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Abstract

Static benchmarks often conflate memoriza-
tion with reasoning, failing to capture the dy-
namic nature of world knowledge. We present
LIVESEARCHBENCH, a scalable pipeline that
automatically constructs snapshot-grounded
benchmarks from knowledge graph differen-
tials, in which every answer is unique and
SPARQL-verifiable against a target snapshot.
Unlike prior template-based approaches, our
method leverages topology-aware synthesis to
generate multi-constraint compositional ques-
tions with unique answers guaranteed via
SPARQL validation. Evaluating 1,000 ques-
tions across three difficulty levels on both open-
weight and frontier models, we expose a pro-
nounced “Recency Gap” on facts that post-date
a model’s training cutoff, particularly for com-
positional queries; retrieval dependence is thus
an empirical property we measure, not a for-
mal guarantee we claim. Through Oracle and
Wikidata-as-corpus analyses, we disentangle
dual failure modes: retrieval coverage limita-
tions for single-hop questions and reasoning
failures for compositional queries even with
ground-truth evidence. LIVESEARCHBENCH
provides both a rigorous construction method-
ology and a continuously updatable testbed for
evaluating evidence integration under evolving
knowledge.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable progress across diverse natural lan-
guage processing tasks, with solid performance on
prominent search question answering (QA) bench-
marks such as Natural Questions (Kwiatkowski

et al., 2019), TriviaQA (Joshi et al., 2017), and
HotpotQA (Yang et al., 2018). Recent reinforce-
ment learning (RL) methods have further improved
headline performance, strengthening the percep-
tion that LLMs possess sophisticated reasoning
and knowledge-intensive inference capabilities (Jin
et al., 2025; Fan et al., 2025). However, a funda-
mental limitation persists: most search-oriented
benchmarks are static snapshots. Many were col-
lected years ago, raising the risk that answers are
encoded in models’ parametric memory due to pre-
training contamination rather than discovered via
retrieval (Wu et al., 2025a).

World knowledge is inherently dynamic, news
breaks, software versions change, and policies
evolve. Yet, prevailing benchmarks often lack
mechanisms to incorporate real-time updates. Even
recent efforts to introduce dynamic evaluations of-
ten focus on checking simple, single-hop fact up-
dates, such as “Who won the 2024 Super Bowl?”,
which tests a model’s knowledge updating rather
than its retrieval-based reasoning process. Because
of this, evaluating retrieval systems remains unreli-
able: models can often answer questions without
invoking search, or fail to disambiguate complex
queries when new entities emerge. As emphasized
by the notion of a Knowledge Boundary (Wang
et al., 2025; Chen et al., 2025b), there is a critical
distinction between what a model remembers and
what it must acquire externally. Our preliminary
experiments in Sec3 corroborate this: models of-
ten achieve strong scores even when retrieval is
disabled, suggesting that memorized knowledge
dominates and obscures the true capacity for rea-
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soning over up-to-date information.

To contextualize the evolution of QA evalua-
tion, Figure 2 highlights key datasets and model
milestones. As the timeline shows, community ef-
forts have largely prioritized model development
over evaluation under dynamic, complex condi-
tions. Motivated by these gaps, and inspired by
the contamination-aware practices of bench (Jain
et al., 2024; White et al., 2025), we introduce
LiveSearchBench, a continually updated bench-
mark built via a scalable pipeline that synthesizes
complex reasoning questions from Wikidata snap-
shot differentials. Unlike prior work, LiveSearch-
Bench goes beyond simple fact-checking. It con-
structs multi-constraint and indirectly specified
queries at L2 and L3 levels where the answer is
guaranteed to be unique and verifiable through
SPARQL validation against the specific knowledge
snapshot. By design, success hinges on up-to-date
retrieval and compositional reasoning rather than
parametric recall.

Our evaluation yields three key insights. First,
by systematically testing LLMs and retrieval-
augmented generation (RAG) systems, we expose
marked differences in their ability to handle dy-
namic knowledge compared to static facts. Second,
we observe a persistent gap between memorization-
driven responses and genuine retrieval-based in-
ference, particularly in complex reasoning tasks.
These findings underscore the need for benchmarks
that reflect realistic, time-sensitive conditions. This
paper makes the following contributions:

<Topology-Aware Question Synthesis: We in-
troduce a data-driven pipeline that mines complex
logical structures such as intersection and fuzzy
constraints directly from knowledge graph differen-
tials. Unlike template-based approaches limited to
predefined schemas, our method adaptively con-
structs multi-hop reasoning tasks over evolving
data topologies.

< Snapshot-Grounded Answer Uniqueness:
We address the ambiguity challenge in automated
benchmarking by anchoring every natural language
question to a subgraph whose answer is unique un-
der a specific snapshot and checkable by SPARQL.
We further verify that each question is answerable
from its gold triples alone, so the evaluation mea-
sures reasoning rather than guessing.

¢ Disentangling Retrieval and Reasoning:
Through extensive evaluations and Oracle-based
analysis, we quantify the “Recency Gap” and dis-
entangle the distinct failure modes of LLMs. We

show that while retrieval aids in accessing novel en-
tities, current models fundamentally struggle to per-
form deductive reasoning over retrieved evidence
in dynamic contexts.

2 Related Work

Retrieval-Enhanced Inference. Approaches to
ground LLMs in external knowledge span three
paradigms (Zhang et al., 2025): (i) Standard RAG,
utilizing retriever-reader architectures (Gao et al.,
2024; Fan et al., 2024); (ii) Agentic Search, where
systems explicitly plan and browse in multi-step
loops (Zhou et al., 2025; Li et al., 2025a,b); and
(iii) RL for Search, which optimizes the search-
reasoning coordination via end-to-end reinforce-
ment (Jin et al., 2025; Fan et al., 2025; Sun et al.,
2025). These lines differ primarily in policy auton-
omy and optimization objectives.

Static QA Benchmarks. Static datasets remain
the standard for single-hop (Kwiatkowski et al.,
2019; Joshi et al., 2017; Wei et al., 2024) and multi-
hop reasoning (Yang et al., 2018; Ho et al., 2020;
Wei et al., 2025). However, fixed snapshots fail to
capture evolving knowledge.

Automated QA Synthesis. A parallel line of
work synthesizes question—answer data automat-
ically rather than curating it. WebShaper (Tao
et al., 2025) formalizes information-seeking tasks
through set theory and expands seed items agenti-
cally, while ToolForge (Chen et al., 2025a) builds
multi-hop search data from (question, context, an-
swer) triples without issuing real API calls, fil-
tering candidates with combined rule- and model-
based validation. Both target the scarcity of train-
ing data and draw on static corpora. We share
their emphasis on automatic synthesis paired with
automatic validation, but differ in grounding: ev-
ery LIVESEARCHBENCH instance is anchored to
a dated knowledge-graph differential, so it car-
ries a verifiable timestamp and an answer whose
uniqueness is checked against one specific snap-
shot. That grounding is what makes the result us-
able for contamination-resistant evaluation rather
than training.

Dynamic and Continual Benchmarks. Recent
work addresses this via dynamic evaluation on
news streams (Liska et al., 2022; Kasai et al., 2023)
or changing facts (Vu et al., 2023). Most relevant is
AntiLLeakBench (Wu et al., 2025b), which also uti-
lizes Wikipedia edits for contamination-free splits.
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Figure 1: Accuracy difference Ay, = Pass@kyosearch —

Pass @ 14eqrch 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.

A critical distinction lies in the generation method-
ology: while AntiLeakBench supports both single-
hop and chain-based multi-hop questions, its re-
liance on fixed relation templates limits diversity
to anticipated schemas and a curated subset of rela-
tions. Our method employs data-driven topology
synthesis, automatically discovering any changed
relation from the knowledge graph delta and identi-
fying compositional structures such as intersections
and attribute fuzzing directly from the data. This
enables open-ended reasoning beyond rigid tem-
plates. Furthermore, we enforce answer uniqueness
under the target snapshot via SPARQL COUNT=1
validation, an explicit and re-runnable check that
heuristic template filling and human spot-checking
do not provide.

3 Preliminary Analysis: Internal Memory
vs. Tool-Augmented Retrieval

Metric Definitions. To rigorously quantify the
necessity of retrieval, we compare two inference
modes. First, Parametric-Only (Pass@~kpo-search)
measures the probability that a model generates
at least one correct answer within k& independent

samples using only its internal weights via tem-
perature sampling. Second, Retrieval-Augmented
(Pass@1eqrch) measures the accuracy of standard
RAG, where the model generates a single answer
based on retrieved documents via greedy decod-
ing. We define the performance gap as Ay
Pass@Fkpo search — Pass@lgearcn. A positive Ag,
shown as red in Figure 1, implies that internal mem-
ory scaling is superior to retrieval, while a negative
Ay, shown as blue, indicates that retrieval provides
essential information absent from parameters.

Benchmark-Level Patterns. Figure 1 reveals
a systematic trend across widely used datasets.
On single-hop benchmarks such as NQ and TQ,
Pass@1gearen Offers limited gains over paramet-
ric baselines, and as k increases, PassQFk,o_search
rapidly overtakes retrieval, turning the heatmap red.
This confirms that for static facts, scaling inference
simply extracts memorized training data (Wu et al.,
2025a). Crucially, this pattern persists even on
multi-hop benchmarks such as HotpotQA, 2Wiki,
and MuSiQue. At larger k, the red regions domi-
nate, suggesting that what appears to be "reasoning
over documents" in these benchmarks can often be
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Evolution of Question Answering (QA) Benchmarks and Large Language Models (2017-2024)
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Figure 2: 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.

solved by sampling from memory. In these cases,
retrieval may even degrade performance by intro-
ducing noise or distractors, a phenomenon known
as the distractor effect, while parametric inference
remains robust.

The Illusion of Retrieval Necessity. These ob-
servations validate a core hypothesis: static bench-
marks overestimate the utility of retrieval tools.
They often reward distributional familiarity rather
than the ability to acquire and process new infor-
mation. The fact that Pass@Fk,y_¢earch can match or
exceed RAG suggests that future RL-based reason-
ing models could "solve" these benchmarks solely
by optimizing internal thought chains (Fan et al.,
2025; Guo et al., 2025), without ever needing to
search. This motivates LiveSearchBench, which
is designed to ensure a persistent "Blue Region",
where Ay remains negative regardless of sampling
scale, forcing models to rely on external verifica-
tion rather than memory.

4 LiveSearchBench

4.1 Problem Formulation

To address the evolving nature of world knowledge,
we propose leveraging the dynamic updates of the
Wikidata knowledge graph to construct question-
answering (QA) problems. As Wikidata contin-
ually incorporates new information, it provides a

rich source of facts that can be used to generate
up-to-date QA instances. Building on this idea,
we formalize QA in the context of dynamic knowl-
edge graphs. Let G = (V, £) denote the Wikidata
knowledge graph, where V is the set of entities and
literals, and £ is the set of directed triples (h, 7, t)
with head h € V), relation 7, and tail t € V. A ques-
tion g is formalized as a constrained path query
over G, and the gold answer a* € V (or a literal)
must be unique under these constraints.

Answer(q,Gr,) = a* (D

This uniqueness requirement, validated against the
snapshot Gr, via SPARQL queries, ensures that
every benchmark instance admits a single, veri-
fiable solution. We distinguish three properties
that are established by different means and should
not be conflated. @ Snapshot-grounded answer
uniqueness is enforced constructively: an instance
is retained only if its SPARQL program returns
exactly one binding under Gr,. @ Question va-
lidity is established by contextual solvability ver-
ification (Step 4): the instance is kept only if a
verifier model recovers the gold answer from the
gold triples alone, without retrieval. ® Retrieval
dependence is an empirical property, not a theo-
rem: it is supported by temporal novelty and by the
no-search versus search comparisons reported in
§3 and §5, and holds for the models and settings
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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.

we evaluate rather than for every possible model or
corpus.

Consequently, once the new or updated triples
between two snapshots are extracted, the bench-
mark can be constructed automatically through a
unified pipeline, without domain-specific heuris-
tics. Human experts are used only to verify the
resulting instances (Appendix B), not to author or
repair them.

4.2 Benchmark Design and Generation
Pipeline

Design Goals. Our aim is to build a continu-
ally updating benchmark that faithfully reflects
the evolving nature of world knowledge. The de-
sign is guided by four principles: @ questions
should target recent facts unlikely to reside in
an LLM’s parametric memory; @ each instance
must admit a unique, verifiable answer grounded
in a public knowledge base; @ the benchmark
should offer controllable difficulty through struc-
tured hop levels; and @ generation should be fully
automated, ensuring scalability and sustainability;
humans enter only as an independent verification
check on the generated set. We instantiate these
goals on WIKIDATA, leveraging its continually
evolving knowledge graph and SPARQL endpoint.

This setup guarantees freshness and verifiability
while enabling systematic control over reasoning
complexity without costly manual curation. Fig-
ure 3 presents an overview of our pipeline, which
transforms evolving knowledge in WIKIDATA into
retrieval-dependent QA instances. The process is
fully automated and proceeds in four main stages.
Pseudocode for the full pipeline is provided in Ap-
pendix §D.2.

Step 1: Differential Knowledge Extraction. We
take two Wikidata snapshots at times 7 and T}
(T1 > Tp) and normalize each into a set of SRO
triples, G, and Gr,. We then construct the know!-
edge delta as the union of insertions and updates:

t={tedn \Gn} )

°={(s,r,01) € Gy, 3)
(s,r,02) € Gy : 01 # 02},

A=ATUA". )

Here, AT captures newly added facts, and A° cap-
tures updated statements where the object set for
a given (s,r) changed between snapshots. Ev-
ery instance therefore anchors to information that
post-dates typical pretraining corpora, discourag-
ing memorization and encouraging retrieval.
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Step 2: Candidate Filtering. The raw delta may
contain noisy or underspecified triples. We ap-
ply three filters: (i) Relation allow-list. We ex-
clude non-informative predicates using a curated
allow-list. (ii) Entity quality and disambiguation.
We require language coverage for labels/aliases,
prune entities with incomplete metadata, and re-
move items whose surface forms are highly am-
biguous without additional qualifiers. (iii) State-
ment validity. We drop deprecated or contradictory
statements and deduplicate near-duplicates using
normalized keys. The result is a pool of recent,
interpretable triples suitable for question synthesis.

Step 3: Hierarchical Question Synthesis. From
the curated triples, we synthesize questions at
three levels, enforcing a single correct answer via
SPARQL COUNT=1. L1 (single-hop): directly ma-
terialize a triple (a,r,b) and keep it only if b is
uniquely identifiable in G, . L2 (multi-constraint
intersection): start from a target entity and itera-
tively add attribute constraints such as occupation,
country, and affiliation, checking after each addi-
tion whether uniqueness is achieved; we stop when
COUNT=1. L3 (multi-hop with fuzz): extend L2
by first relaxing an attribute to a broader type or
hypernym, a process we call fuzzing, and then ap-
pending one relational hop; we verify that, despite
fuzzing and the extra hop, the query still resolves
to a single answer.

Step 4: Natural Language Synthesis and Contex-
tual Verification. We convert the logical struc-
tures into natural language and rigorously verify
their solvability using a generation-validation loop:
(1) Triple-to-Question Generation: We feed the fil-
tered knowledge triples to gpt—-5. The model is
prompted to synthesize a natural language question
that strictly requires reasoning over these provided
facts to answer. (2) Contextual Solvability Verifi-
cation: To ensure the generated text semantically
aligns with the underlying logic, we provide the
generated question along with the original triples,
which serve as a “gold context,” to Qwen3-235B-
A22B-Instruct-2507 without external retrieval tools.
The benchmark instance is retained only if the
model can correctly derive the gold answer solely
from the provided triple context. This guarantees
that the question is strictly answerable given the
evidence and free from ambiguity or hallucinations
that might arise during generation.

4.3 Question Complexity Levels

As illustrated in Figure 3, we define three levels
of difficulty. The L1-L3 hierarchy defines a con-
trolled progression of difficulty: fact retrieval (L.1),
compositional reasoning (L2), and ambiguity reso-
lution under fuzziness (L3). By enforcing unique-
ness of answers in Gr,, the benchmark remains
both rigorous and auditable while reflecting real-
world query complexity.

Level-1 (L1): Single-Hop with Uniqueness.
Given a source entity a € V and a relation r € R,
the task is to identify the unique target b such that

{b: (a,r,b) € £} = 1. 3)

For example, if the knowledge delta introduces the
triple (ACL2026, country, US), the correspond-
ing L1 question is: “In which country will the
ACL2026 conference be held?” L1 primarily eval-
uates factual recall of newly introduced triples.

Level-2 (L2): Multi-Constraint Intersection.
To model compositional reasoning, we construct
queries where k relational paths (k > 2) must
intersect in exactly one entity. Let S; = {z |
(ai,ri,x) € &} be the set of tails for the i-th
anchor-relation pair. We require:

| =1 (©)

For instance, given the triples (Real Madrid,
player, C. Ronaldo), (Juventus, ...), and
(Al Nassr, ...), the benchmark synthesizes:
“Which football player has played for Real Madrid,
Juventus, and Al Nassr?” The uniqueness of the
intersection ensures the answer is well-defined.

Level-3 (L3): Attribute Fuzzing with an Ad-
ditional Hop. L3 increases difficulty by gen-
eralizing specific entities into broader categories
(fuzzing), thereby expanding the candidate set be-
fore applying constraints. Formally, we replace a
specific anchor set Sy with a broadened set S,fguzz:

Sl = {ZE | (Cll,?",il?) € 5}7 (7)
SQ = {$ | (CLQ,T,I') € 5}7
st [S1 NSy NS =1, ®)

For example, consider triples linking player to
anchors Real Madrid, Juventus, and Al
Nassr. Instead of querying A1 Nassr directly,
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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.

we fuzz it into the broader category “a Saudi
Arabian club.” The resulting question becomes:
“Which football player has played for Real Madrid,
Juventus, and a Saudi Arabian club?” The inter-
section implies the unique answer is Cristiano
Ronaldo.

4.4 Dataset Collection

To build the benchmark, we applied our pipeline
to two pairs of Wikidata snapshots. For the re-
cent setting, we used the May 2025 and August
2025 dumps to create LIVESEARCHBENCH-2025;
for the historical setting, we used the Septem-
ber 2021 and December 2021 dumps to create
LIVESEARCHBENCH-2021. The choice of 2021
vs. 2025 is driven by training cutoff alignment:
evaluated models have cutoffs between late 2023
and early 2024, so the 2021 batch falls within their
training window as seen knowledge, while the 2025
batch falls after their cutoffs and represents novel
knowledge. The 4-year separation avoids ambigu-
ous edge cases near cutoff boundaries. Note that
the pipeline accepts any pair of Wikidata snapshots,
and can be trivially extended to new time periods.
In both cases, all instances are grounded in facts
that appeared strictly after the earlier snapshot, en-
suring temporal recency and reducing overlap with
pretraining data. Starting from 823K raw delta
triples in the 2025 batch, the pipeline yields 7,362
verified candidates after filtering, corresponding to
a survival rate of approximately 0.89%. The rela-
tion allow-list removes the largest absolute num-
ber of candidates (681K, retaining 17.3%), while
SPARQL uniqueness validation is the most selec-
tive of the later stages, retaining 23.5% of what
reaches it. From this verified pool, we sample
1,000 questions: 500 L1, 300 L2, and 200 L3.
All instances undergo the same SPARQL unique-

ness validation and contextual solvability verifica-
tion. Dataset statistics for LIVESEARCHBENCH
are shown in Figure 4, illustrating the distribution
of questions across difficulty tiers (L1-L3) and the
variety of relation types in the synthesized triples.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate models on two bench-
mark instances generated by our pipeline, stratified
across the three difficulty tiers (L1, L2, L3). The
primary evaluation metric is Exact Match (EM) ac-
curacy; we additionally report token-level F1 to ver-
ify that conclusions are not driven by metric choice,
as detailed in §K. Throughout, Avg. denotes the un-
weighted macro-average across the three tiers, not
accuracy pooled over all questions. All reported
accuracies are means over 3 independent runs with
different sampling seeds; per-run figures therefore
need not fall on multiples of 1/n for a split of size
n. To examine the role of knowledge recency, we
construct two batches: 2021 Batch: Derived from
updates between Sept. and Dec. 2021. Facts likely
overlap with pretraining corpora and thus represent
seen knowledge. 2025 Batch: Derived from up-
dates between May and Aug. 2025. Facts post-date
training cutoffs and constitute novel knowledge.

Baseline Methods. We group baselines into three
categories. Vanilla Prompt Methods include Direct
Prompt and Chain-of-Thought (CoT) prompting.
RAG-based Methods comprise standard RAG and
SEARCH-0O1 (Li et al., 2025b). RL-based Meth-
ods include SEARCH-R1 (Jin et al., 2025) and
SSRL (Fan et al., 2025). To ensure a fair com-
parison, the number of retrieved passages is capped
at k = 3 for all RAG approaches. Full implemen-
tation details are in Appendix E.
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LiveSearchBench2021 LiveSearchBench2025

Model & Method L1 L2 L3 Avg. L1 L2 L3 Avg.
Llama3.2-3B-Instruct

Direct Answer 22.5 9.0 20.0 17.2 4.5 4.5 2.8 3.9
CoT 23.0 8.5 14.0 15.2 6.0 4.0 1.5 3.8
RAG 41.5 26.0 13.5 27.0 20.0 13.2 9.2 14.1
Search-ol 17.0 17.0 15.5 16.5 7.0 7.5 10.0 8.2
Search-R1-Base 70.0 46.2 20.0 45.4 25.0 22.5 11.2 19.6
Search-R1-Instruct 50.0 43.0 15.5 36.2 19.5 24.8 7.2 17.2
SSRL 66.0 45.8 23.5 45.1 23.0 21.5 13.2 19.2
Qwen2.5-3B-Instruct

Direct Answer 14.0 9.2 12.0 11.7 3.8 3.2 2.5 3.2
CoT 15.8 8.4 10.2 11.5 3.9 3.6 2.8 3.4
RAG 63.5 31.2 14.8 36.5 24.5 17.0 9.0 16.8
Search-ol 23.0 13.0 11.0 15.7 11.0 4.2 6.8 7.3
Search-R1-Base 56.0 44.0 15.2 38.4 25.2 26.8 13.0 21.7
Search-R1-Instruct 51.0 40.0 11.5 34.2 24.0 24.5 15.0 21.2
SSRL 59.2 36.6 11.0 35.6 20.2 17.6 5.4 14.4
Average across models 40.9 27.0 14.8 27.6 15.5 13.9 7.8 12.4

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

Blue =second best per model group.
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Figure 5: Absolute (A) and relative (%) improvements
of retrieval-based methods over Direct Answer, aver-
aged across models, on the 2021 vs. 2025 batches.

5.2 Main Results

We assess performance across temporal batches
(2021 vs. 2025) and difficulty levels. Our analysis
centers on recency, retrieval utility, and model scale.
Results are detailed in Table 1, with additional
results for 7B/14B models provided in Appendix

Table 5.

Retrieval vs. Parametric Memory. As shown
in Figure 5, dynamic evaluation exposes the criti-
cal role of retrieval. On the 2021 batch, retrieval
yields moderate gains, as models often recall facts
from parametric memory. In contrast, on the 2025
batch, retrieval becomes indispensable. For in-
stance, Llama3.2-3B shows a massive relative gain
from RAG on 2025 data compared to 2021. This
confirms that while models can “hallucinate” cor-
rect answers for old data, they are helpless on
LIVESEARCHBENCH2025 without external tools.

The Recency Gap. Across all models, perfor-
mance drops significantly from 2021 to 2025.
Since the question generation pipeline is identical,
this gap isolates the difficulty of Novel Knowledge.
It highlights that current LLMs, even when aug-
mented with search, struggle to synthesize answers
when the underlying facts contradict or are absent
from their pre-training priors.

Model Scale and Families. Scaling from 3B to
14B within the Qwen series yields consistent gains,
as shown in Appendix Table 5. Larger models are
better at identifying relevant snippets from noisy
retrieval results. Interestingly, while Llama3.2-
3B outperforms Qwen2.5-3B on the 2021 batch,
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2021 2025
Model L1 L2 L3 Avg L1 L2 L3 Avg
GPT-5.2 85.2 67.3 44.0 65.5 56.8 39.7 24.5 40.3

Claude Sonnet 4.5 82.4 64.0 41.0 62.5 53.2 37.3 22.0 37.5
Gemini 3 Pro 79.6 60.7 38.0 59.4 50.4 35.0 20.5 35.3

Table 2: Frontier models under controlled RAG (k=3)
on LiveSearchBench. All three are evaluated through
the same retrieval wrapper as the open-weight models,
not in their native browsing modes. Despite substan-
tially higher absolute accuracy, the Recency Gap persists
(38-41% relative drop from 2021 to 2025). Avg is the
macro-average over tiers.

likely due to different pre-training data distribu-
tions, Qwen models often catch up or lead on the
2025 batch when using RAG. This suggests that
some model families may be better optimizers of
context utilization even if their parametric knowl-
edge is weaker.

5.3 Frontier Model Evaluation

We further evaluate three frontier models, namely
GPT-5.2, Claude Sonnet 4.5, and Gemini 3 Pro,
under the same controlled RAG wrapper used for
the open-weight models. We do not evaluate their
native browsing modes, which mix hidden retrieval,
ranking and caching policies and would not be
reproducible. Results are shown in Table 2.

Despite substantially higher absolute accuracy,
the Recency Gap persists, with a 38-41% relative
drop from 2021 to 2025. Even GPT-5.2 reaches
only 24.5% on L3-2025, far below its own 2021
L3 score of 44.0%, confirming that compositional
reasoning over recent evidence remains challenging
across model scales.

5.4 Disentangling Retrieval vs. Reasoning

To distinguish whether RAG failures stem from
search coverage or reasoning, we conduct Ora-
cle and Wikidata-as-corpus analyses (Appendix G).
Results confirm a dual failure mode: within that
analysis, L1 accuracy jumps from 35.4% to 84.6%
when the search engine is replaced by a Wikidata-
derived corpus, approaching Oracle 96.2%, con-
firming retrieval as the L1 bottleneck. L3 only
reaches 27.0%, far below Oracle 41.5%, confirm-
ing reasoning as the L3 bottleneck.

6 Conclusion

We introduced LIVESEARCHBENCH to shift eval-
uation from static memorization to dynamic rea-

soning. By synthesizing multi-constraint queries
whose answers are unique and SPARQL-verifiable
under a target snapshot, we expose a critical “Re-
cency Gap” where models falter on novel knowl-
edge despite strong historical performance. Our
analysis traces this gap to a dual failure: the in-
ability of retrievers to capture long-tail updates and
the struggle of reasoners to deduce connections
over new evidence. LIVESEARCHBENCH thus
offers a rigorous testbed for Search-RAG agents,
benchmarking genuine real-time adaptability be-
yond parametric memory.

Looking ahead, the oracle analysis motivates
entity-aware retrieval for emerging facts and archi-
tectures capable of structured deduction over novel
evidence. Because the pipeline accepts arbitrary
snapshot pairs, it also enables longitudinal studies
tracking retrieval-augmented reasoning over time.

Limitations

First, our reliance on structured Wikidata differen-
tials restricts the benchmark to fact-centric queries,
excluding unstructured narratives. This is a delib-
erate trade-off for machine-checkable verifiability
via SPARQL. Second, while Exact Match (EM)
may penalize surface-form variations, we addition-
ally report token-level F1 as shown in Appendix K
and find method rankings consistent across both
metrics. Third, a Wikidata differential establishes
that a fact was newly recorded between two snap-
shots, which is not the same as the underlying event
being new; we therefore describe instances as post-
dating a snapshot rather than as describing newly
occurring events. Fourth, Avg. throughout is a
macro-average over the three tiers, so it weights
L1, L2 and L3 equally rather than in proportion to
their sizes.

Reproducibility Statement

Code and data are publicly released at
https://github.com/hengzzzhou/

LiveSearchbench. The release contains the
benchmark splits with their canonical SPARQL
verification programs, the differential-extraction
and question-synthesis pipeline, the contextual
solvability verifier, the evaluation runners and the
scoring code, together with an offline end-to-end
smoke test that runs without API keys. Each
generated release records the snapshot pair it was
built from, including dump identifiers and file
hashes, so an instance can be traced back to a
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specific Wikidata state. Prompts, model identifiers,
seeds and retrieval settings are recorded in the
metadata of every generated file rather than only in
this paper.

Ethics Statement

This work leverages publicly available Wikidata
snapshots as the sole knowledge source. Wikidata
is collaboratively maintained under open licenses,
and our pipeline only processes structured triples
that are already public. No personal, sensitive, or
proprietary data are involved, and all derived bench-
mark questions are grounded in verifiable facts with
explicit provenance. Benchmark generation is fully
automated and involves no crowdsourcing. Hu-
man involvement is limited to a verification pass
by five domain experts (PhD candidates in NLP
and knowledge graphs, independent of the author
list) who checked generated instances for factual-
ity, clarity and solvability; they authored no content
and were not asked to produce or repair questions.
Because all source facts are already public and no
crowd workforce was engaged, we see no risk of
exploitation or privacy leakage beyond what Wiki-
data itself already publishes. We emphasize that
LIVESEARCHBENCH is intended purely for the
evaluation of large language models, not for de-
ployment in real-world decision-making scenarios.
To the best of our knowledge, this study raises no
ethical concerns regarding human subjects, animal
welfare, or data misuse.
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A Use of Large Language Models (LLMs)

We used the large language model ChatGPT 5.2 as
an assistive tool in two ways: first, for writing as-
sistance, including language editing and improving
the clarity of the manuscript, and second, for techni-
cal support during code environment setup and de-
bugging, particularly when resolving environment-
related errors. The model was not used for gen-
erating research ideas, designing methodologies,
conducting experiments, or analyzing results. All
outputs from the LLM were manually verified by
the authors, and final decisions regarding both the
research content and the manuscript were made by
the authors. The authors take full responsibility for
the entirety of this work.

B Quality Assurance and Human
Verification

While the pipeline is automated, we conducted a
human verification phase to ensure the dataset’s
reliability and soundness. Process: We recruited
five domain experts, specifically PhD candidates in
NLP and Knowledge Graphs who are independent
of the author list. Task: Reviewers were presented
with the triple (s, r, 0), the synthesized question @),
and the answer A. They annotated each instance
for three criteria: Factuality, assessing whether
the triple is supported by the snapshot; Clarity,
assessing whether @) is unambiguous; and Solv-
ability, assessing whether () uniquely leads to A.
Protocol: A subset of 100 questions was double-
annotated blindly. We calculated an inter-annotator
agreement (Cohen’s x) of 0.85, indicating high re-
liability. Disagreements were resolved by a third
senior expert. Following this protocol, the full set
of 1,000 questions was verified. This rigorous fil-
tering ensures that LIVESEARCHBENCH serves as
a high-precision, noise-free evaluation standard,
guaranteeing that any observed performance drops
stem from model limitations rather than dataset
artifacts.

C Oracle Analysis

To investigate the sources of error, we conducted
a qualitative Oracle study on a subset of 50 RAG
failure cases from the 2025 batch. This subset is
failure-selected and is used only for the error anal-
ysis below; the tiered Oracle accuracies in Table 6
are computed over the full 2025 split under the
same evaluation protocol as the other rows in that
table, and the two should not be compared directly.

We isolated the reasoning component by provid-
ing models directly with the ground-truth triples
converted into natural language text, thereby by-
passing the retrieval stage. Result: Under Oracle
conditions, L1 accuracy surged to over 95%. This
dramatic improvement serves as a strong valida-
tion of dataset quality: it confirms that the ques-
tions are fundamentally answerable, factually cor-
rect, and free from ambiguity when the correct
evidence is provided. The primary bottleneck for
single-hop dynamic questions is thus confirmed
to be Retrieval Failure, namely the inability to ac-
cess fresh facts, rather than data quality. In con-
trast, for L3 (Fuzzing) questions, accuracy only
improved to ~40%. Since human experts veri-
fied these questions as solvable, this persistent gap
indicates that models struggle to deduce correct an-
swers from complex constraints even when the nec-
essary evidence is present. This disentanglement
demonstrates that LIVESEARCHBENCH effectively
stresses two distinct capabilities: the retriever’s ca-
pacity to index fresh, long-tail information (domi-
nating LL1), and the reasoner’s capacity to perform
logical deduction over provided evidence (dominat-
ing L3).

D Pipeline Details
D.1 Filtering Procedure

The filtering procedure consists of three main steps
to ensure high-quality and interpretable relations
for QA. We maintain a curated filter-list that ex-
cludes meta/formatting predicates, focusing on re-
taining only those relations that yield interpretable
QA. A detailed list of the excluded predicates is
provided in Table 3. To ensure comprehensive lan-
guage coverage, we prune entities with incomplete
metadata and remove those with highly ambigu-
ous surface forms unless additional qualifiers are
available to clarify the context. Additionally, we
eliminate deprecated or contradictory statements
and deduplicate near-duplicate entries by normaliz-
ing keys. The preferred method for normalization
is using the statement ID, but if unavailable, we
rely on a combination of (s,r) along with label
normalization.

D.2 Finalization and Validation Pseudocode
and SPARQL Templates

SELECT ?b WHERE {
wd:Q a wdt:P_r ?b .
# Optional: Apply filters for rank and
time validity.
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} LIMIT 2

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

SELECT ?x WHERE ({

{ wd:Q0_a wdt:P_rl ?x FILTER (phi_1
(?x)) }

UNION

{ wd:0_a’ wdt:P_r2 ?x FILTER (phi_2
(?x)) }

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

Listing 2: SPARQL sketch for an L2 query. The
HAVING clause selects candidates satisfying both
constraints; uniqueness is then enforced by a separate
outer count over the returned bindings, which must
equal one.

SELECT ?x WHERE {

{ wd:0_a wdt:P_rl ?x FILTER (
phi_1_fuzzy (?x)) }

UNION

{ wd:Q_a’ wdt:P_r2 ?x FILTER (
phi_2_fuzzy (?x)) }

UNION

{ ?x wdt:P_r3 C_c FILTER (phi_3
(?x)) }

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

Listing 3: SPARQL sketch for an L3 query with
fuzzy constraints and an additional hop. As at L2,
the HAVING clause selects candidates; uniqueness is
enforced by a separate outer count over the bindings.

E Implementation Details

E.1 Implementation of Baselines

For SEARCH-01, SEARCH-R1, and SSRL, we
set the temperature to 0.7 and the max response
length to 4096. We do not restrict their max turns
for search, so that they can search as many times
as they want. We use Exact Match (EM) as our
evaluation metric. The prompt we use is listed in
Table 4. We use Google Search via the Serper API
for all of them to ensure fairness.

F Larger Model Results (Qwen 7B/14B)

Table 5 shows results for larger Qwen models at
the 7B and 14B scales. Scaling yields consistent
gains, and the Recency Gap persists even at 14B
scale.

G Wikidata-as-Corpus Retrieval Analysis

To distinguish whether RAG failures stem from
search engine coverage or reasoning limitations,
we convert ground-truth Wikidata triples into natu-
ral language passages and use them as a retrieval

def generate_benchmark (dump_TO0, dump_T1)

# 1. Differential Knowledge
Extraction

G_TO0 = extract_triples (dump_TO0)
G_T1l = extract_triples (dump_T1)
knowledge_delta = G_Tl.difference (
G_TO)

# 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_T1l, level="L1")
if not question:
question =
synthesize_question (seed_triple,
G_T1, level='12")
if not question:
question =
synthesize_question (seed_triple,
G_T1, level='13")

# 4. Finalization
if question and is_valid(
question) :
final_ instance =
render_and_finalize (question)
benchmark.append (
final_instance)

return benchmark

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

graph,

# 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
benchmark questions from snapshots.

for generating
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Table 3: The curated filter-list of excluded
meta/formatting predicates.

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

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 cate-
gory

P3709 unit symbol

P3713 pronunciation audio

corpus for BM25 and Contriever retrievers. Results
on Qwen2.5-14B for LiveSearchBench-2025 are
shown in Table 6.

H Model Family Comparison (Llama vs.

Qwen)

A clear divergence emerges between the Llama
and Qwen families across six benchmarks. On
single-hop datasets (NQ, TQ, HQ), both families
benefit from increased sampling, but Llama models
enter the positive regime of Ay earlier and with
steeper gains; Qwen retains larger blue regions at
small/medium k, indicating a slower shift from

Prompt Template

Answer the given question. You must conduct reason-
ing 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 and

. 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:

2021 2025
Method L1 L2 L3 Avg L1 L2 L3 Avg
Qwen2.5-7B
Direct Answer 24.2 103 14.0 162 74 52 6.6 64
CoT 20.6 10.0 142 149 54 35 49 46
RAG 65.5 37.2 19.4 40.7 34.8 20.0 13.0 22.6
Search-ol 25.6 126 22.0 20.1 56 79 112 82

Search-R1-Base 68.8 60.8 25.0 51.5 28.5 31.2 17.1 25.6
Search-R1-Inst 69.8 56.0 21.1 49.0 27.6 30.0 18.6 254

Qwen2.5-14B

Direct Answer 30.6 14.2 18.0 209 85 55 86 7.5
CoT 31.5 139 20.1 21.8 74 45 100 7.3
RAG 73.0 52.5 33.0 52.8 34.8 27.0 19.0 269
Search-ol 27.6 182 18.6 21.5 6.7 79 130 9.2

Search-R1-Base 72.5 61.0 31.3 549 29.6 38.0 19.2 289
Search-R1-Inst  63.5 61.2 25.0 49.9 28.0 34.0 22.8 28.3

Table 5: Larger Qwen models (7B/14B) on
LiveSearchBench.

retrieval reliance to parametric dominance. The dif-
ference is more pronounced on multi-hop datasets
such as 2Wiki and Bamboogle: Llama shows deep
red saturation across most of the k range, while
Qwen improves with k£ but with smaller margins
and a less abrupt transition. MuSiQue shows a
slower transition overall, yet the pattern holds. Scal-
ing within each family reinforces this trend: larger
Llama models show sharper improvements in A
than their Qwen counterparts, suggesting that static
QA benchmarks disproportionately reward Llama’s
parametric capacity, whereas Qwen requires larger
sampling budgets to approach similar performance.

I Pipeline Filter-out Statistics

Table 7 reports the survival rate at each stage of the
pipeline for the 2025 batch. From 823K raw delta
triples, 7,362 verified candidates survive (~0.89%).
The relation allow-list is the largest absolute filter
and SPARQL uniqueness validation the most selec-
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Retrieval Source L1 L2 L3 Avg
Google RAG 354 263 175 264
Wiki-corpus (BM25) 79.2 463 24.0 49.8
Wiki-corpus (Contriever) 84.6 50.7 27.0 54.1
Oracle (triple injection)  96.2 713 41.5 69.7

Table 6: Wikidata-as-corpus retrieval on Qwen2.5-
14B, LSB-2025. L1 accuracy jumps from 35.4% to
84.6% with Contriever, approaching the Oracle score
of 96.2%, confirming retrieval coverage as the L1 bot-
tleneck. L3 only improves to 27.0%, still far from the
Oracle score of 41.5%, confirming reasoning as the L3
bottleneck.
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Figure 6: Family-level comparison. Averages for dif-
ferent models on 2021 and 2025 batches.

tive later stage. The verified pool is 7 larger than
the final benchmark of 1,000 questions, demon-
strating practical scalability.

J Pass@k Analysis on LiveSearchBench

We extend the Pass @k analysis from Section 3 to
LiveSearchBench itself, testing whether our bench-
mark maintains a persistent “Blue Region” where
retrieval is essential regardless of sampling scale.

On the 2021 batch, Ay gradually converges to-
ward zero as k increases, reaching —2.3 at k=1024,
indicating that parametric sampling can eventually
approach RAG performance for historical facts. In
contrast, on the 2025 batch, A; remains persis-
tently negative at —8.9 even at k=1024, confirming
that LIVESEARCHBENCH-2025 maintains a per-
sistent Blue Region where retrieval is essential
regardless of sampling budget. This validates the
core design goal of our benchmark.

Pipeline Stage Count  Survival
Raw delta triples 823,461 100%
Relation allow-list 142,538 17.3%
Entity quality 76,819  53.9%"
Statement validity 45,247 58.9%
SPARQL-validated ~10,619  23.5%'
Verified pool 7362  69.3%'
Final benchmark 1,000 —

Table 7: Pipeline filter-out statistics (2025 batch).
Survival rate relative to the preceding stage. Over-
all: ~0.89%.

k
Metric 1 4 16 64 256 1024
LiveSearchBench-2021 (Qwen2.5-14B)
Ag —124 -86 —-59 —41 =30 -23
LiveSearchBench-2025 (Qwen2.5-14B)
Ay —-196 -162 —-135 —-11.8 —10.1 -89

Table 8: Pass@k analysis on LiveSearchBench,
Qwen2.5-14B. A, = Pass@kyg.search — Pass @ 1gearch.
On 2021, Ay, converges toward zero, reaching —2.3 at
k=1024. On 2025, A remains persistently negative at
—8.9 even at k=1024, confirming the “persistent Blue
Region” that validates benchmark design.

K Additional Ablations

Trust-Retrieval Prompt. We test whether ex-
plicitly instructing the model to “trust retrieved
evidence” improves RAG performance. The im-
provement is marginal (+0.8 points on average),
ruling out prompt design as the cause of the Re-
cency Gap.

EM vs. F1. We additionally report token-level
F1 alongside EM. F1 is consistently 8—10 points
higher, but the relative ranking of methods is
preserved, confirming conclusions are not driven
by metric choice.
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Prompt Variant L1 L2 L3 Avg

Standard RAG 354 263 175 264
“Trust retrieval”  37.0 27.0 175 27.2

Table 9: Trust-retrieval prompt ablation on Qwen?2.5-
14B, LiveSearchBench-2025. Explicitly instructing the
model to trust the retrieved evidence changes average
EM by only +0.8 points.

Qwen-14B Qwen-7B Llama-3B

Method EM F1 EM F1 EM F1
Direct Answer 7.0 158 6.1 143 33 11.5
RAG 264 352 224 316 132 22.0

Search-R1 28.4 37.1 25.0 33.8 18.8 27.5

Table 10: EM versus token-level F1 on
LiveSearchBench-2025.  F1 is consistently 8-10
points higher than EM, but the relative ranking of
methods is unchanged, so conclusions are not driven by
the choice of metric.
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