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Abstract

Evaluating the exhaustive search capabilities
of large language models (LLMs) is plagued
by a fundamental paradox: verifying complete-
ness requires complete ground truth, yet high-
entropy enumeration tasks make such ground
truth impossible for humans to create. This
causes benchmarks to systematically penalize
models for outperforming their human anno-
tators. Despite rapid progress in web-search
and deep research agents—which now issue
hundreds of queries, traverse diverse sites, and
synthesize long reports—evaluation still largely
relies on partially annotated answer sets, LLM-
based judges, or single-answer questions that
avoid genuinely exhaustive search scenarios.

We break this paradox by shifting the evalua-
tion paradigm from simulating a messy real-
ity to constructing computationally pure chal-
lenges. We introduce VERITAS (Verifiable
Traversal Assessment for Search), a framework
built on the principle of computationally ir-
reducible constraints. By introducing novel,
non-optimizable constraints, we create verifi-
able, sparse-answer search tasks that are com-
putationally equivalent to exhaustive enumer-
ation. These constraints are easy to verify but
impossible for LLMs or search engines to opti-
mize, forcing agents to genuinely traverse the
entire search space. VERITAS can automati-
cally generate a virtually infinite number of test
cases with perfect ground truth and precise diffi-
culty control, with marginal instance cost dom-
inated by hash computations. This provides
not only a robust benchmark for evaluating sys-
tematic exploration under uncertainty but also
a scalable method for generating training data
to improve these crucial, yet underdeveloped,
capabilities.

*Equal Contribution.
†Work done during internship at Tencent.
‡Corresponding author.

1 Introduction

Large language models (LLMs) achieve strong
performance on factual question-answering
benchmarks with single, deterministic tar-
gets (Kwiatkowski et al., 2019; Joshi et al.,
2017), but their behavior on high-entropy queries
(HEQs)—tasks that require enumerating large
open-ended answer sets—remains underexplored.
Many real-world information needs resemble
HEQs: success depends on recall over a broad can-
didate space rather than on one “best” answer, and
agents must decide when additional exploration is
no longer worthwhile.

Recent web-search and “deep research” agents
push LLMs directly into this regime: commercial
and open-source systems routinely issue hundreds
of queries, traverse diverse sites, and synthesize
long reports from heterogeneous evidence (Ope-
nAI, 2025; Perplexity, 2025; Wei et al., 2025; Tao
et al.; Li et al., 2025b). Benchmarks such as
GAIA and BrowseComp (Mialon et al., 2023; Wei
et al., 2025; Zhou et al., 2025; Wei et al.) evalu-
ate multi-step browsing on “hard to find but easy
to verify” questions, while WideSearch and Deep-
WideSearch (Wong et al., 2025; Lan et al., 2025)
target breadth and depth of coverage over thou-
sands of entities. With the growing attention to
complex information needs in real-world scenarios,
however, the majority of these benchmarks rely on
partially annotated answer pools, which not only
incur considerable costs but also risk penalizing
agents that discover valid items beyond the pool as
hallucinating.

We call this the evaluation paradox for high-
entropy search: exhaustive search should be judged
against a complete ground-truth set, yet for HEQs
such ground truth is practically intractable to obtain.
The same open-endedness that makes these tasks
hard for models prevents annotators from certify-
ing completeness, so annotated answer pools are al-
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most surely incomplete. Under standard evaluation
protocols, any correct item outside the annotated
set is indistinguishable from an error, and systems
that discover more valid items can be penalized as
hallucinating. As a result, measured performance is
effectively bounded by annotation coverage rather
than by an agent’s true search capability, even when
wide-search benchmarks attempt to increase cover-
age with large manually curated pools (Wong et al.,
2025; Lan et al., 2025).

In this work we take a complementary approach.
Instead of approximating real-world HEQs with
partially annotated answer sets, we construct syn-
thetic objectives on top of real web-scale domains.
Our VERITAS benchmark uses cryptographic hash
constraints to turn high-entropy enumeration into
sparse-answer search tasks that are easy to verify
but impossible to optimize semantically. Agents
still have to traverse genuine web content (e.g.,
artist discographies, model hubs) using the same
kinds of search and browsing tools as in existing
benchmarks, but success reduces to finding items
whose identifiers satisfy a non-optimizable hash
constraint, enabling exact labels and scalable in-
stance generation.

Our contributions are threefold:

1. We formalize the evaluation paradox for high-
entropy search tasks and analyze why it is
difficult to resolve within annotation-based
paradigms.

2. We introduce VERITAS, a benchmark that
uses computationally irreducible, hash-based
constraints to construct scalable, automati-
cally verifiable tests of exhaustive search capa-
bilities without human labels or LLM judges.

3. We combine theoretical and empirical anal-
yses to show that hash-constrained sparse
search is computationally equivalent to ex-
haustive enumeration, and we evaluate sev-
eral state-of-the-art web agents on VERITAS
to characterize their failure modes on high-
entropy search tasks.

2 Related Work

Evaluation of information-seeking systems has
evolved from static QA benchmarks such as Hot-
potQA and related multi-hop datasets (Yang et al.,
2018; Ho et al., 2020; Trivedi et al., 2022; Press
et al., 2022) to dynamic, agent-centric web bench-
marks that require navigation and tool use (Mialon

et al., 2023; Wei et al., 2025; Zhou et al., 2025;
Wei et al.; Wong et al., 2025; Lan et al., 2025).
WebArena (Zhou et al., 2023) introduced self-
hosted realistic web environments for autonomous
agents, establishing foundational evaluation proto-
cols. Subsequently, AgentBench (Liu et al., 2023)
evaluates LLM agents in 8 environments, including
web browsing. Specifically, GAIA and BrowseC-
omp construct “hard to find but easy to verify” tasks
that emphasize multi-step browsing under fuzzy,
underspecified instructions, whereas WideSearch
and DeepWideSearch explicitly target breadth and
depth of search over thousands of entities. All of
these benchmarks ultimately rely on large but still
incomplete manually annotated answer pools, so
coverage limitations remain a central bottleneck.

Commercial “deep research” products such as
those from OpenAI, Perplexity, Gemini, Kimi,
Doubao, and Grok (OpenAI, 2025; Perplexity,
2025; Gemini, 2025; Kimi, 2025; Doubao, 2025;
x.ai, 2025), together with open-source frame-
works like WebShaper, WebSailor, WebThinker
and WebDancer (Tao et al.; Li et al., 2025a,b;
Wu et al., 2025), push LLM agents into long-
horizon web settings and typically evaluate them
on GAIA, BrowseComp, WideSearch, and related
suites (Zhang et al., 2025; Xi et al., 2025). Along-
side these explorations and the application of re-
inforcement learning to search agents (Song et al.,
2025; Jin et al., 2025), VERITAS’s potential as an
important data source correspondingly emerges.

Moreover, recent surveys on LLM-based agents
and deep research (Guo et al., 2024; Wang et al.,
2024; Zhang et al., 2025; Xi et al., 2025) likewise
highlight that high-entropy, partially labeled condi-
tions make it difficult to measure exhaustive search
capability. VERITAS is complementary to these ef-
forts: by introducing computationally irreducible
constraints via cryptographic hash functions, it iso-
lates the enumeration component of deep research
and provides exact, automatically scalable super-
vision rather than relying on manually constructed
answer sets.

3 Method

3.1 Evaluation Paradox

Exhaustive search tasks are fundamentally ill-
posed for evaluation: verifying completeness re-
quires the very ground truth that the task itself
makes intractable to obtain.

The difficulty stems from two inherent properties
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Benchmark Wide Scalable Human Verification Core Issue
Degree Depend Difficulty

GAIA ⋆ No Yes Easy Not Wide
Low Hard Expert Single answer Human

(Single ans) Easy verification dependent

BrowseComp ⋆ No Yes Easy Not Wide
(OpenAI 2025) Low Hard Full Single answer Human

(Single ans) Easy verification dependent

WideSearch ⋆ ⋆ ⋆ No Yes Hard Human annotation
Medium Hard Full Many entities May punish
(Wide) LLM unstable better answers

VERITAS ⋆ ⋆ ⋆ ⋆ ⋆ Yes No Easy
(Ours) Extreme Easy Zero Easy

(Unlimited) verification

Table 1: Comparison of VERITAS with existing web-search benchmarks. “Wide degree” indicates breadth of
search space (stars). VERITAS uniquely combines extreme breadth, exact automated verification, and no human
dependence, whereas prior benchmarks trade off coverage against verification difficulty.

of high-entropy queries. First, relevant information
is severely fragmented across many loosely con-
nected web sources, with no single canonical page
from which to harvest complete answer sets. Sec-
ond, such tasks provide no principled stopping
rule: neither annotators nor agents can know when
further search will yield additional items. This com-
bination makes literal completeness unattainable at
web scale, so any human-constructed ground truth
is almost guaranteed to be incomplete—and evalu-
ation protocols may inadvertently penalize models
that exceed human coverage while rewarding those
that simply reproduce human omissions.

Consider the query: “Has the virtual singer KAF
ever hosted a radio show, and if so, which show has
the most episodes?” In a pilot analysis, one anno-
tator concluded KAF has never hosted any show;
another identified a short series with few episodes;
a more systematic audit later found multiple se-
ries with substantially more episodes. This dis-
crepancy reflects not human error, but the inherent
difficulty—annotators face the same fragmentation
and stopping challenges that define the task itself.

Addressing this paradox requires reformulating
the evaluation problem, rather than attempting to
obtain ever more exhaustive annotations.

3.2 Computational Equivalence

The ill-posedness of “list all X” benchmarks
stems from annotation limitations, not evalua-
tion goals; any task that forces the same high-
entropy search without exploitable shortcuts is
computationally equivalent.

From an evaluation perspective, the intent is not

literally to obtain exhaustive lists, but to probe two
deeper capabilities. First, an effective agent should
carry out wide and systematic search over a large,
loosely structured space, so that, given sufficient
budget, the probability of missing salient items
is small. Second, it should maintain calibrated
residual uncertainty, distinguishing between “the
space is probably covered” and “further exploration
is still warranted” when deciding whether to stop.
In this view, “list all X” is merely one syntactic
vehicle for these desiderata. Our goal is to decouple
the underlying search-and-coverage challenge from
the brittle requirement of exact enumeration.

A simple analogy clarifies this equivalence:
searching for the Ace of Spades in a well-shuffled
deck. Whether we ask to “list all 52 cards” or to
“find the Ace of Spades,” the worst-case search cost
is the same—one must inspect cards sequentially
until the target appears, requiring Θ(N) operations
over an unstructured space of size N . The iden-
tity of the target provides no algorithmic shortcut;
the difficulty arises from traversing an unstructured
space.

We apply the same idea to high-entropy web
queries. Instead of “List all songs by artist X,” we
ask “Find the unique song by artist X whose title
satisfies property Y .” When property Y is non-
optimizable—offering no usable signal to retrieval
mechanisms—the agent must approximate the orig-
inal O(N) exhaustive search: gather candidates
and check each against Y . By choosing Y to be
verifiable but unoptimizable, we force agents to
engage with the same high-entropy search problem
while allowing evaluation to depend on a single,
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Find all songs by 
Taylor Swift

Fearless (2009)

Lover (2019)

Red (2012)

......

Cruel Summer
London Boy
Love Story
Delicate

Output :

❓Is this list complete?

Evaluation Paradox: Evaluating HEQs requires 
complete ground truth, but their very nature means 
no verifiable ground truth exists.

Find Taylor Swift's songs that were 
released in 2012 and that were 
collaborated with other artists.

New search query:
Taylor Swift 2012 collaboration

Both of Us - Wikipedia
Both of Us - Web Page

Bypasses internal filtering!❗

Bypasses internal filtering!❗

Output :

Both of Us

✔

Failure Mode: The agent exploits the search engine to 
bypass the exhaustive search process. The agent's own 
verification capability is not tested.

Find the Taylor Swift song 
released in 2012 where 

MD5(Title) == 3a2...f (TargetHash)

New search query:
All songs by Taylor Swift in 2012

Thinking

A complete list of songs :
Eyes Open
Both of Us
Safe & Sound
Begin Again

Calculate MD5 :

MD5(“Song 1”)  == 98e329a… ❌

……
MD5(“Song k”)  == 3a27c5e… ✅

Output : Song k

VERITAS 's Contribution: The irreducible constraint 
forces the agent to perform a genuine, verifiable, and 
exhaustive search-then-verify workflow, allowing for 
rigorous evaluation of its core capabilities.

Panel A: The Paradox of “List All” Panel B: Semantic Constraints (Shortcuts) Panel C: VERITAS (Computational Irreducibility)

Figure 1: Evaluation paradox for high-entropy queries and our reformulation. (a) Exhaustive annotation is intractable.
(b) Naively strengthening semantic constraints does not resolve the coverage problem. (c) Reformulating the task
around automatically verifiable, non-optimizable constraints preserves exhaustive-search difficulty while enabling
exact verification.

easily checked answer rather than a fragile exhaus-
tive list.

Concretely, our benchmark instantiates Y using
automatically verifiable yet non-optimizable con-
straints on item identifiers or derived attributes, so
that success reduces to finding a small number of
constraint-satisfying items in a large unstructured
space. Figure 1 provides a high-level schematic of
this shift from ill-posed exhaustive annotation to a
constrained, verifiable search task. The next sub-
section formalizes this abstract model and analyzes
its scaling behavior.

3.3 Asymptotic Analysis

We now formalize why finding k sparse constraint-
satisfying items under a non-optimizable condition
is computationally comparable to full enumeration.
This provides a tractable model for interpreting our
benchmark results.

Problem setup: Given N items in an unstruc-
tured search space, k ≤ N items satisfy a non-
optimizable constraint. An agent with search bud-
get T must find all k matching items. Success
requires k correct items; partial matches count as
failure.

Expected search cost: Assume the k target
items are uniformly distributed among N posi-
tions. Under systematic or random search without
replacement, the expected position of the last (k-th)

discovered target is:

E[Lk] =
(N + 1) · k

k + 1
. (1)

This is the standard order-statistics result: if the
k targets occupy k random positions among N
items, the expected position of the last one is (N +
1) · k/(k + 1).

Asymptotic behavior: For any fixed k ≥ 1,
E[Lk] = Θ(N). Moreover,

Relative cost:
E[Lk]

N
=

k

k + 1

k→∞−−−→ 1. (2)

Even for small k, the expected search cost is
substantial: E[L1] = (N + 1)/2 ≈ N/2, E[L2] =
2(N + 1)/3 ≈ 2N/3, E[L4] = 4(N + 1)/5 ≈
4N/5. Finding even a single sparse item therefore
requires searching about half the space on average.

Success probability under budget constraints:
Given finite search budget T < N , the probability
of finding all k targets follows a hypergeometric
distribution. If the agent searches exactly T items
uniformly at random,

Psuccess(k, T,N) =

(
N−k
T−k

)
(
N
T

) =
k−1∏

j=0

T − j

N − j
. (3)

For large N with small k and T ≪ N , this
probability can be approximated by

Psuccess(k, T,N) ≈
(
T

N

)k

. (4)
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This expression highlights a sharp dependence
on k: as k increases, success probability decreases
roughly exponentially unless T is on the order of
N . Specifically:

• k = 1: P ≈ T/N (linear dependence)

• k = 2: P ≈ (T/N)2 (quadratic drop)

• k = 4: P ≈ (T/N)4 (quartic drop)

• k = N : P = 1 iff T = N (deterministic
threshold).

Controlling difficulty via search space
size: The success probability formula
Psuccess(k, T,N) ≈ (T/N)k reveals two in-
dependent mechanisms for controlling task
difficulty: adjusting k (number of targets) or N
(search space size). While the previous analysis
focused on varying k, our benchmark design also
exploits N as a difficulty lever.

Consider our Medium-tier tasks, which require
searching across 7 independent sources (e.g., find-
ing which of 7 artists has a song satisfying the tar-
get constraint). If each artist has approximately n
songs, the effective search space becomes N = 7n,
substantially larger than a single-artist search with
N = n. For fixed k = 1 and search budget T , the
success probability scales as:

Psingle

Pmedium
=

T/n

T/(7n)
= 7. (5)

This 7× difficulty multiplier arises purely from
increasing N , demonstrating that enlarging the
search space (the denominator in (T/N)k) is as
effective as increasing the numerator k for creating
challenging tasks. The Hard and Extra Hard tiers
further increase N through deep attribute extraction
and nested task hierarchies, respectively, creating
progressively larger search spaces while maintain-
ing irreducibility under the chosen non-optimizable
constraints.

Taken together, these observations show that our
transformation—from “enumerate all” to “find k
constraint-satisfying items”—preserves the O(N)
computational irreducibility of the task while
enabling deterministic verification. The non-
optimizable constraint removes optimization short-
cuts without altering the fundamental search com-
plexity. Moreover, the (T/N)k framework pro-
vides principled control over difficulty through both
k and N , enabling fine-grained benchmark design.

We now turn to how to construct constraints that
realize this irreducible search behavior in practice.

3.4 Semantic Constraints

Semantic constraints fail as non-optimizable
barriers: modern systems can delegate them
to search engines, collapsing the intended O(N)
exhaustive search into O(1) lookup.

The most direct response to the evaluation para-
dox is to introduce additional semantic constraints
on target items. For instance, we might ask: “Find a
Jay Chou song released in 2003, with a ballad style,
lasting over four minutes, and featuring piano.” At
face value, this appears to require enumerating can-
didates and verifying each. In practice, however, in-
dexing and filtering mechanisms explicitly exploit
semantic information, so temporal, categorical, or
relational constraints become signals for optimiza-
tion rather than obstacles. The model can submit
the entire constraint set as a query and retrieve a
small candidate pool directly.

More broadly, many “fuzzy” web tasks decom-
pose into two stages: first enumerate a broad can-
didate space, then filter using semantic conditions.
The intrinsic difficulty lies in enumeration; once
candidates are available, filtering is straightforward.
Our benchmark therefore targets enumeration di-
rectly. To recover computational equivalence with
high-entropy queries while avoiding semantic short-
cuts, we require constraints that are verifiable but
unoptimizable: easily checked once a candidate is
known, yet providing no useful guidance to search
engines.

3.5 Cryptographic Hashes

Cryptographic hash functions provide ideal non-
optimizable constraints through two properties:
one-way verification and semantic nullity.

One-way verification: Pre-image resistance
makes reversing the hash computationally infea-
sible, yet verification is trivial—hash the candidate
and compare. This is a lock that only opens when
you already have the key.

Semantic nullity: Hash outputs bear no ex-
ploitable relationship to the semantic content of
their inputs. The avalanche effect ensures that small
input changes produce seemingly unrelated out-
puts, rendering the hash useless as a search query.
Search engines cannot leverage it to narrow the
search space.

Under these conditions, solving the task requires
approximate O(N) exhaustive search. Models can-
not use the hash value to guide retrieval; they must
enumerate candidate items and verify each one.
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(b)Easy: Single-Source Enumeration

Hugging Face 
author list page

Local verification

MD5(ItemID) == TargetHash

Enumerating items from a single 
source (e.g., Hugging Face author) 
to match a hash.

(c) Medium: Composite Search

Parallel Sub-tasks

Local verification

Solving 7 independent enumeration 
tasks (e.g., repos, papers, packages) 
to find one matching result.

Subtask 1 Result,
Subtask 2 Result,

……
MD5(Answer) == TargetHash

(d) Hard: Deep Attribute Extraction

Song1

Songs page

Repo Paper Package

……

Song2

Song3

……

Candidate list

Local verification

MD5(Derived Attribute) == TargetHash

Enumeration requires visiting each 
item to extract hidden attributes (e.g., 
Git SHA, Lyrics) before hashing.

(a) Comparison: Traditional Multi-hop QA

Answer A: 
Christopher Nolan

Answer B: 
Tenet

Agent uses the new information

Task: Chained semantic query. 
Trajectory: A sequential path 
where each step depends on the 
previous step's result.

N ≈ n (Small Space)

N ≈ 7n (Linear Scaling) N ≈ n (High Cost)

(e) Extra Hard: Nested Multi-Task

Visit Tool

……

……

(Deep Extraction × 7)

Formatted 
Candidates

MD5(Formatted String) == TargetHash

N ≈ 7 × 𝟏𝟎𝟐…𝟏𝟎𝟑 (High Entropy)

Solving a nested hierarchy of 7 high-
complexity tasks. Each sub-task 
requires deep attribute extraction and 
complex synthesis to verify the final 
formatted string.

Figure 2: Progressive difficulty tiers in VERITAS. Higher tiers enlarge the search space and computational burden
while preserving hash-based irreducibility.

This transformation preserves the underlying com-
putational challenge while enabling reliable, scal-
able verification. A hash-constrained task with N
implicit candidates and k true pre-images can be
modeled as selecting k targets uniformly at random
from an unstructured space of size N , matching the
abstract setting analyzed previously.

3.6 VERITAS Tasks

VERITAS implements four progressive diffi-
culty tiers that systematically stress-test exhaus-
tive search under increasing computational irre-
ducibility (Figure 2).

Each tier enlarges the effective search space N
or increases task complexity while preserving hash-
based irreducibility. This provides principled dif-
ficulty control: per the (T/N)k framework, both
expanding N and increasing structural complexity
reduce success probability for budget-constrained
agents.

Easy (Single Source): Enumerate all items
from a single source (e.g., “all models by author
google on HuggingFace”) and identify the item
whose identifier’s MD5 hash matches the target.
Assesses basic enumeration discipline.

Medium (Composite Search): Seven indepen-
dent enumeration subtasks; the agent must solve
each, then determine which result produces the
target MD5 hash. Evaluates coordination of multi-
stage exhaustive search.

Hard (Deep Attribute Extraction): Enumerate
items from a source and identify which item’s de-
rived attribute (e.g., a Git commit SHA) yields the

target hash. Emphasizes deep attribute extraction
from distributed sources.

Extra Hard (Nested Multi-Task): Seven high-
complexity enumeration tasks; construct complete
formatted answers (e.g., “RepoName → SHA”)
and determine which formatted string has the target
hash. Probes sustained search across deeply nested
task hierarchies.

4 Experiments

VERITAS reveals a clear capability hierarchy:
frontier models (GPT-5, Gemini-3-Pro) substan-
tially outperform others, yet even they struggle
on Extra Hard, with success rates dropping by
2–5×. We evaluate nine models across Medium,
Hard, and Extra Hard tiers to characterize both
capability gaps and failure modes under computa-
tionally irreducible constraints.

4.1 Agent Tools

Agents are equipped with four tools—Search,
Visit, Exec Python, and Answer—providing
capabilities comparable to human web re-
searchers.

Search: Provides access to Google search, re-
turning top-10 results (title, snippet, URL) for each
query. Supports multiple simultaneous queries.

Visit: Accesses specific web pages with dedi-
cated extraction goals. Following WebSailor’s ap-
proach, we use Qwen3-235B-A22 to extract goal-
relevant information from each page.

Exec Python: Executes Python code for compu-
tations, including MD5 hash verification of candi-
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Table 2: Performance on VERITAS benchmark across difficulty tiers. We report Pass@4 success rate (%) and the
average number of tool calls per attempt, split into Search and Visit. Best results are highlighted in bold.

Model
Medium Hard Ex-Hard

Success Tool Calls Success Tool Calls Success Tool Calls

Pass@4 Avg@4 Search Visit Pass@4 Avg@4 Search Visit Pass@4 Avg@4 Search Visit

Open-Source Models
GLM-4 17.9 5.7 23.4 10.1 12.2 5.6 14.9 8.8 3.3 2.5 23.2 12.2
MiniMax-M2 12.5 4.4 14.9 8.7 6.1 1.5 17.4 7.8 3.4 0.8 17.7 10.0
DeepSeek-v3.1 10.3 3.8 15.5 8.8 14.3 7.1 9.2 4.1 3.4 0.9 16.0 9.2
Qwen3-235B-A22 5.3 2.6 16.8 13.1 6.2 2.6 8.0 3.9 3.6 2.6 16.9 12.4
Kimi-K2 2.5 0.6 16.2 8.5 10.2 2.6 18.0 6.5 0.0 0.0 26.9 9.5

Closed-Source Models
GPT-4o 6.0 1.5 5.3 4.9 2.4 2.4 2.2 2.1 0.0 0.0 5.1 4.7
Gemini-2.5-Pro 12.5 6.2 14.8 9.9 8.2 3.6 9.6 4.4 3.3 1.7 14.4 10.8
Gemini-3-Pro 30.0 18.8 84.7 6.8 36.7 21.9 92.5 6.8 6.7 3.3 125.8 9.3
GPT-5 47.5 27.5 7.8 101.8 32.7 25.5 7.3 16.4 20.0 20.0 9.3 27.8

0 10 20 30 40 50 60
Tool calls per attempt (Search + Browse/Visit)

GPT-5

Gemini 2.5 Pro

Qwen3-235B

Kimi K2

40 57

9 21

6 24

13 29

Avg: 1.9× more calls

WideSearch vs VERITAS: Tool Usage Comparison

WideSearch
VERITAS

Figure 3: Tool calls per attempt for models evaluated on both WideSearch and VERITAS. VERITAS consistently
elicits 1.4×–4.2× more tool calls than WideSearch, yet success rates remain low (Table 2), confirming that
VERITAS removes semantic shortcuts and forces genuine exhaustive enumeration.

date items.
Answer: Submits the final solution for evalua-

tion.

4.2 Experimental Setup

We evaluate across Medium/Hard/Extra Hard
tiers on balanced multilingual queries, with
strict all-or-nothing success criteria.

We deliberately exclude Easy tier to focus on re-
alistic high-entropy challenges. The dataset main-
tains balanced distribution across English, Chinese,
and Japanese, ensuring robust cross-lingual evalua-
tion.

We evaluate nine models spanning diverse archi-
tectures and capability levels: GLM-4, MiniMax-
M2, DeepSeek-v3.1, Qwen3-235B-A22, Kimi-
K2, GPT-4o, Gemini-2.5-Pro, and the latest fron-
tier models GPT-5 and Gemini-3-Pro. Success
requires finding all items matching the target MD5
hash—partial matches count as failure.

We report Pass@4 (success rate across 4 at-
tempts) and track tool usage via average Search
and Visit calls per attempt.
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4.3 Main Results

VERITAS effectively discriminates model ca-
pabilities: frontier models (GPT-5, Gemini-3-
Pro) substantially outperform others, yet even
they see dramatic performance collapse on Ex-
tra Hard.

Table 2 reveals a clear capability hierarchy.
GPT-5 achieves 47.5% Pass@4 on Medium and
32.7% on Hard—far surpassing other models.
Gemini-3-Pro follows with 30.0% and 36.7% re-
spectively. In contrast, the remaining seven mod-
els cluster between 2.5–17.9% on Medium and
2.4–14.3% on Hard. This stark separation demon-
strates that VERITAS provides meaningful signal
for distinguishing frontier capabilities from current-
generation models.

Crucially, Extra Hard remains challenging
even for frontier models. GPT-5 drops from
47.5% (Medium) to 20.0% (Extra Hard)—a 2.4×
reduction. Gemini-3-Pro drops more sharply from
36.7% (Hard) to just 6.7% (Extra Hard). Mean-
while, most other models collapse to 0–3.6% on
Extra Hard, with GPT-4o and Kimi-K2 achieving
exactly 0%. This pattern confirms that Extra Hard
tier probes a genuine capability frontier: it sepa-
rates GPT-5 (the only model maintaining double-
digit performance) from all others, while still ex-
posing substantial room for improvement.

The difficulty gradient works as designed: suc-
cess rates drop consistently from Medium to Hard
to Extra Hard across all models. This validates our
(T/N)k theoretical framework—as the effective
search space N expands through composite search,
deep attribute extraction, and nested hierarchies,
success probability decreases predictably.

Finally, the gap between Pass@4 and Avg@4
reveals search strategy quality. GPT-5 shows no-
tably higher consistency (Avg@4 of 27.5%, 25.5%,
20.0% across tiers) compared to other models
where Avg@4 often falls far below Pass@4, in-
dicating that weaker models occasionally stumble
upon solutions but lack systematic search strate-
gies.

4.4 Scaling under Hash Constraints

Models invest substantial search effort (20–30+
tool calls per query) yet achieve <12% success,
confirming that VERITAS forces genuine ex-
haustive enumeration without semantic short-
cuts.

Tool-usage statistics reveal a striking effort-

outcome mismatch. GLM-4 issues on average 31.3
tool calls per query (19.8 Search, 10.0 Visit), Kimi-
K2 28.5, and DeepSeek-v3.1 21.9—far exceed-
ing typical single-answer QA benchmarks such
as GAIA (average <10 calls). Despite examining
dozens of web pages, success rates remain below
12%. Models recognize the need for exhaustive
exploration but fail to achieve sufficient coverage.

Figure 3 provides direct evidence: for the same
underlying models, VERITAS elicits 1.4×–4.2×
more tool calls than WideSearch, yet Pass@4 re-
mains low. This gap underscores that VERITAS
removes semantic shortcuts and forces agents into
genuine enumeration regimes.

This pattern precisely matches the (T/N)k scal-
ing analysis: as effective search space N grows
from Medium to Extra Hard while tool budgets
remain fixed, success probability collapses across
all models. VERITAS thus serves as a sharper
stress test of exhaustive-search capability rather
than surface-level browsing.

5 Conclusion

We argued that the core difficulty in modern web
search and “deep research” is not the length of rea-
soning chains, but the entropy of the search space:
the need to enumerate large, weakly structured can-
didate sets and to know when it is safe to stop.
Through theoretical analysis, we showed that find-
ing a few sparse, hash-constrained targets is com-
putationally equivalent to exhaustive enumeration,
providing a path to automatically verifiable evalua-
tion of this capability.

Building on this analysis, VERITAS instantiates
cryptographic hash constraints over realistic, web-
scale high-entropy queries to create tasks where any
successful agent must effectively “list everything
that could possibly match” before applying a cheap
verification step. Experiments across strong web
agents reveal that, despite heavy tool use, models
still collapse on these tasks as search spaces grow,
highlighting a fundamental gap between current
systems and truly exhaustive search.

Looking forward, the same properties that make
VERITAS attractive as a benchmark—infinite
automatic generation, exact labels, and tunable
difficulty—also make it a promising source of train-
ing data for future search agents, for example via
reinforcement learning or RL-style post-training.
We view our work as a first step towards systemati-
cally teaching models not just to find good answers,
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but to approach the harder goal of finding all rele-
vant answers under uncertainty.

Limitations

VERITAS currently serves purely as an evalua-
tion benchmark. Although its automatic, verifi-
able structure makes it well suited for reinforce-
ment learning or other post-training methods, we
have not yet applied such training to models using
VERITAS-generated data; exploring this direction
is an important target for future work.
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