snapshots at times T0 and T1 256

(T1 > T0) and normalize each into a set of SRO 257

triples, GT0 and GT1 . We then construct the knowl- 258

edge delta as the union of insertions and updates: 259

∆+ = {t ∈ GT1 \ GT0}, (2) 260

∆◦ = {(s, r, o1) ∈ GT0 ,

(s, r, o2) ∈ GT1 : o1 ̸= o2},
(3) 261

∆ = ∆+ ∪∆◦. (4) 262

Here, ∆+ captures newly added facts, and ∆◦ cap- 263

tures updated statements where the object set for 264

a given (s, r) changed between snapshots. Ev- 265

ery instance therefore anchors to information that 266

post-dates typical pretraining corpora, discourag- 267

ing memorization and encouraging retrieval. 268

Step 2: Candidate Filtering. The raw delta may 269

contain noisy or underspecified triples. We ap- 270

ply three filters: (i) Relation allow-list. We ex- 271

clude non-informative predicates using a curated 272

allow-list. (ii) Entity quality and disambiguation. 273

We require language coverage for labels/aliases, 274

prune entities with incomplete metadata, and re- 275

move items whose surface forms are highly am- 276

biguous without additional qualifiers. (iii) State- 277

ment validity. We drop deprecated or contradictory 278

statements and deduplicate near-duplicates using 279

normalized keys. The result is a pool of recent, 280

interpretable triples suitable for question synthesis. 281
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Figure 3: Overview of the generation pipeline. We compute a knowledge delta between two Wikidata snapshots to
obtain new or updated subject–relation–object (SRO) triples. After relation and entity based filtering, candidate
triples are used to synthesize questions at three difficulty tiers: (L1) single-hop, (L2) multi-constraint multi-hop, and
(L3) multi-hop with attribute fuzzing. All questions are verified against the current snapshot via SPARQL.

Step 3: Hierarchical Question Synthesis. From282

the curated triples, we synthesize questions at283

three levels, enforcing a single correct answer via284

SPARQL COUNT=1. L1 (single-hop): directly ma-285

terialize a triple (a, r, b) and keep it only if b is286

uniquely identifiable in GT1 . L2 (multi-constraint):287

start from a target entity and iteratively add attribute288

constraints (e.g., occupation, country, affiliation),289

checking after each addition whether uniqueness is290

achieved; we stop when COUNT=1. L3 (multi-hop291

with fuzz): extend L2 by (a) relaxing an attribute292

to a broader type/hypernym (“fuzzing”) and (b) ap-293

pending one relational hop; we verify that, despite294

fuzzing and the extra hop, the query still resolves295

to a single answer.296

Step 4: Natural Language Synthesis and Contex-297

tual Verification. We convert the logical struc-298

tures into natural language and rigorously verify299

their solvability using a generation-validation loop:300

(1) Triple-to-Question Generation: We feed the fil-301

tered knowledge triples to gpt-5. The model is302

prompted to synthesize a natural language question303

that strictly requires reasoning over these provided304

facts to answer. (2) Contextual Solvability Verifi-305

cation: To ensure the generated text semantically306

aligns with the underlying logic, we provide the307

generated question along with the original triples 308

(serving as a “gold context”) to Qwen3-235B- 309

A22B-Instruct-2507 without external retrieval tools. 310

The benchmark instance is retained only if the 311

model can correctly derive the gold answer solely 312

from the provided triple context. This guarantees 313

that the question is strictly answerable given the 314

evidence and free from ambiguity or hallucinations 315

that might arise during generation. 316

4.3 Question Complexity Levels 317

As illustrated in Figure 3, we define three levels 318

of difficulty. The L1–L3 hierarchy defines a con- 319

trolled progression of difficulty: fact retrieval (L1), 320

compositional reasoning (L2), and ambiguity reso- 321

lution under fuzziness (L3). By enforcing unique- 322

ness of answers in GT1 , the benchmark remains 323

both rigorous and auditable while reflecting real- 324

world query complexity. 325

Level-1 (L1): Single-Hop with Uniqueness. 326

Given a source entity a ∈ V and a relation r ∈ R, 327

the task is to identify the unique target b such that 328

|{b : (a, r, b) ∈ E}| = 1. (5) 329

For example, if the knowledge delta introduces 330

the triple (ACL2026, country, America), the corre- 331

sponding L1 question is: “In which country will 332
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Figure 4: Dataset statistics of LIVESEARCHBENCH. (a) Distribution of questions across difficulty tiers L1–L3.
(b) Frequency of the most common relation types in synthesized triples. Together, these plots illustrate both the
diversity of reasoning requirements and the breadth of relation coverage in our benchmark.

the ACL2026 conference be held?” L1 primarily333

evaluates factual recall of newly introduced triples.334

Level-2 (L2): Multi-Hop via Constrained Inter-335

section. To model compositional reasoning, we336

construct queries where k relational paths (k ≥ 2)337

must intersect in exactly one entity. Let Si =338

{x | (ai, ri, x) ∈ E} be the set of tails for the339

i-th anchor-relation pair. We require:340 ∣∣∣∣∣
k⋂

i=1

Si

∣∣∣∣∣ = 1. (6)341

For instance, given the triples (Real Madrid,342

player, C. Ronaldo), (Juventus, . . . ), and (Al343

Nassr, . . . ), the benchmark synthesizes: “Which344

football player has played for Real Madrid, Ju-345

ventus, and Al Nassr?” The uniqueness of the346

intersection ensures the answer is well-defined.347

Level-3 (L3): Attribute Fuzzing with an Ad-348

ditional Hop. L3 increases difficulty by gen-349

eralizing specific entities into broader categories350

(fuzzing), thereby expanding the candidate set be-351

fore applying constraints. Formally, we replace a352

specific anchor set Sk with a broadened set Sfuzz
k :353

S1 = {x | (a1, r, x) ∈ E}, (7)354

S2 = {x | (a2, r, x) ∈ E},355

s.t. |S1 ∩ S2 ∩ Sfuzz
3 | = 1. (8)356

For example, consider triples linking player to an-357

chors Real Madrid, Juventus, and Al Nassr. In-358

stead of querying Al Nassr directly, we fuzz it into359

the category “a Saudi Arabian club.” The result-360

ing question becomes: “Which football player has361

played for Real Madrid, Juventus, and a Saudi Ara-362

bian club?” The intersection implies the unique363

answer is Cristiano Ronaldo.364

4.4 Dataset Collection 365

To build the benchmark, we applied our pipeline 366

to two pairs of Wikidata snapshots. For the re- 367

cent setting, we used the May 2025 and August 368

2025 dumps to create LIVESEARCHBENCH-2025; 369

for the historical setting, we used the Septem- 370

ber 2021 and December 2021 dumps to create 371

LIVESEARCHBENCH-2021. In both cases, all 372

instances are grounded in facts that appeared 373

strictly after the earlier snapshot, ensuring tem- 374

poral recency and reducing overlap with pretrain- 375

ing data. While the pipeline can generate much 376

larger datasets, we opted for a cost-efficient rep- 377

resentative subset: 150 L1, 100 L2, and 50 L3 378

questions. This stratified sample balances reason- 379

ing diversity with evaluation efficiency and suffices 380

for robust comparative analysis. Dataset statistics 381

for LIVESEARCHBENCH are shown in Figure 4, 382

illustrating the distribution of questions across diffi- 383

culty tiers (L1–L3) and the variety of relation types 384

in the synthesized triples. 385

5 Experiments 386

5.1 Experimental Setup 387

Datasets. We evaluate models on two bench- 388

mark instances generated by our pipeline, stratified 389

across the three difficulty tiers (L1, L2, L3). The 390

primary evaluation metric is Exact Match (EM) ac- 391

curacy. To examine the role of knowledge recency, 392

we construct two batches: 2021 Batch: Derived 393

from updates between Sept. and Dec. 2021. Facts 394

likely overlap with pretraining corpora (seen knowl- 395

edge). 2025 Batch: Derived from updates between 396

May and Aug. 2025. Facts post-date training cut- 397

offs (novel knowledge). 398

Baseline Methods. We group baselines into three 399

categories. Vanilla Prompt Methods include Direct 400
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LiveSearchBench2021 LiveSearchBench2025

Model & Method L1 L2 L3 Avg. L1 L2 L3 Avg.

Llama3.2-3B-Instruct
Direct Answer 22.0 9.0 20.0 17.0 4.0 4.0 2.0 3.3

CoT 23.3 8.0 14.0 15.1 6.0 4.0 0.0 3.3

RAG 42.0 26.0 12.0 26.7 18.7 13.0 8.0 13.2

Search-o1 16.0 17.0 16.0 16.3 6.0 7.0 10.0 7.7

Search-R1-Base 70.7 46.0 18.0 44.9 25.3 21.0 10.0 18.8

Search-R1-Instruct 48.7 43.0 14.0 35.2 18.0 25.0 6.0 16.3

SSRL 66.0 46.0 24.0 45.3 23.3 22.0 12.0 18.4

Qwen2.5-3B-Instruct
Direct Answer 14.0 9.0 12.0 11.7 3.3 3.0 2.0 2.8

CoT 16.0 8.0 10.0 11.3 3.3 3.0 2.0 2.8

RAG 64.0 31.0 14.0 36.3 23.3 17.0 8.0 16.1

Search-o1 23.0 13.0 10.0 15.3 11.0 3.0 6.0 6.7

Search-R1-Base 56.0 44.0 14.0 38.0 24.0 27.0 12.0 21.0

Search-R1-Instruct 49.3 40.0 10.0 33.1 24.0 24.0 14.0 20.7

SSRL 60.0 37.0 10.0 35.7 20.0 18.0 4.0 14.0

Average across models 43.9 27.6 14.9 28.8 15.6 13.5 7.4 12.2

Table 1: Exact match accuracy (%) of small models on LiveSearchBench (2021 vs. 2025).

Prompt and Chain-of-Thought (CoT) prompting.401

RAG-based Methods comprise standard RAG and402

SEARCH-O1 (Li et al., 2025c). RL-based Meth-403

ods include SEARCH-R1 (Jin et al., 2025a) and404

SSRL (Fan et al., 2025). To ensure a fair compari-405

son, the number of retrieved passages is capped at406

k = 3 for all RAG approaches. Full implementa-407

tion details are in Appendix E.408

5.2 Main Results409

We assess performance across temporal batches410

(2021 vs. 2025) and difficulty levels. Our analysis411

centers on recency, retrieval utility, and model scale.412

Results are detailed in Table 1 and Table 2.413

Retrieval vs. Parametric Memory. As shown414

in Figure 5, dynamic evaluation exposes the criti-415

cal role of retrieval. On the 2021 batch, retrieval416

yields moderate gains, as models often recall facts417

from parametric memory. In contrast, on the 2025418

batch, retrieval becomes indispensable. For in-419

stance, Llama3.2-3B shows a massive relative gain420

from RAG on 2025 data compared to 2021. This421

confirms that while models can “hallucinate” cor-422

rect answers for old data, they are helpless on423
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LiveSearchBench2021 LiveSearchBench2025

Model & Method L1 L2 L3 Avg. L1 L2 L3 Avg.

Qwen2.5-7B-Instruct
Direct Answer 24.0 10.0 14.0 16.0 7.3 5.0 6.0 6.1

CoT 20.7 10.0 14.0 14.9 5.3 3.0 4.0 4.1

RAG (Standard) 66.0 37.0 18.0 40.3 35.3 20.0 12.0 22.4

Search-o1 25.3 12.0 22.0 19.8 4.7 7.0 10.0 7.2

Search-R1-Base 68.7 61.0 24.0 51.2 28.0 31.0 16.0 25.0

Search-R1-Instruct 68.7 55.0 20.0 47.9 27.3 29.0 18.0 24.8

Qwen2.5-14B-Instruct
Direct Answer 30.7 14.0 18.0 20.9 8.0 5.0 8.0 7.0

CoT 31.3 14.0 20.0 21.8 7.3 4.0 10.0 7.1

RAG (Standard) 73.3 53.0 32.0 52.8 34.7 27.0 18.0 26.6

Search-o1 27.3 18.0 18.0 21.1 6.0 7.0 12.0 8.3

Search-R1-Base 73.3 61.0 30.0 54.8 29.3 38.0 18.0 28.4

Search-R1-Instruct 62.7 61.0 24.0 49.2 28.0 33.0 22.0 27.7

Average across models 49.5 34.6 21.3 35.1 18.8 21.0 11.0 16.9

Table 2: Accuracy of larger Qwen models (7B/14B) on LiveSearchBench.

LIVESEARCHBENCH2025 without external tools.424

The Recency Gap. Across all models, perfor-425

mance drops significantly from 2021 to 2025.426

Since the question generation pipeline is identical,427

this gap isolates the difficulty of Novel Knowledge.428

It highlights that current LLMs, even when aug-429

mented with search, struggle to synthesize answers430

when the underlying facts contradict or are absent431

from their pre-training priors.432

Model Scale and Families. Scaling from 3B to433

14B (Qwen series) yields consistent gains (Table 2).434

Larger models are better at identifying relevant435

snippets from noisy retrieval results. Interestingly,436

while Llama3.2-3B outperforms Qwen2.5-3B on437

the 2021 batch (likely due to different pre-training438

data distributions), Qwen models often catch up439

or lead on the 2025 batch when using RAG. This440

suggests that some model families may be better441

optimizers of context utilization even if their para-442

metric knowledge is weaker.443

6 Conclusion444

We introduced LIVESEARCHBENCH to shift eval-445

uation from static memorization to dynamic rea-446

soning. By synthesizing complex, multi-constraint447

queries with formal uniqueness guarantees, we ex-448

Llama3.2-3B Qwen2.5-3B Qwen2.5-7B Qwen2.5-14B
Model Family

0

5

10

15

20

25

30

35

40

Av
er

ag
e 

Ac
cu

ra
cy

 (
%

) 28.6
25.9

31.68

36.77

11.6 12.0

14.93
17.52

17.0
(-59.4%)

13.9
(-53.7%)

16.8
(-52.9%)

19.3
(-52.4%)

2021 Batch
2025 Batch

Figure 6: Family-level comparison. Averages for dif-
ferent models on 2021 and 2025 batches.

pose a critical “Recency Gap” where models falter 449

on novel knowledge despite strong historical per- 450

formance. Our analysis traces this gap to a dual fail- 451

ure: the inability of retrievers to capture long-tail 452

updates and the struggle of reasoners to deduce con- 453

nections over new evidence. LIVESEARCHBENCH 454

thus offers a rigorous testbed for Search-RAG 455

agents, benchmarking genuine real-time adaptabil- 456

ity beyond parametric memory. 457

8



Limitations458

First, our reliance on structured Wikidata differen-459

tials restricts the benchmark to fact-centric queries,460

excluding unstructured narratives found in raw461

news streams. However, this constraint is a deliber-462

ate trade-off to ensure the mathematical verifiabil-463

ity and deterministic solvability of every question464

via SPARQL, which is difficult to guarantee with465

unstructured text. Second, our use of Exact Match466

(EM) as the primary metric imposes a high penalty467

on surface-form variations. While potentially con-468

servative compared to model-based evaluation, we469

prioritize EM to rigorously distinguish precise re-470

trieval from hallucination, ensuring that the bench-471

mark serves as a trustworthy standard for dynamic472

reasoning.473

Ethics Statement474

This work leverages publicly available Wikidata475

snapshots as the sole knowledge source. Wikidata476

is collaboratively maintained under open licenses,477

and our pipeline only processes structured triples478

that are already public. No personal, sensitive,479

or proprietary data are involved, and all derived480

benchmark questions are grounded in verifiable481

facts with explicit provenance. We emphasize that482

LIVESEARCHBENCH is intended purely for the483

evaluation of large language models, not for de-484

ployment in real-world decision-making scenarios.485

To the best of our knowledge, this study raises no486

ethical concerns regarding human subjects, animal487

welfare, or data misuse.488
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A Use of Large Language Models (LLMs)657

We used large language model (ChatGPT 5.2) as658

an assistive tool in two ways: (1) for writing assis-659

tance, including language editing and improving660

the clarity of the manuscript, and (2) for techni-661

cal support during code environment setup and de-662

bugging, particularly when resolving environment-663

related errors. The model was not used for gen-664

erating research ideas, designing methodologies,665

conducting experiments, or analyzing results. All666

outputs from the LLM were manually verified by667

the authors, and final decisions regarding both the668

research content and the manuscript were made by669

the authors. The authors take full responsibility for670

the entirety of this work.671

B Quality Assurance and Human672

Verification673

While the pipeline is automated, we conducted a674

rigorous human verification phase to ensure the675

dataset’s reliability and solvency. Process: We676

recruited five domain experts (PhD candidates in677

NLP and Knowledge Graphs, independent of the678

author list). Task: Reviewers were presented with679

the triple (s, r, o), the synthesized question Q, and680

the answer A. They annotated each instance for681

(1) Factuality (Is the triple supported by the snap-682

shot?), (2) Clarity (Is Q unambiguous?), and (3)683

Solvability (Does Q uniquely lead to A?). Protocol:684

A subset of 100 questions was double-annotated685

blindly. We calculated an inter-annotator agree-686

ment (Cohen’s κ) of 0.85, indicating high reliabil-687

ity. Disagreements were resolved by a third senior688

expert. Following this protocol, the full set of 600689

questions was verified. This rigorous filtering en-690

sures that LIVESEARCHBENCH serves as a high-691

precision, noise-free evaluation standard, guaran-692

teeing that any observed performance drops stem693

from model limitations rather than dataset artifacts.694

C Oracle Analysis695

To rigorously investigate the sources of error and696

the performance gap, we conducted an Oracle697

Study on a subset of 50 failure cases from the698

2025 batch. We isolated the reasoning compo-699

nent by providing models directly with the ground-700

truth triples converted into natural language text,701

thereby bypassing the retrieval stage. Result: Un-702

der Oracle conditions, L1 accuracy surged to over703

95%. This dramatic improvement serves as a strong704

validation of dataset quality: it confirms that the705

questions are fundamentally answerable, factually 706

correct, and free from ambiguity when the cor- 707

rect evidence is provided. The primary bottle- 708

neck for single-hop dynamic questions is thus con- 709

firmed to be Retrieval Failure (i.e., the inability 710

to access fresh facts), not data quality. In con- 711

trast, for L3 (Fuzzing) questions, accuracy only 712

improved to ∼40%. Since human experts veri- 713

fied these questions as solvable, this persistent gap 714

indicates that models struggle to deduce correct an- 715

swers from complex constraints even when the nec- 716

essary evidence is present. This disentanglement 717

demonstrates that LIVESEARCHBENCH effectively 718

stresses two distinct capabilities: the retriever’s ca- 719

pacity to index fresh, long-tail information (domi- 720

nating L1), and the reasoner’s capacity to perform 721

logical deduction over provided evidence (dominat- 722

ing L3). 723

D Pipeline Details 724

D.1 Filtering Procedure 725

The filtering procedure consists of three main steps 726

to ensure high-quality and interpretable relations 727

for QA. We maintain a curated filter-list that ex- 728

cludes meta/formatting predicates, focusing on re- 729

taining only those relations that yield interpretable 730

QA. A detailed list of the excluded predicates is 731

provided in Table 3. To ensure comprehensive lan- 732

guage coverage, we prune entities with incomplete 733

metadata and remove those with highly ambigu- 734

ous surface forms unless additional qualifiers are 735

available to clarify the context. Additionally, we 736

eliminate deprecated or contradictory statements 737

and deduplicate near-duplicate entries by normaliz- 738

ing keys. The preferred method for normalization 739

is using the statement ID, but if unavailable, we 740

rely on a combination of (s, r) along with label 741

normalization. 742

D.2 Finalization and Validation Pseudocode 743

and SPARQL Templates 744

745
1 SELECT ?b WHERE { 746
2 wd:Q_a wdt:P_r ?b . 747
3 # Optional: Apply filters for rank and 748

time validity. 749
4 } LIMIT 2 750751

Listing 1: SPARQL sketch for an L1 query. The instance
is accepted only if the query returns exactly one result.

752
1 SELECT ?x WHERE { 753
2 { wd:Q_a wdt:P_r1 ?x . FILTER(phi_1 754

(?x)) } 755
3 UNION 756
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4 { wd:Q_a' wdt:P_r2 ?x . FILTER(phi_2757
(?x)) }758

5 } GROUP BY ?x HAVING (COUNT(?x)=2)759760

Listing 2: SPARQL sketch for an L2 query. The HAVING
clause ensures that ?x satisfies both constraints.

761
1 SELECT ?x WHERE {762
2 { wd:Q_a wdt:P_r1 ?x . FILTER(763

phi_1_fuzzy (?x)) }764
3 UNION765
4 { wd:Q_a' wdt:P_r2 ?x . FILTER(766

phi_2_fuzzy (?x)) }767
5 UNION768
6 { ?x wdt:P_r3 C_c . FILTER(phi_3769

(?x)) }770
7 } GROUP BY ?x HAVING (COUNT(?x) >=3)771772

Listing 3: SPARQL sketch for an L3 query with fuzzy
constraints and an additional hop.

E Implementation Details773

E.1 Implementation of Baselines774

For ZeroSearch, Search-R1, and SSRL, we set the775

temperature to 0.7, and the max response length to776

4096. We do not restrict their max turns for search,777

so that they can search as many times as they want.778

We use Exact Match (EM) as our evaluation metric.779

The prompt we use is listed in Table 4. We use780

Google Search via Serper API for all all them to781

ensure fairness.782

F Additional Analysis: Model Family783

Comparison (Llama vs. Qwen)784

A clear divergence emerges between the Llama and785

Qwen families across six benchmarks. On single-786

hop datasets (NQ, TQ, HQ), both families benefit787

from increased sampling, but Llama models enter788

the positive regime of ∆k earlier and with steeper789

gains; Qwen retains larger blue regions at small-790

/medium k, indicating a slower shift from retrieval791

reliance to parametric dominance. The difference792

is more pronounced on multi-hop datasets (2Wiki,793

Bamboogle): Llama shows deep red saturation794

across most of the k range, while Qwen improves795

with k but with smaller margins and a less abrupt796

transition. MuSiQue shows a slower transition over-797

all, yet the pattern holds. Scaling within each fam-798

ily reinforces this trend: larger Llama models show799

sharper improvements in ∆k than their Qwen coun-800

terparts, suggesting that static QA benchmarks dis-801

proportionately reward Llama’s parametric capac-802

ity, whereas Qwen requires larger sampling budgets803

to approach similar performance.804

def generate_benchmark(dump_T0 , dump_T1)
:
# 1. Differential Knowledge
Extraction
G_T0 = extract_triples(dump_T0)
G_T1 = extract_triples(dump_T1)
knowledge_delta = G_T1.difference(
G_T0)

# 2. High -Quality Candidate
Filtering
curated_delta = filter_triples(
knowledge_delta ,

rules=[
'relation_type ', 'entity_quality ', '
statement_rank '])

# 3. Hierarchical Question Synthesis
from recent facts
benchmark = []
for seed_triple in curated_delta:

# Attempt to build questions of
increasing difficulty

question = None
if not question:

question =
synthesize_question(seed_triple ,
G_T1 , level='L1')

if not question:
question =

synthesize_question(seed_triple ,
G_T1 , level='L2')

if not question:
question =

synthesize_question(seed_triple ,
G_T1 , level='L3')

# 4. Finalization
if question and is_valid(

question):
final_instance =

render_and_finalize(question)
benchmark.append(

final_instance)

return benchmark

def synthesize_question(triple , graph ,
level):
# Builds a SPARQL query based on the
level and seed triple.
# For L2/L3, this involves finding
additional constraining triples.
query = build_sparql_query(triple ,
graph , level)

# Validates that the query has a
unique answer in the new graph.
if is_unique_in_graph(query , graph):

return (query , triple.answer)
return None

Listing 4: End-to-end pipeline for generating
benchmark questions from snapshots.
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Table 3: The curated filter-list of excluded meta/format-
ting predicates.

Property ID Description

P18 image
P31 instance of (often too basic)
P279 subclass of
P373 Commons category
P443 pronunciation audio
P460 said to be the same as
P856 official website
P910 topic’s main category
P973 described at URL
P1151 topic’s main Wikimedia portal
P1343 described by source
P1424 topic’s main template
P1559 name in native language
P1629 Wikidata property
P1630 formatter URL
P1659 related property
P1687 Wikidata property
P1696 inverse property
P1705 native label
P1793 regular expression
P1855 Wikidata property example
P1889 different from
P1921 URI template
P2302 property constraint
P2700 protocol
P2875 property for this type
P2916 source website for the property
P2959 permanent duplicated item
P3254 property usage tracking category
P3709 unit symbol
P3713 pronunciation audio

Table 4: Prompt template. The question is appended at
the end during training and inference.

Prompt Template

Answer the given question. You must conduct reasoning inside <think> and </think> first every time you get new
information. After reasoning, if you find you lack some knowledge, you can call a search engine by <search> query
</search>, and you should return the top searched results between <information> and </information>. You can
search as many times as you want. If you find no further external knowledge needed, you can directly provide the answer
inside <answer> and </answer> without detailed illustrations. For example, <answer> Beijing </answer>. Question:

13
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