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Abstract

Web-agent benchmarks overwhelmingly measure
depth—pinning one obscure answer behind a chain of
constraints—while breadth, exhaustively enumerating
a closed set and filling each item’s attributes, is barely
evaluated, especially outside English. Breadth is also
hard to build: certifying that a gold set is complete and
every cell correct is far costlier than checking a single
answer. I introduce KO-WIDESEARCH, a Korean
breadth-search benchmark built by an automated
synthesize-and-verify pipeline. Each task names a
set-parent entity—a TV season, a dynasty, a league,
an administrative region, an election—and asks for
its full membership plus a per-item attribute table,
graded by Item-, Column-, and Row-F1. It spans 228
tables over 190 entities and sixteen categories across
three difficulty tiers, set by two structural knobs I
dial independently—table width and a 2-D composite
key—so cross-product membership climbs from 0% to
100% across the tiers. A single normalization-aware
comparator is shared between gold construction and
grading, so stable date and count columns are not
over-dropped on formatting alone. Across twenty web
agents, the failure is consistent: agents recover the set
but not the rows (e.g. Item-F1 92.8 against Row-F1
53.7), accuracy falls steadily as the knobs harden, and
neither more search nor more spend closes the gap.
Broken down by cell, the hard part is finding the right
value, not formatting it: open-ended free-text cells fail
most, while cells with a standard answer such as a date
or a name usually come out right.

Introduction
Ask a web agent to list every low-cost carrier flying in Ko-
rea as of June 2026, and for each one its parent company,
the year it launched, its main hub, and how many aircraft it
operates today. A capable agent has to do two things at once.
It must recover the complete set—nine carriers, where drop-
ping Aero K or inventing a tenth is immediately wrong—;
and it must fill, for each row, a cell that lives on a different
page, because the current fleet count is not printed beside the
airline’s name. Neither half is a hard single-fact lookup. The
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difficulty is that the answer is a whole table, and it has to be
exhaustive and internally complete.

This is breadth—a different axis from the one to-
day’s browsing-agent benchmarks measure. The dominant
paradigm is depth: BrowseComp (Wei et al. 2025) and its
Chinese and Korean siblings BrowseComp-ZH (Zhou et al.
2025) and K-BrowseComp (Lee et al. 2026) hide a sin-
gle short answer behind several constraints, and the agent
traverses a multi-hop or parallel-constraint path to recover
it. WideSearch (Wong et al. 2025) showed that even fron-
tier agents fail set-valued tasks, not because the informa-
tion is hidden but because of scale and exhaustiveness:
they drop rows, mis-fill cells, and lose track of the set
boundary. Breadth, in other words, stresses a capability that
depth benchmarks never exercise—holding and completing
a structured set across many pages.

Two gaps motivate this work. First, breadth-search evalu-
ation barely exists outside English: Korean agentic bench-
marks are scarce (Lee et al. 2026), yet browsing ability
is uniquely language- and culture-bound—an agent must
navigate Korean sources whose structure, terminology, and
search conventions differ from English ones (Kim et al.
2024a; Son et al. 2025). Second, breadth poses a construc-
tion problem of its own: certifying that a gold set is com-
plete and that every attribute cell is correct is far harder
than checking one answer, and doing it at scale by hand is
prohibitive—the original WideSearch was hand-built at 200
tables and high annotation cost.

I address both with KO-WIDESEARCH, a Korean
breadth-search benchmark built by an automated synthesize-
and-verify pipeline. Each task names a set-parent entity—a
TV season, a dynasty, a league, an administrative region,
an election—and asks for the full membership plus an at-
tribute table, graded by Item-, Column-, and Row-F1. I or-
ganize the benchmark—228 tables in all—into three diffi-
culty tiers along two structural axes I dial independently:
table width and a 2-D composite key (Figure 1). My con-
tributions are fourfold. (1) I introduce KO-WIDESEARCH:
228 Korean breadth-search tables—4,262 gold rows and
14,560 attribute cells over 190 set-parent entities and six-
teen categories—every table web-sourced and decontami-
nated. (2) I build it with an automated synthesize-and-verify
pipeline that makes Korean breadth-search evaluation scal-
able while keeping the gold trustworthy: a build agent enu-
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228 tasks  ·  16 categories  ·  three difficulty tiers

EASY
list · few cols

MEDIUM
more cols / grid

HARD
wide grid

Science
planets · moons · R&D

11 tasks

Government
ministers · elections

11 tasks

★ shown in full →

Sports
KBO · FIFA · Olympics

80 tasks

Media
awards · variety TV

28 tasks

One HARD task in full: every Korean metro-province's elected
head in the 7th & 8th local elections.

each row = a (province × round) pair
every province in every election → 17 × 2 = 34 rows

each winner's age looked up per person —
off the results page (cross-source)

recover the whole 34-row grid + fill every cell

8 planets:
year, discoverer

list · 3 cols

bodies: diameter,
density, moons

list · 5 cols

country × year:
R&D%, GDP, pop.

grid · 5 cols

office-holders:
term, appointer

list · 3 cols

+ dates, president,
alma mater

list · 5 cols

province × round:
winner, party…

grid · 7 cols

title winners,
career # titles

list · 2 cols

team × season:
rank, points

grid · 4 cols

team × season:
rank, city, arena

grid · 5 cols

artists:
debut date

list · 2 cols

albums: release,
title track, chart

list · 5 cols

award × ceremony:
winner, work…

grid · 7 cols

시·도 회차 당선자 정당 투표율 연령 득표율

서울특별시 제7회 박원순 더불어민주당 59.9 62 52.79

서울특별시 제8회 오세훈 국민의힘 53.2 61 59.05

부산광역시 제7회 오거돈 더불어민주당 58.8 69 55.23

부산광역시 제8회 박형준 국민의힘 49.1 62 66.36

대구광역시 제7회 권영진 자유한국당 57.3 55 53.73

인천광역시 제7회 박남춘 더불어민주당 55.3 59 57.66

광주광역시 제7회 이용섭 더불어민주당 59.2 66 84.07

경기도 제7회 이재명 더불어민주당 57.8 53 56.40

⋮

HARD-SET EXAMPLE

Figure 1: The benchmark and its running example. Left: tasks span Korean categories (rows) and three difficulty tiers
(columns); each cell is one real task, with a strip of its columns beneath—the membership-key column(s) shaded, one box
marking a list, two a cross-product grid. Reading left to right, tasks gain columns to fill and their membership turns from a
list into a grid. Right: the Government/HARD cell shown in full—a hard-set example I reuse as the paper’s running example:
every Korean metropolitan province’s elected head in the 7th and 8th local elections. Its rows are (province× round) pairs
(every province in every election, 17 × 2 = 34 rows), and per-row attributes such as each winner’s age are looked up off the
results page (cross-source). Four of sixteen categories are shown.

merates each gold table by exhaustive web search, three in-
dependent gates certify non-memorizability, completeness,
and cross-source attribute verification, and two difficulty
knobs manufacture WideSearch-grade hard breadth—2-D
membership rises from 0% in EASY to 100% in HARD, and
median width from three to seven columns. (3) I find that
a naı̈ve attribute cross-check over-drops stable columns on
formatting alone and, because the same comparator grades
model output, would otherwise mis-score agents, so I fix
both with one normalization-aware comparator; separately,
I web-ground the single-page-versus-cross-source sourcing
label, which an LLM guesses only roughly 72% accurately
against the live web. (4) I adopt a leakage-aware release: be-
cause an agent’s own search can surface posted gold and lift
the answer, I follow the held-out precedent of GAIA (Mi-
alon et al. 2023) and BrowseComp (Wei et al. 2025) and
open-source the pipeline and scorer under MIT while dis-
tributing the evaluation data by request, keeping the set off
the surface agents search so Korean breadth search can be
evaluated and re-grown.

Related Work

Web agents, tool use, and browsing benchmarks. A
browsing agent is a language model that acts—reasoning,
calling tools, and reading back what it finds—a loop estab-
lished by ReAct (Yao et al. 2023) and by tool-augmented
models that teach themselves to invoke APIs (Schick et al.
2023; Patil et al. 2024; Qin et al. 2024). Pointed at the
open web, such agents have been studied as browser-assisted
question answerers (Nakano et al. 2021) and as navigators of
real and simulated sites (Yao et al. 2022; Deng et al. 2023;
He et al. 2024; Zhou et al. 2024), and stress-tested by agent
suites such as AgentBench (Liu et al. 2024), GAIA (Mi-
alon et al. 2023), and AssistantBench (Yoran et al. 2024);
more recently, search has been folded into reasoning it-
self (Li et al. 2025). The hardest browsing benchmarks
measure depth: BrowseComp (Wei et al. 2025) poses ques-
tions a human cannot answer quickly with a browser, solv-
able only through multi-step search, and BrowseComp-
ZH (Zhou et al. 2025) and K-BrowseComp (Lee et al. 2026)
carry that paradigm to Chinese and Korean—the latter em-
phasizing Korean-context grounding (local entities, semi-
structured Korean pages, culturally grounded clues), whose



construction-and-verification methodology I build on. This
depth lineage runs back through multi-hop and open-domain
QA—HotpotQA (Yang et al. 2018), TriviaQA (Joshi et
al. 2017), Natural Questions (Kwiatkowski et al. 2019),
2WikiMultihopQA (Ho et al. 2020), and MuSiQue (Trivedi
et al. 2022)—and into short-answer factuality and fresh-
ness (Krishna et al. 2024; Vu et al. 2024; Wei et al. 2024;
CAIS and Scale AI 2025). Every one of these, however,
grades a single answer per question; KO-WIDESEARCH
grades a closed set.

Breadth, set enumeration, and tables.
WideSearch (Wong et al. 2025) introduced set-valued
enumeration as a distinct agentic challenge, with item-,
column-, and row-level F1 as its metrics and high human
agreement on gold construction; follow-up work isolates
aggregation and counting error (Zhu et al. 2026). The
set-valued setting has older roots: in list-answer question
answering, where one query has many correct answers
scattered across pages (Amouyal et al. 2023), and in
querying semi-structured tables—compositional question
answering over Wikipedia tables (Pasupat and Liang
2015), table-grounded fact verification (Chen et al. 2020b),
free-form table QA (Nan et al. 2022), and questions that
hop between a table and its linked text (Chen et al. 2020a).
What breadth adds is that the agent must produce the table
rather than read a given one, assembling membership and
attributes from the live web—a retrieval-grounded gener-
ation problem in the lineage of RAG (Lewis et al. 2020;
Asai et al. 2024). I adopt WideSearch’s task shape and
metrics, instantiate them on Korean sources, replace its
hand construction with an automated, verified pipeline,
and add two structural difficulty knobs (width and a 2-D
composite key) that let the pipeline reach the hand-built
original’s width and cross-product share, exceeding both in
the HARD tier. To my knowledge, breadth search on Korean
sources has no prior benchmark.

Korean and regional evaluation. Korean evaluation
has matured along a static axis: reading comprehension
in KorQuAD (Lim et al. 2019), core understanding in
KLUE (Park et al. 2021) and KoBEST (Jang et al. 2022),
multitask knowledge in KMMLU (Son et al. 2025), factual
and cultural knowledge in HAE-RAE (Son et al. 2024) and
CLIcK (Kim et al. 2024a), and social bias in KoBBQ (Jin
et al. 2024); multilingual efforts such as MENLO (White-
house et al. 2026) and INCLUDE (Romanou et al. 2025) add
regionally grounded knowledge. A fast-growing set of Ko-
rean and Korean-capable models has appeared in parallel—
HyperCLOVA (Kim et al. 2021) and HyperCLOVA X (Hy-
perCLOVA X Team 2024), EXAONE (LG AI Research
2024), Kanana (Kanana Team 2025), and SOLAR (Kim et
al. 2024b)—and I evaluate a Korean-specialized family on
the breadth-search task. Valuable as they are, these bench-
marks are largely static: they do not require an agent to
search the live web, maintain evidence state, or synthe-
size information across Korean pages—exactly the gap a
breadth-search benchmark fills.

Synthetic data, judging, and contamination. My
pipeline sits in the lineage of scaling data by
self-generation, from bootstrapping instructions
out of a model’s own outputs (Wang et al. 2023;
Xu et al. 2024b) to synthesizing instruction and conversa-
tion data at scale (Ding et al. 2023; Mukherjee et al. 2023;
Xu et al. 2024a). But it inverts the usual goal: I synthesize
an evaluation set, where correctness, not diversity, is the
binding constraint. Two risks follow. First, model-generated
gold needs trustworthy verification; my acceptance gates use
held-out LLM judges, a now-standard instrument whose hu-
man agreement and biases are documented (Liu et al. 2023;
Zheng et al. 2023). Second, model-generated tasks can be
under-specified, too easy, or already seen in pretraining, so
contamination is a central quality concern (Dong et al. 2024;
Spiesberger et al. 2026) with a matching line of detection
methods (Sainz et al. 2023; Golchin and Surdeanu 2024;
Oren et al. 2024). I answer both with verifiability-
first construction—every gold set is independently
re-enumerated and search-certified—and an explicit
decontamination screen against existing evaluation sets.

The Ko-WideSearch Benchmark
I build KO-WIDESEARCH in five steps, taken up in turn be-
low. I first fix the task and its four metrics. An autonomous
build-and-verify pipeline then constructs each gold table and
certifies it behind three independent gates. Two structural
knobs—table width and a 2-D composite key—set the three
difficulty tiers. A single normalization-aware comparator,
shared between gold construction and grading, keeps sta-
ble columns from being mistaken for source-fragile ones.
Finally, because an LLM cannot reliably guess whether a ta-
ble’s content sits on one page or spans many, I web-ground
an orthogonal sourcing label.

Task Definition
A KO-WIDESEARCH instance is a question that (i) names
a closed, finite set through a predicate Y and (ii) requests
m−k attributes for each member. The gold answer is a set
of n rows, each a (name, attributes) pair over m columns;
the first k columns are the membership key (k=1 for an
ordinary primary key, k=2 for a 2-D cross-product such
as team× season) and the rest are attributes. The low-cost-
carrier task above is a small instance: nine rows, keyed on
the carrier name (k=1), plus four attribute columns (parent
company, launch year, hub, fleet size) for five in all. The
hard-set example I trace through the paper (Figure 1) is the
k=2 case: its rows are keyed on a (province, election round)
pair, so membership is itself a grid—17 × 2 = 34 rows. A
model is graded by parsing its predicted table and matching
it to the gold on the key columns:

• Item-F1: set-membership precision/recall over the row
keys.

• Column-F1: per-attribute cell correctness over matched
rows (micro- and macro-averaged).

• Row-F1: the fraction of rows whose key and every at-
tribute cell are correct—the strict, end-to-end metric.
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Figure 2: KO-WIDESEARCH extends WideSearch (Wong et al. 2025) along two structural axes. (a) Difficulty: the two knobs
I dial—table width and the 2-D composite-key share—span the plane. WideSearch is a single, un-tiered reference (median
six columns, 35% 2-D), whereas KO-WIDESEARCH covers a calibrated EASY→MEDIUM→HARD region (shaded), its HARD
tier reaching the original’s width and exceeding its cross-product share (100% vs. 35%). (b) Sourcing: an orthogonal, web-
grounded property—whether a table’s attributes sit on one page (EXHAUSTIVE) or span several (CROSS-SOURCE)—rising from
77% cross-source in EASY to every MEDIUM and HARD task.

• Table success: the fraction of tables that are entirely cor-
rect (Row-F1 = 1), matching WideSearch’s headline pass
criterion.

Cells are compared with a shared type-aware comparator
(below); genuinely-absent gold cells are marked with a sen-
tinel and excluded from scoring. Each column carries a
WideSearch-style metric declaration—exact match, numeric
or date tolerance, URL match, or, for free-text values, an
LLM-judge criterion—but the released numbers are pro-
duced by the deterministic comparator throughout, which
resolves a free-text cell by a conservative normalized-text
match rather than by calling a judge.

Construction Pipeline
Each table is produced by an autonomous pipeline and then
certified by independent gates.

Build. A build agent receives a set-parent seed entity and,
over the search/open/find tool namespace, designs a
bounded enumeration question and constructs the gold ta-
ble by exhaustive search. Time-volatile attributes are pinned
to an explicit “as-of” date (e.g. 2026-06) so the answer is
stable; time-invariant tables carry no such date.

Verify. Acceptance requires passing, independently:
1. Non-memorizability. A closed-book model must not re-

produce the gold cells from memory. I score item and
attribute cells, not just names, so a set whose members
are well-known but whose attributes require lookup is still
non-memorizable. The gate fails closed: an inconclusive
check is treated as a rejection.

2. Completeness. An independent agent re-enumerates the
membership from the question alone; the two sets must
agree (set-F1 ≥ τ ), my proxy that the gold set is complete
and the boundary unambiguous.

3. Cross-source attribute verification. A separate pass re-
looks-up each attribute for the known members; a column
whose values do not agree with this independent source
is dropped as source-fragile. Acceptance requires at least
one cross-verified attribute column to survive: a name-
only list is not a valid breadth task.

Difficulty Tiers
Breadth has two structural sources of hardness, and I dial
them separately. The first is width: how many attributes per
row must be filled, each potentially from its own page. The
second is a 2-D composite key: when membership is itself a
cross-product—every (team, season) or every (election, can-
didate) pair—the agent must enumerate a grid rather than
a list, and a single missed combination breaks an entire
band of rows. The carrier task turns only the first knob—
wide (five columns) but one-dimensional. My running hard-
set example (Figure 1) turns both: “for every metropoli-
tan province, name the head elected in the 7th and 8th
local elections, with party, turnout, the winner’s age, and
vote share.” Membership is now a (province× round) grid—
seventeen provinces times two elections, thirty-four rows—
so a province missed in either round breaks an entire band,
and the winner’s age, off on a different page from the result,
makes the seven columns cross-source as well.

These two knobs define three tiers (Table 1, Figure 1).
EASY turns neither: a narrow 1-D list, a median of three



columns and no composite key. MEDIUM turns exactly
one—either a wide 1-D table (many per-item attributes, a
median of five columns) or a narrow 2-D grid—so 2-D mem-
bership appears in 30% of MEDIUM tables. HARD turns
both: a wide 2-D cross-product grid, a median of seven
columns and a composite key in 100% of tables. Difficulty
thus shifts from row count toward width and grid structure
as the tier hardens. Crucially, the difficulty is not a label-
ing artifact but a generation target: the build prompt and ac-
ceptance gates were extended to manufacture wide and 2-D
tables, which is how an automated Korean pipeline reaches
the column-count and cross-product proportions of the hand-
built original, exceeding them in the HARD tier (Figure 2(a)
positions my three tiers against WideSearch).

Normalization-Aware Cell Comparison
A subtlety I found to matter in practice: the attribute cross-
check above compares two independently-retrieved values,
and is only as good as its equality test. A naı̈ve compara-
tor over-drops stable columns—presidential terms (“1948–
1960” vs. a full ISO date range), heritage-designation dates,
or planetary diameters (“12,742 km”)—because of date-
granularity, thousands-separator, and unit mismatches rather
than genuine source-fragility: a formatting failure dressed
up as fragility. The same comparator also grades model an-
swers, so the bug would also mis-score agents—marking a
correct “12,742 km” wrong against a gold “12742”. I there-
fore use a single type-aware comparator, shared between
gold construction and grading, that (i) compares dates at
their common granularity (a year-only value matches a full
date with the same year), (ii) strips thousands separators and
trailing units before numeric comparison and applies a rel-
ative tolerance for large measurements (with AGGBench-
style tolerance for counts (Zhu et al. 2026)), and (iii) falls
back to normalized text matching with substring and token-
overlap for names and locations. With this comparator the
cross-check keeps the stable columns and drops only the
genuinely fragile ones, such as volatile rankings or ambigu-
ous role labels.

Web-Grounded Sourcing Tiers
Orthogonal to the difficulty tiers is a table’s sourcing—
whether its content sits on one page or spans several.
An EXHAUSTIVE-ONLY table has its entire content—
membership and all attributes—consolidated on a single
page, so the difficulty is breadth alone; a CROSS-SOURCE
table has at least one attribute that is not on the member-
ship page and must be looked up per item from a different
source. This is independent of width and 2-D structure: a
narrow EASY table can still be CROSS-SOURCE, and over-
all the benchmark is 27 EXHAUSTIVE-ONLY to 201 CROSS-
SOURCE (Figure 2(b) breaks this split down by tier). My
running election grid is CROSS-SOURCE: the winners and
parties come off the results page, but each winner’s age must
be fetched from a separate biography. I find that asking an
LLM to predict this property from the question structure
alone is unreliable—roughly 72% agreement with the web,
including high-confidence errors—because it mis-estimates

Table 1: Composition of Ko-WideSearch by difficulty tier.
Tier N Cols 2-D Rows Cells

med (range) med (range)

EASY 116 3 (2–4) 0% 14 (8–39) 3,901
MEDIUM 67 5 (3–8) 30% 16 (8–44) 5,102
HARD 45 7 (5–8) 100% 21 (8–46) 5,557

Total 228 — — — 14,560

what a given Korean page actually contains. I therefore web-
ground the label: an agent opens the best list page and ver-
ifies whether all requested columns are present, correcting
the structural guess.

Quality Control
Question–gold consistency. When the cross-check drops
a source-fragile column, the question is rewritten to ask only
for the surviving columns, so the question never requests a
cell that has no gold value.

De-duplication and diversity. I remove near-duplicate ta-
bles (same membership and attributes) and cap per-entity
repetition; the released benchmark spans 190 distinct set-
parent entities over its 228 tables, with per-entity counts re-
ported to monitor over-representation.

Decontamination. I screen every question against 5,744
questions from eight existing evaluation sets—WideSearch,
K-BrowseComp, BrowseComp-ZH, BrowseComp-Plus,
GAIA, FRAMES, HLE, and MCP-Atlas—using CJK-aware
shingle Jaccard, n-gram containment, and answer overlap.
No question trips any of these three signals at the 0.6
threshold, confirming novelty.

Human spot-check. A native-speaker reviewer audits a
stratified sample across the three tiers for membership com-
pleteness, boundary clarity, cell accuracy, and temporal sta-
bility; I position the benchmark as pipeline-verified, with no
external paid annotation and no formal inter-annotator study.

Dataset Statistics
Table 1 gives the per-tier shape. Coverage spans sixteen cat-
egories and 190 distinct set-parent entities: 83% of the 228
tasks enumerate a unique set, so even though sports/games
leads, the benchmark is diverse at the entity level. The 80
sports tasks are nearly all different leagues, seasons, and
tournaments, and the MEDIUM tier alone covers fourteen
categories, a topical breadth that echoes that reported for K-
BrowseComp (Lee et al. 2026). One skew is worth flagging
up front: the HARD, 2-D tier is sports-season heavy (30 of 45
tables). A second, orthogonal property is each table’s sourc-
ing (EXHAUSTIVE-ONLY vs. CROSS-SOURCE). Overall the
split is 27:201, and it tracks difficulty: every single-page ta-
ble is EASY, while MEDIUM and HARD are entirely cross-
source, so a harder task always stitches its attributes across
pages. The full record schema and per-tier sample tasks are
given in the appendix.



Experimental Setup
Agent harness. I evaluate each model as a browsing agent
over a single search/open/find tool namespace pointed
at Korean web search, under a fixed per-question bud-
get of thirty agent iterations and a single attempt per task
(pass@1); each iteration may batch several tool calls, so the
total search-call count per task runs well above thirty. The
agent is told to enumerate the set exhaustively and to return
exactly one structured table; my scorer then parses that table
directly (JSON, Markdown, or CSV, with a free-text fallback
that yields recall only), matches the predicted rows to the
gold on the key column(s), and grades every cell with one
shared, deterministic type-aware comparator held constant
across systems—so no model is advantaged or penalized by
an opaque judge.

Models. I evaluate three families of systems, chosen so
the comparison lines up with the roster reported for K-
BrowseComp (Lee et al. 2026): proprietary frontier mod-
els (e.g. the GPT, Claude, and Gemini lines (OpenAI
2023; Gemini Team 2023)), open-weight models (e.g.
GLM, Llama, Qwen, and DeepSeek (Llama Team 2024;
Qwen Team 2024; DeepSeek-AI 2024)), and Korean-
specialized models (e.g. EXAONE (LG AI Research 2024),
HyperCLOVA X (HyperCLOVA X Team 2024), A.X,
and Kanana (Kanana Team 2025)). I score twenty sys-
tems end-to-end on the full pool—GPT-5.5, Claude-Opus-
4.8/4.7/4.6, Claude-Sonnet-4.6, Claude-Haiku-4.5, Gemini-
3.1-Pro, Gemini-3.1-Flash-Lite, Gemini-3.5-Flash, GPT-
5.4, and GPT-5.4-mini/nano (proprietary); DeepSeek-
V4-Pro, DeepSeek-Chat, GLM-5.1, Gemma-4-31B, and
Qwen3.6-35B (open-weight); and A.X-4.0, Solar-Open-2-
preview, and K-EXAONE-236B (Korean-specialized).

Metrics. I report the four WideSearch metrics—mean
Item-, Column-, and Row-F1 and the table-success rate—
alongside the structured-output parse rate, and break each
one down by difficulty tier, by sourcing label, and by cate-
gory. Item-F1 isolates membership: on the running election
grid, whether all thirty-four (province, round) rows are re-
covered, none missed and none invented. Row-F1 and ta-
ble success then add that every attribute cell—in a row, and
across the whole table—must also be correct. The parse rate
captures whether a system can emit a readable table at all.

Results
RQ1: Is membership recovered while full rows are not?
Yes, and the gap is wide. Every system in Table 2 recovers
most of the closed set yet completes far fewer full rows—the
strongest model, GPT-5.5, scores Item-F1 92.8 but Row-F1
53.7, and table success only 19.3 (about one table in five
entirely correct). Figure 3 traces this cascade per model: an
agent that recovers the full thirty-four-row election grid yet
mis-fills a single turnout or a winner’s age scores high on
Item-F1 and far lower on Row-F1. This is the WideSearch
failure mode, now confirmed on Korean sources. I want
to highlight two things. First, the frontier is effectively
tied: GPT-5.5, Claude-Opus-4.8, and Claude-Opus-4.7 sit

Table 2: Main results on Ko-WideSearch (228 tables),
as percentages: the four WideSearch metrics and the
structured-output parse rate, by system family, single-pass
(pass@1). Best per column in bold.

Model Item-F1 Column-F1 Row-F1 Tab. Succ. Parse
Proprietary frontier
GPT-5.5 92.8 74.3 53.7 19.3 98.2
Claude-Opus-4.8 94.1 75.5 52.9 16.2 99.6
Claude-Opus-4.7 94.6 75.6 51.6 15.8 100.0
Claude-Opus-4.6 92.0 72.7 48.9 14.9 100.0
Gemini-3.1-Pro 88.2 65.6 45.9 14.5 93.0
Gemini-3.1-Flash-Lite 89.0 69.7 45.9 7.0 99.1
Gemini-3.5-Flash 79.9 63.3 44.1 12.7 86.8
Claude-Sonnet-4.6 90.2 67.7 43.6 11.8 100.0
GPT-5.4 89.0 61.5 41.6 10.5 100.0
GPT-5.4-mini 82.3 55.9 33.3 5.7 98.2
Claude-Haiku-4.5 66.7 43.5 28.8 7.0 75.9
GPT-5.4-nano 66.6 26.6 15.9 5.7 93.4

Open-weight
DeepSeek-V4-Pro 80.4 63.9 45.0 12.3 87.3
GLM-5.1 61.7 45.6 34.0 12.3 66.2
Gemma-4-31B 76.4 43.9 23.0 2.6 93.4
DeepSeek-Chat 65.4 39.4 21.3 4.0 87.3
Qwen3.6-35B 32.4 22.2 16.2 4.0 38.6

Korean-specialized
Solar-Open-2-preview 44.0 33.3 24.4 9.7 62.7
A.X-4.0 71.7 46.2 24.2 4.4 93.4
K-EXAONE-236B 61.9 32.3 17.5 3.1 82.9

within two points on Row-F1 (53.7/52.9/51.6), and Claude-
Opus-4.7 in fact leads on membership and per-cell accuracy
(Item-F1 94.6, Column-F1 75.6). Second, the open-weight
DeepSeek-V4-Pro (Row-F1 45.0) stays competitive with the
frontier: it ranks mid-pack among the proprietary systems—
behind the Claude-Opus line and both Gemini-3.1 models,
yet ahead of GPT-5.4, Claude-Sonnet-4.6, and every smaller
proprietary tier, so the best open model still outscores half
the proprietary field.

RQ2: How steep is the difficulty gradient? Steep, and
along both structural axes (Figure 4 for difficulty; Appendix
Figure 9 for sourcing). Along the difficulty axis, Row-F1
falls from EASY to HARD for every model as width and
the 2-D composite key are added—GPT-5.4-mini from 42.6
to 18.8, DeepSeek-V4-Pro from 50.7 to 36.9—while the
strongest model flattens near the top (GPT-5.5, 58.9 to 48.1).
Membership holds up across tiers: Item-F1 is roughly flat,
and even rises on HARD, where the sports-season grids make
the set systematically enumerable—so the tier drop is a row-
completion effect, not a retrieval one. The orthogonal sourc-
ing label shows the same shape—single-page EXHAUSTIVE-
ONLY tables are far easier than CROSS-SOURCE ones (GPT-
5.5 75.1 vs. 50.8), though, since the exhaustive-only tables
are all EASY, that gap partly reflects difficulty rather than
sourcing alone.

RQ3: Do Korean-specialized models close the gap to
frontier models? No—the three I evaluate sit at the open-
weight floor. A.X-4.0 (Row-F1 24.2) and Solar-Open-2-
preview (24.4) land level with Gemma-4-31B (23.0), far be-
low the frontier (GPT-5.5, 53.7) and the best open-weight
model (DeepSeek-V4-Pro, 45.0): native Korean fluency
does not, on its own, overcome the benchmark’s core de-
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Figure 3: Membership is recovered; full rows and whole tables are not. Item-F1 (membership), Column-F1 (matched cells),
Row-F1 (full rows), and table success (the whole table exactly correct), as percentages, on all 228 tables for the twenty-system
roster (sorted by Row-F1; x-axis labels colored by family). Each model’s bars cascade downward: the set (Item-F1, up to 94)
is recovered far more fully than whole rows (Row-F1 16–54), and even the strongest solves under a fifth of tables outright.
The bottleneck is exhaustive per-cell filling, not finding the membership; notably, the open-weight DeepSeek-V4-Pro (Row-F1
45.0) stays competitive, mid-pack among the proprietary systems.

mand of long-horizon search followed by exhaustive per-
cell filling. The two fail differently, and the contrast is in-
structive. A.X-4.0 recovers membership about as well as a
mid-tier open model (Item-F1 71.7) but cannot fill the cells
(Row-F1 24.2); Solar-Open-2-preview’s far lower Item-F1
(44.0), by contrast, is a structured-output failure rather than
a search one—it returns a scorable table only 62.7% of the
time, often searching extensively and then emitting its find-
ings as prose or a numbered list instead of the requested ta-
ble. K-EXAONE-236B lands even lower (Row-F1 17.5), at
the open-weight floor, so all three Korean-specialized sys-
tems sit far below the frontier (53.7) and the best open model
(45.0); the remaining Korean systems—HyperCLOVA X
and Kanana—are pending, so I read this as an early, par-
tial answer, to be completed against the Korean roster of K-
BrowseComp (Lee et al. 2026).

Analysis
Which attribute types fail first? Free-text attributes, not
the structured ones. Breaking Column-F1 down by declared
cell type on an instrumented subset—three reference sys-
tems (GPT-5.5, DeepSeek-V4-Pro, GPT-5.4-mini) re-run
with per-column scoring—pooled accuracy falls from de-
clared dates (58) and names (56) through numbers (55) and
enums (51) to free-text cells (49): the open-ended attributes
an agent must read off a page and paraphrase are filled least
reliably, while the format-constrained ones are easiest (Fig-

ure 5(a)). The ordering locates the difficulty in finding and
normalizing the value, not formatting it—my comparator
already tolerates surface form (date granularity, thousands-
commas, name variants), so a low free-text score is a wrong
or unverified value rather than a mis-format.

Does strict cell-matching under-state the gap? That last
claim rests on the comparator tolerating surface form; to
measure how much it still misses, I add a second, seman-
tic pass. For every cell the deterministic comparator scores
wrong on a soft-typed column (name, location, free text),
an LLM judge (GPT-5.4-mini) decides whether the predic-
tion nonetheless denotes the same answer as the gold—
crediting transliteration variants and administrative gran-
ularity (“Gangwon Chuncheon” ≡ “Chuncheon, Korea”),
but not a different entity, a different value, or fabricated
specificity. Re-scoring this way (Table 3, Figure 8) moves
Row-F1 up by only 0.8–4.9 points, and the gain rises with
model strength: the strongest systems gain most (DeepSeek-
V4-Pro +4.9, Gemini-3.1-Pro +3.9, Gemini-3.1-Flash-Lite
+3.6), while the weakest (Qwen3.6, K-EXAONE) gain 0.8–
1.0. The reason is in the residual: among a model’s judge-
confirmed-wrong cells, the share the judge rescues rises
with model strength (GPT-5.5 35%, K-EXAONE 9%), so a
strong model’s remaining errors are disproportionately sur-
face variants while a weak model’s are substantive—a dif-
ferent district, rank, or person (Figure 11). Strict matching
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Figure 4: The metric breakdown by difficulty, faceted by model family. Each of the four WideSearch metrics (columns:
Item-F1, Column-F1, Row-F1, and table success), as percentages, across the difficulty tiers (EASY/MEDIUM/HARD), with
one row of panels per family—proprietary (solid, top), open-weight (dashed, middle), Korean-specialized (dotted, bottom);
y-scales are shared down each column so the families are directly comparable. Faceting keeps all twenty models legible rather
than overplotting them in one panel. Membership (Item-F1) holds up across the tiers, but every downstream metric falls as width
and the 2-D composite key are added—Row-F1 and especially table success drop steeply EASY→HARD—and the family rows
separate top to bottom. The orthogonal sourcing breakdown is in Figure 9 (Appendix); since the 27 exhaustive-only tables are
all EASY, it partly re-expresses difficulty.

therefore under-states the gap rather than inflating it: se-
mantic judging separates strong from weak slightly more,
not less. I keep the deterministic scorer as the reproducible
default (Table 2) and report these judged numbers only as
a measurement-validity check—the judge is a single cheap
model grading, among others, its own family, so I read the
absolute judged values as a lower-bound correction, not a
new ranking.

Failure taxonomy. The recurring failure is cell-filling,
not set-boundary confusion. Decomposing membership into
precision and recall on the same subset, the two are balanced

for every system—GPT-5.5 recovers the set at precision 85
and recall 86, DeepSeek-V4-Pro at 71 and 71—so agents
neither systematically invent extra members nor systemat-
ically drop them; the closed set is found cleanly. The col-
lapse is downstream: whole-row precision and recall both
fall to 25–37, the signature of a recovered row carrying one
wrong cell. A second, distinct mode is parse failure—a sys-
tem searches, sometimes even finds the answer, but returns
it as prose or a numbered list instead of the requested table
and scores zero outright. This is rare at the frontier (GPT-
5.x parse rate 98) but common elsewhere (DeepSeek-V4-Pro
87, and my own Solar-Open-2-preview at 63—its dominant
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Table 3: Semantic-judged vs. strict Row-F1 (%): an LLM
judge credits same-referent surface variants (transliteration,
admin-granularity) on soft-typed cells that the deterministic
scorer marks wrong. Row str. is the strict Row-F1 from Ta-
ble 2; ∆ is the judge correction measured on each model’s
logged predictions; Row jdg. = str. +∆.

Model Row str. Row jdg. ∆

Gemini-3.1-Pro 45.9 49.8 +3.9
Gemini-3.1-Flash-Lite 45.9 49.5 +3.6
DeepSeek-V4-Pro 45.0 49.9 +4.9
GLM-5.1 34.0 36.3 +2.3
Solar-Open-2-preview 24.4 25.6 +1.2
A.X-4.0 24.2 26.1 +1.9
Gemma-4-31B 23.0 24.2 +1.2
K-EXAONE-236B 17.5 18.5 +1.0
Qwen3.6-35B 16.2 17.0 +0.8

failure). As in WideSearch, the errors are an exhaustiveness
problem, and they concentrate in the harder tiers (Figure 4).

Failure composition shifts with capability. Assigning
every task to its first failure stage—no parseable table, a sub-
stantially wrong set, an essentially-correct set with a wrong
cell, or solved—confirms the cascade per model (Figure 6).
For the capable systems the bottleneck is squarely cell-
filling: Claude-Opus-4.7 recovers the set on all but 18% of
tasks, yet a single wrong cell costs it 66% and only 16%
are fully solved. The smallest systems fail a stage earlier—
GPT-5.4-nano and DeepSeek-Chat get the row set itself
wrong on 46–52% of tasks, missing or inventing rows before
cells are at issue. Parse failure stays rare except for Claude-
Haiku-4.5, which returns no scorable table on 24%. Capa-
bility resolves set-finding, but the per-cell ceiling holds: no
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Figure 6: Failure composition by stage, for the ten timely-
routed systems with per-task logging. Every task is as-
signed to its first failure stage—no parseable table, a sub-
stantially wrong row set (membership, item-F1 < 0.9), an
essentially-correct set with a wrong attribute cell (cells), or
fully solved—so the four shares sum over the 228 tasks. For
capable systems the bottleneck is cell-filling (cells 56–66%);
the smallest fail a stage earlier at membership (46–52%);
parse failure is rare except for Claude-Haiku-4.5 (24%).

system clears more than 16% of whole tables.

Set size and search effort. Two intuitions about breadth
turn out to be wrong here. First, larger sets are not harder:
pooling Row-F1 by gold set size, accuracy is essentially flat
from small to large tables (35.4 at 8–15 rows, 31.2 at 16–
30, 35.0 beyond 30; Figure 5(b))—the biggest sets are often
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Figure 7: Neither dollars nor search calls close the gap. (a) Row-F1 against cost per task for the six API-served models
with metered cost. Accuracy rises with cost then flattens: the open-weight DeepSeek-V4-Pro reaches most of the frontier’s
Row-F1 at a fraction of the price of GPT-5.5 and Claude-Opus-4.8. (b) Share of tasks on which a model spends at least thirty
tool calls, over all twenty systems; the models that cross that bar most often (Claude-Sonnet-4.6, Claude-Haiku-4.5) are not the
top scorers, while the top systems search far less. The per-question budget is thirty agent iterations, each able to batch several
calls, so totals run higher—to 947 for Qwen3.6. The four self-hosted models (A.X-4.0, Solar-Open-2-preview, Qwen3.6-35B,
K-EXAONE-236B) have no API fee, so they sit at the leftmost “self-hosted” position of (a) at their Row-F1 (their small
horizontal spread is jitter, not cost).

systematically enumerable sports seasons, so set size alone
does not drive failure; width and the 2-D key do. Second,
and more striking, more search does not buy completeness.
I want to highlight that the two systems that search hardest—
Qwen3.6 at 66 tool calls per table and Solar-Open-2-preview
at 57—are the lowest- and near-lowest-scoring (Row-F1 16
and 24), while GPT-5.5 and Claude-Opus-4.8 reach the top
with moderate search (33 and 26 calls; Figure 5(c)). The
ceiling is therefore the agent’s ability to assemble and ver-
ify a table, not its search budget; the heavy searchers thrash
rather than converge.

Neither dollars nor more search close the gap. The
same ceiling appears when I price the search. Figure 7(a)
plots Row-F1 against cost per task, and accuracy saturates
steeply: GPT-5.5 spends about $0.87 a table for Row-F1
53.7, but DeepSeek-V4-Pro reaches 45.0 at a quarter of that
($0.23), so the last nine points over the best open model cost
roughly an order of magnitude more. Effort tells the same
story (Figure 7(b)): Claude-Sonnet-4.6 crosses thirty tool
calls on 91% of tasks for a mid-pack Row-F1 43.6, while
Claude-Opus-4.8 reaches second place (52.9) doing so on
only 40%. More money and more tool calls do not buy filled
cells.

The leaderboard is stable. These gaps are not sampling
noise. Re-running three systems three times each on a thirty-
task subset (pass@1, temperature 0.7), Row-F1 standard de-
viation is 0.016 (DeepSeek-V4-Pro), 0.025 (GPT-5.4-mini),
and 0.040 (GLM-5.1), so differences above about five points
are robust. This is also why I read RQ3 as a tie rather than
a ranking: the A.X-4.0, Solar-Open-2-preview, and Gemma-
4-31B cluster (23.0–24.4 Row-F1) sits well inside that noise
band.

Table success is the truest metric but the least discrim-
inating. Table success—the whole table exactly right,
WideSearch’s pass criterion—is the outcome that matters,
and the starkest: even GPT-5.5 clears under a fifth of ta-
bles. But it saturates near the floor, where most systems sit
in single digits, so it separates the field far less than Row-
F1’s 15.9–53.7 spread. Being all-or-nothing per table, it also
rewards getting small, easy tables perfectly: Solar-Open-2-
preview’s table success (9.7) tops GPT-5.4-mini’s (5.7), even
though its Row-F1 (24.4) trails it (33.3)—an inversion from
nailing a few short tables while collapsing on the rest. I
therefore headline table success as the end-to-end outcome
but rank systems by Row-F1, which credits every correct
cell and is robust to table size.



Conclusion and Limitations
I introduced KO-WIDESEARCH, a Korean breadth-search
benchmark of 228 tables in three difficulty tiers, built
by an automated synthesize-and-verify pipeline, scored by
a normalization-aware comparator shared between gold
construction and grading, and labeled with web-grounded
sourcing tiers. On a twenty-model roster, the headline is
clear: agents recover the membership but not the rows (GPT-
5.5 reaches Item-F1 92.8 against Row-F1 53.7), and accu-
racy falls steadily as my width and 2-D-key knobs harden the
tier. Breadth search is hardest to evaluate where it matters
most: a complete, per-cell-correct gold set is expensive to
build by hand, and outside English it barely exists. However,
breadth is also what makes a gold table checkable—its set
can be independently re-enumerated and its cells re-looked-
up—so construction can be automated and verified rather
than hand-curated. I therefore believe an automated, veri-
fiable pipeline is the practical way to keep breadth-search
evaluation current as the web shifts, and I open-source the
pipeline and scorer so the benchmark can be re-grown. One
caveat shapes distribution: because the tasks are solved on
the live web, I release the evaluation data by request rather
than posting it openly, keeping the benchmark a genuine
search task.

Limitations. My coverage has several edges. One is cate-
gory skew: the HARD, 2-D tier is still sports-season heavy
(roughly 67%), because a compact season table is the most
reliably buildable cross-product and non-sports 2-D cover-
age (e.g. elections) is only partial. Also, each table’s source
is anchored at the primary membership page—one source
URL per table rather than per attribute—though cross-
source verification was applied at build time, and perfor-
mance is measured under a single harness, search back-
end, and budget. Finally, because web evidence and rank-
ings shift over time, volatile tables carry an “as-of” date and
need periodic re-validation, and the sourcing-tier label re-
flects page structure at labeling time. However, my pipeline
is built precisely so that this re-validation and regrowth are
automated rather than manual, and I position the benchmark
as pipeline-verified with a native-speaker spot-check rather
than as externally gold-annotated.
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Technical Appendix
Data Schema
Each released task is one JSON record. It carries an id
and a difficulty tier (EASY/MEDIUM/HARD); a
category and the orthogonal hardness tier (the
EXHAUSTIVE ONLY/CROSS SOURCE sourcing label);
an as of date for volatile tables (null otherwise); the
natural-language question; the ordered columns
with per-column column specs (a format such as
name/int/float:N/date:YYYY-MM-DD/enum:A|B);
the key columns that jointly identify a row (one for a
primary key, two for a 2-D grid); the gold answer set of
{name, attrs} rows, where a sentinel marks a genuinely-
absent cell; any exclusions; n rows and n cols; the
authoritative sources; and an evaluation contract
giving unique columns, the required columns,
and a per-column eval pipeline (each column’s
preprocessing and metric).

Construction and Verification Details
The gold tables are built and verified by frontier mod-
els (GPT-5.4 and DeepSeek-V4-flash) issuing live Korean
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Figure 8: Semantic judging helps strong models more.
Strict → judged Row-F1 per model (full 228-table pool).
The dumbbell length is the correction the LLM judge ap-
plies; it grows with model strength (DeepSeek-V4-Pro +4.9
at top vs. +0.8 for the weakest), so strict cell-matching
under-states the gap between strong and weak systems.

web searches over the search/open/find namespace.
The three acceptance gates are applied independently: non-
memorizability fails closed, so an inconclusive closed-book
check counts as a rejection and a table whose closed-book
cell recall reaches 0.5 is rejected; completeness requires an
independent re-enumeration of the membership to match
the gold at set-F1 ≥ 0.7, run on a different model fam-
ily than the builder so set agreement is not self-confirming;
and cross-source verification re-looks-up each attribute and
drops any column that agrees with the independent source
below 0.6, requiring at least one attribute column to sur-
vive. The two difficulty knobs are set as generation targets:
width (tables with ≥ 5 columns) and a 2-D composite key
(key columns of length two, so membership is a cross-
product); turning both yields the HARD tier. A closed set too
large to enumerate in one pass (100+ members) is built by
partitioning it into bounded sub-ranges, enumerating each
independently and taking the union, with the partition keys
themselves re-enumerated and set-matched so a missed sub-
range is caught.

Pipeline Prompts
All construction, verification, and evaluation prompts ship
with the code; the build and verification prompts are issued
in English, the evaluation and labeling prompts in Korean. I
render each faithfully below (Korean prompts in English).

Build agent. The builder is told to design a hard “wide”
search task whose answer is the complete set of enti-
ties satisfying a precise predicate—breadth, not a sin-
gle answer—and to assemble the gold set by exhaustive
search/open/find. Its requirements: the predicate must
define a closed, finite, officially-bounded set with an author-
itative complete list; target 8–40 members (restrict the pred-

Table 4: Pooled metrics (mean across the twenty systems,
%) by difficulty tier and by sourcing label. Row-F1 and
table success fall steeply with difficulty and with cross-
sourcing, while membership (Item-F1) holds up; since all
27 EXHAUSTIVE-ONLY tables are EASY, the sourcing split
partly re-expresses difficulty rather than a fully independent
axis.

Item-F1 Column-F1 Row-F1 Tab. Succ.
EASY 79.3 56.6 43.5 11.3
MEDIUM 72.2 51.3 30.2 9.1
HARD 73.1 51.0 23.4 6.4

EXHAUSTIVE-ONLY 86.9 68.7 60.4 25.0
CROSS-SOURCE 74.5 51.9 32.3 7.6

icate to a sub-range if larger); the primary key is each item’s
canonical name, never a positional placeholder; the hardness
must come from a wide, multi-source table of 4–7 attribute
columns whose values live on different pages; the columns
must be heterogeneous (a date, a number, a name, and where
natural an enum, money, location, or URL), each carrying
an explicit per-cell format directive embedded in the ques-
tion; volatile columns are pinned to an as-of date; and the
answer must not be obtainable from a single page or from
memory. For Korean, two nudges are appended: prefer the
larger complete set within the window (toward 25–40 mem-
bers), and when the enumeration is naturally a cross-product
of two dimensions (team× season), emit both dimensions as
the first two columns and list them in key columns. The
builder returns a JSON object with the question, predicate,
columns, column specs, key columns, exclusions, the
enumerated items, and evidence URLs.

Verification gates. The three prompts mirror the accep-
tance logic above. (1) Non-memorizability: a closed-book
model (told it has no web access) reproduces the answer
table from memory, and a judge scores the fraction of
gold cells—item and attribute, not just names—it recovers.
(2) Completeness: an independent agent re-enumerates the
membership from the question alone, and a set-match judge
reports agreement in both directions. (3) Cross-source at-
tribute verification: a fact-checker independently re-looks-
up each attribute—told not to trust any value it is given—and
reports each cell in the column’s canonical format.

Evaluation harness. Each evaluated model receives a Ko-
rean system prompt to act as a web-search agent over
search/open/find, to find the complete set without
omitting any item and fill each item’s requested attributes,
to write only search-confirmed values (no guessing), and
to leave unknown cells blank; the user turn appends the
question and requires the answer to end with exactly one
JSON block whose attrs keys are the requested attribute
columns.

Sourcing-tier labeling. A structural classifier first labels
each table EXHAUSTIVE-ONLY or CROSS-SOURCE from the
question alone—whether the complete answer usually sits
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Figure 9: The metric breakdown by sourcing label, faceted by model family (companion to Figure 4). The same facet-by-
family layout, but the x-axis is the orthogonal sourcing label—single-page EXHAUSTIVE-ONLY versus CROSS-SOURCE tables.
Every metric drops from exhaustive to cross-source for nearly every model; because all 27 exhaustive-only tables are EASY,
this gap partly re-expresses difficulty rather than a fully independent axis.

on one Korean page or needs separate per-item pages—
defaulting to CROSS-SOURCE with lower confidence when
unsure. A web-grounded calibrator then opens the best list
page and reports whether that one page carries every re-
quested column, overwriting the structural guess; the com-
parison yields the roughly 72% structural-accuracy figure.

Verbalizer and decontamination. A verbalizer rewrites
the bare imperative question into a natural persona-and-
motivation scenario that still demands every item and fixes
the output format, without changing the set, columns, as-of
date, or scope. Decontamination uses no model: it screens
every question against the eight existing benchmarks with
exact-normalized match, MinHash/Jaccard shingle over-
lap, and contiguous n-gram containment (CJK character 4-
grams, ASCII word-grams) at a 0.6 threshold.

Scoring Details
The scorer parses the model’s final answer into rows—a
JSON items block, a Markdown/pipe table, or CSV; if
none parse, a free-text fallback yields recall only and the ta-
ble scores zero (a parse failure). Predicted rows are matched
one-to-one to the gold on the key column(s)—a single pri-
mary key, or the pair of dimensions for a 2-D grid—so pre-
cision, recall, and F1 never exceed one even when keys le-
gitimately repeat. Each non-sentinel gold cell is compared
with one shared type-aware comparator: dates at their com-
mon granularity (a year matches a full date with the same
year), numbers after stripping thousands separators and units
with a 5% relative tolerance (the AGGBench count toler-
ance), URLs by host and path, and names or locations by
normalized text with substring and token overlap. The same
comparator builds the gold and grades the model, so a sta-
ble column is neither dropped at construction nor mis-scored



0.0 0.1 0.2 0.3 0.4 0.5 0.6
Pooled Row-F1

Art

Health

Other

Food/Drinks

Literature/Books

Government

Science/IT

Education

Products/Brands

Entertainment

Sports

Transportation

Places/Regions

History/Culture

Law

Economy/Policy

0.00  (n=1)

0.02  (n=2)

0.08  (n=1)

0.10  (n=1)

0.19  (n=7)

0.30  (n=11)

0.30  (n=11)

0.32  (n=4)

0.32  (n=2)

0.35  (n=28)

0.35  (n=80)

0.36  (n=2)

0.39  (n=49)

0.46  (n=24)

0.46  (n=1)

0.50  (n=4)

Row-F1 across 16 categories

< 4 tasks (high-variance)

Figure 10: Pooled Row-F1 by topical category (mean across
the twenty systems, model-task weighted). Most categories
sit near the 0.36 pooled mean; Literature/Books is the clear
low outlier and the largest category, Sports, sits mid-pack.
Small-sample categories (< 4 tasks) are faded as high-
variance.

at evaluation. The three reported metrics follow: Item-F1
is membership over keys; Column-F1 is per-attribute cell
agreement over matched rows; Row-F1 requires the key and
every attribute cell; table success is Row-F1 = 1 across the
whole table.

Sample Tasks
I give representative tasks across the three tiers; the ques-
tions are translated from Korean, and the originals with full
gold tables ship in the released SAMPLES.md. Each task
lists its per-column comparison types; free-text columns are
graded by the deterministic normalized-text match, not a
judge.

• EASY (kws-0008). “List all eight planets of the So-
lar System with each planet’s discovery year and dis-
coverer.” Key [planet]; cells scored as: planet (exact
match), discovery year and discoverer (free-text). 8 rows,
3 columns.

• MEDIUM (kws-mh001). “List every low-cost carrier
operating in Korea as of 2026-06, with parent com-
pany, launch year, main hub, and current fleet size.” Key
[carrier]; cells: carrier (exact), parent company and

hub (free-text), launch year (date tolerance), fleet size (nu-
meric tolerance). 9 rows, 5 columns.

• HARD (kws-mh004). “For all 17 metropolitan
provinces and cities, list the head (mayor or governor)
elected in the 7th (2018) and 8th (2022) local elections,
with party, voter turnout, the winner’s age, and vote
share.” Key [province, election round] (a
2-D grid); cells: keys (exact match), winner and party
(free-text), turnout, age, and share (numeric tolerance).
34 rows, 7 columns.

• EASY (kws-0007). “List every award category at the
59th Daejong Film Awards with its winner or winning
work.” Key [category]; category exact match, win-
ner/work free-text. 26 rows, 2 columns.

• HARD (kws-mh003). “For the 17th–20th presidential
elections, list every candidate with at least 1% of the vote,
with party, vote count, vote share, election date, and out-
come.” Key [election, candidate] (a 2-D grid);
keys exact match, party and outcome free-text, vote count
and share numeric tolerance, date a date tolerance. 15
rows, 7 columns.

Reproducibility, License, and AI Assistance
I release the benchmark, the construction pipeline, and the
scorer under the MIT license, which covers the benchmark
items and code only, not the linked web content. The tasks
were synthesized and verified by large language models be-
hind automated gates and then audited by a native-speaker
spot-check; I therefore label the benchmark pipeline-verified
rather than externally gold-annotated. Because the scorer
parses a model’s table directly and grades every cell with
one shared, deterministic type-aware comparator (keyed
on each column’s declared format), the headline metrics
are reproducible exactly from the released data and code,
with no eval-time model call; the released schema addi-
tionally ships a WideSearch-compatible eval pipeline
that names a per-column metric—and an LLM-judge cri-
terion for free-text columns—for interoperability with the
WideSearch grader.

Additional Results
Category spread. Pooling Row-F1 by category (Fig-
ure 10, the spread behind the aggregate), most of the sixteen
categories cluster between 0.30 and 0.40—Sports/Games,
the largest at 1,600 model-tables, sits mid-pack at
0.35, alongside Places/Regions (0.39), Entertainment/Media
(0.35), Government/Politics (0.30), and Science/IT (0.30),
with History/Culture (0.46) and Economy (0.50) at the top.
The clear outlier is Literature/Books/Language at 0.19 (a
small slice, 140 model-tables), where canonical lists are
sparse and attribute values are hardest to pin down on the
web. No single category dominates the headline.

Failure by tier. The two failure modes both track diffi-
culty (Table 4). Row-F1 falls from 0.44 (EASY) through 0.30
(MEDIUM) to 0.23 (HARD), and parse failures rise in step:
the share of trajectories that return a scorable table drops



Errors that survive the semantic judge — residual cells are substantively wrong
judge-confirmed-wrong (NEQ) cells, after the LLM judge has already credited transliteration / admin-granularity variants

Different entity n=269
다른 인물·대상을 답함

에밀 헤흐레 멜렌달 에밀 헤글레 스벤센

얀 블록하위선 얀 스메이컨스

닐스 만손 니클라스 에딘

Wrong region / district n=328
같은 시 다른 구·동, 또는 다른 지역

서울, 대한민국 서울 사당역 근처

한솔동 보람동

경기도 성남시 분당구 경기도 수원시 장안구 …

Wrong value n=164
등급·종목·수치가 다름

대장 중장

알파인 스키 바이애슬론

아이스하키 컬링

Category mismatch n=35
상위 범주 대신 하위 항목

내연기관 가솔린

내연기관, 하이브리드 가솔린, 하이브리드

내연기관, 하이브리드 가솔린, 디젤, 하이브…

gold prediction (judged wrong)

Figure 11: Errors that survive the semantic judge. After the judge credits transliteration and administrative-granularity vari-
ants, the residual judge-confirmed-wrong cells are substantive: a different entity (n=269), a different region/district (328), a
wrong value (164), or a category mismatch (35). The Item-F1≫Row-F1 gap is factual error, not formatting.

from 90% on EASY to about 85% on MEDIUM and HARD:
the harder tiers more often defeat an agent’s ability to emit
the wide 2-D table at all, not only to fill it correctly. I re-
port these as pipeline-verified diagnostics; a formal multi-
annotator agreement study is left to future work.

Qualitative Case Studies
Each model has a characteristic way of failing. I show one
real example per model (Figures 12–16), every cell verbatim
from the released eval records, with predicted cells colour-
coded against gold. Together they span the failure taxon-
omy behind the Item≫Row gap: recovering the members
but missing the cells takes several distinct forms.

GPT-5.5 (Figure 12) recovers the full cast of the variety
show I am SOLO season 16 (Item-F1 100) but writes the has-
children enum as a free-text count (“3 children” for the al-
lowed value “yes”) and coarsens several addresses (“Seoul”
for “Seoul, Korea”), so seven of twelve rows break and Row-
F1 is 42; its set boundary is near-perfect either way, with
precision 75 from four invented product trims and recall
94 from one dropped boundary member. DeepSeek-V4-Pro
(Figure 13) recovers all eight metropolitan cities but leaves
the population column blank for every row and the mayor
for six, so no row is complete (Row-F1 0). GPT-5.4-mini
(Figure 14) collapses on recall, returning only two of nine
valid high-speed-rail stations plus one out-of-scope station,
with the distance column left empty. A.X-4.0 (Figure 17) re-

covers all eight planets but fabricates their free-text discov-
ery cells (“2000 BC” and “Babylonian astronomers” where
the gold is “ancient”), leaving only one row correct. The
two lowest-scoring self-hosted models often fail before scor-
ing even begins. Solar-Open-2-preview (Figure 15) fails two
ways: on many tasks it narrates a prose list instead of a table
(unscorable), and even when it does emit a valid table it fab-
ricates the numbers—14 of 16 district populations wrong,
though all 16 are found. Qwen3.6-35B (Figure 16) runs 947
tool calls, the run maximum, yet still emits no table, failing
to produce one on 140 of 228 tasks. For Qwen, structured
output, not search, is the binding constraint.



correct judge rescues wrong hallucinated

GPT-5.5  ·  kws-e007 (나는 솔로 16기 출연자)  ·  Item-F1 100   Column-F1 75   Row-F1 42

GOLD  (reference) GPT-5.5 PREDICTION

The cells strict marks wrong are surface variants the judge credits — 자녀유무 as free text (있음 ≡ ‘자녀 N명’), 거주지 coarsened (서울, 대한민국 ≡ 서울); only ‘서울 사당역 근처’ is genuinely different.

kws-e046 (현대차 라인업)  ·  precision 75

4 out-of-scope trims invented

kws-m007 (역대 국방장관)  ·  recall 94

boundary member dropped

이름 출생연도 거주지 자녀유무

영수 1983 서울, 대한민국 있음

영호 1987 천안, 대한민국 없음

영철 1983 서울, 대한민국 있음

상철 1982 시애틀, 미국 없음

영자 1992 화성, 대한민국 있음

옥순 1988 서울, 대한민국 없음

이름 출생연도 거주지 자녀유무

영수 1983년생 서울 자녀 3명

영호 1987년생 천안 없음

영철 1983년생 서울 사당역 근처 자녀 2명

상철 1982년생 미국 없음

영자 1992년생 경기도 화성 자녀 1명

옥순 1988년생 서울 없음

아반떼 아반떼 N

아이오닉 6 아이오닉 6 N

아이오닉 5 아이오닉 5 N

캐스퍼 캐스퍼 일렉트릭

조성태 김동신

이준 조영길

윤광웅 김장수

…  +10 안규백

(a)  SURFACE VARIANTS  —  set recovered, strict-wrong cells the judge rescues

(b)  MEMBERSHIP  —  wrong set boundary, two ways

Figure 12: GPT-5.5 — surface variants and membership. Gold vs. prediction; predicted cells are coloured white (correct),
teal (strict-wrong but rescued by the semantic judge), red (genuinely wrong), orange (hallucinated). (a) The cast is fully re-
covered, and the cells the deterministic scorer marks wrong are mostly surface variants—the has-children enum written as
a free-text count (“yes” ≡ “N children”) and the residence coarsened (“Seoul, Korea” ≡ “Seoul”)—that the semantic judge
credits (Table 3); only “near Sadang Station, Seoul” is a genuinely different location. This is the kind of strict-wrong cell that
motivates the judged re-scoring. (b) The set boundary is nearly right both ways, with a few invented product trims and one
dropped boundary member.



correct wrong blank/omitted

DeepSeek-V4-Pro  ·  kws-0140 (광역자치단체 8개 시)  ·  Item-F1 100   Column-F1 11   Row-F1 0

GOLD  (reference) DeepSeek-V4-Pro PREDICTION

All 8 cities recovered, but the population column is blank for every row and the mayor for six — no row is fully correct (Row-F1 0).

도시명 인구 (2026.6) 시장 (2026.6)

서울특별시 약 940만 명 오세훈

부산광역시 약 330만 명 박형준

대구광역시 약 235만 명 홍준표

인천광역시 약 295만 명 유정복

광주광역시 약 145만 명 강기정

세종특별자치시 약 40만 명 최민호

도시명 인구 (2026.6) 시장 (2026.6)

서울특별시 (blank) 오세훈

부산광역시 (blank) 전재수

대구광역시 (blank) (blank)

인천광역시 (blank) (blank)

광주광역시 (blank) (blank)

세종특별자치시 (blank) (blank)

DeepSeek-V4-Pro  —  attribute cells left blank

Figure 13: DeepSeek-V4-Pro — blank attribute cells. All eight metropolitan cities are recovered, but the population column
is left blank for every row and the mayor for most, so no row is complete.

correct blank/omitted hallucinated

GPT-5.4-mini  ·  kws-e023 (경부고속선 KTX 정차역)  ·  Item-F1 33   Row-F1 0   (returned 3 of 9)

GOLD  (reference) GPT-5.4-mini PREDICTION

gold lists 9 stations; the model returned 3 (천안아산역 is out of scope) and left every distance blank.

A recall collapse: only 2 of 9 valid stations recovered, plus one spurious station and an entirely empty distance column.

역명 소재지 거리(km)

서울역 서울특별시 0

광명역 경기도 광명시 20

수원역 경기도 수원시 44

대전역 대전광역시 167

김천(구미)역 경상북도 김천시 229

동대구역 대구광역시 287

역명 소재지 거리(km)

광명역 경기도 광명시 (blank)

천안아산역 충청남도 아산시 배방읍

대전역 대전광역시 동구 중앙로 (blank)

GPT-5.4-mini  —  severe under-recall

Figure 14: GPT-5.4-mini — under-recall. Of nine valid stations the model returns only three (one of them out of scope) and
leaves every distance blank — a recall collapse.



correct wrong

Solar-Open-2-preview  ·  kws-m004 (역대 헌법재판소장)  ·  112 tool calls  ·  mode = freetext

no table  →  0

On the tasks where it emits prose instead of a table, the answer is unscorable (all 0).

Solar-Open-2-preview  ·  kws-0067 (부산 16개 구·군)  ·  Item-F1 100   Column-F1 53   Row-F1 12

GOLD  (reference) Solar-Open-2-preview PREDICTION

Even with a valid table, Solar invents the figures: 14 of 16 populations are wrong (plausible but fabricated), though all 16 districts are found.

I need to compile the data for all

Constitutional Court Presidents of South Korea.

  1. 조규광 (Cho Gyu-kwang) — 1st President

Wait, I'm not sure about some of these dates…

OK, let me just compile what I have…  (loops ~5×)

구·군 면적(km²) 인구(2026.3)

중구 2.80 42,156

서구 13.90 101,234

영도구 14.14 115,892

해운대구 51.47 412,345

강서구 174.92 98,234

사상구 17.70 212,876

구·군 면적(km²) 인구(2026.3)

중구 2.82 36,391

서구 13.88 101,452

영도구 14.13 100,733

해운대구 51.46 371,470

강서구 179.14 152,414

사상구 36.06 193,189

(a)  PARSE FAILURE  —  prose, not a table

(b)  FABRICATED NUMBERS  —  table parsed, values invented

Figure 15: Solar-Open-2-preview — two failure modes. (a) Parse failure: the model narrates a prose list instead of a table, so
the answer is unscorable. (b) Even when it emits a valid table, the numeric cells are fabricated (plausible but wrong populations),
so no row is complete.



Qwen3.6-35B  ·  kws-d015 (국립 박물관·미술관, 22 rows)  ·  947 tool calls (run max)  ·  freetext

no table  →  0

Qwen3.6-35B emits no table on 140 of 228 tasks; here it ran 947 search calls — the run maximum — then never produced one.

The user wants a complete list of all

national museums under the Ministry of Culture…

The list should include about 22 institutions.

  1. 국립중앙박물관 (National Museum…) — 서울 용산구

  2. 국립무형유산원 (Is it a museum? …)  (loops ~7×)

Qwen3.6-35B  —  over-search, then no table

Figure 16: Qwen3.6-35B — over-search, then no table. The model issues the run’s maximum number of tool calls, yet still
emits prose rather than a table — its most common outcome on the benchmark.

correct wrong

A.X-4.0  ·  kws-0008 (태양계 행성 발견)  ·  Item-F1 100   Column-F1 25   Row-F1 12

GOLD  (reference) A.X-4.0 PREDICTION

All 8 planets recovered, but free-text cells are fabricated (‘기원전 2000년’, ‘바빌로니아 천문학자들’) — only 천왕성 is fully correct.

행성명 발견 연도 발견자

수성 고대 고대부터 알려짐

지구 고대 고대부터 알려짐

화성 고대 고대부터 알려짐

토성 고대 고대부터 알려짐

천왕성 1781년 윌리엄 허셜

해왕성 1846년 요한 갈레 (르베리에·아담스…

행성명 발견 연도 발견자

수성 기원전 2000년 고대 바빌로니아 천문학자들

지구 / 고대부터 알려짐

화성 기원전 2000년 고대 바빌로니아 천문학자들

토성 기원전 2000년 고대 바빌로니아 천문학자들

천왕성 1781년 윌리엄 허셜

해왕성 1846년 갈레와르 베리에

A.X-4.0  —  free-text cells fabricated

Figure 17: A.X-4.0 — fabricated free-text cells. All eight planets are recovered, but the discovery-year and discoverer cells
are fabricated (“2000 BC”, “Babylonian astronomers” where the gold is “ancient”); only one row is fully correct.
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