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Abstract

Existing benchmarks for LLM-based vulnerability de-
tection reduce a model’s capability to one number.
That number cannot serve the divergent needs of a
CISO who prioritizes critical-vulnerability recall, an
engineering leader who optimizes for low false-positive
rates, or an Al officer who weighs cost against capa-
bility. We introduce SecLens-R, a multi-stakeholder
evaluation framework built on 35 shared dimensions
across 7 measurement categories. Five role-specific
weight profiles (CISO, Chief AT Officer, Security Re-
searcher, Head of Engineering, and Al-as-Actor) each
select 12-16 dimensions with weights summing to 80,
producing a composite Decision Score between 0 and
100. We evaluate 12 frontier models on a dataset of 406
tasks drawn from 93 open-source projects spanning
10 programming languages and 8 OWASP-aligned
vulnerability categories, using both Code-in-Prompt
(CIP) and Tool-Use (TU) evaluation layers. Decision
Scores diverge by up to 31 points across roles for
the same model: Qwen3-Coder earns an A (76.3) for
Head of Engineering but a D (45.2) for CISO; GPT-
5.4 earns an A (76.7) for Head of Engineering but a
D (48.4) for CISO. These results confirm that model
selection for security vulnerability detection is not a
single-objective problem, and that stakeholder-aware
evaluation surfaces information that aggregate scores
cannot.

Keywords: large language models, security vulner-
ability detection, benchmark, role-specific evaluation,
multi-stakeholder decision framework

1 Introduction

Large language models are increasingly applied to
security vulnerability detection [Pearce et al., 2022,
Tony et al., 2023, Fang et al., 2024, Sheng et al., 2025].
Models such as GPT-5.4 [OpenAl, 2025], Claude Son-

*Corresponding author. Email: subho.halder@gmail.com

net 4.6 and Opus 4.6 [Anthropic, 2025], and Gemini
3.x [Google, 2025] can identify, classify, and localize
vulnerabilities across diverse programming languages
and CWE categories. The pace of benchmark devel-
opment has accelerated in parallel: from CyberSe-
cEval [Bhatt et al., 2023] and PrimeVul [Ding et al.,
2024] in 2023-2024, to SEC-bench [Lee et al., 2025],
SecVulEval [Lu et al., 2025], and TOSSS [Damie et al.,
2026] in 2025-2026. Organizations now face a practi-
cal question: which model should they deploy?

These benchmarks share a critical limitation: they
collapse a model’s rich performance profile into a
single aggregate score. While such scores are useful
for leaderboard rankings, they are insufficient for the
decisions organizations actually face.

Consider the divergent needs of different organiza-
tional stakeholders:

e A Chief Information Security Officer
(CISO) asks: “Can I trust this model in my se-
curity program?” The CISO prioritizes low false-
negative rates on critical vulnerabilities, severity-
weighted recall, and consistency across CWE cat-
egories. A model that excels at injection detec-
tion but silently misses authentication bypasses
is unacceptable.

o A Chief AI Officer (CAIO) asks: “Which
model unlocks new capabilities while balancing
risk and cost?” The CAIO cares about MCC-
per-dollar, autonomous completion rates, and
tool-use effectiveness at scale.

e A Security Researcher asks: “How deep and
reliable is this model’s vulnerability reasoning?”
Researchers need CWE taxonomy mastery, evi-
dence chain completeness, and reasoning quality
on both true positives and false positives.

e A Head of Engineering asks: “Will this help
or hurt my team’s velocity and code quality?”
Engineering leaders optimize for high precision
(low false-positive rates), fast wall times, low cost
per task, and actionable findings with CWE and
location.



e An Al-as-Actor evaluation asks: “Does the
agent know what it can and can’t do?” This
lens evaluates parse reliability, format compli-
ance, error handling, autonomous completion,
and graceful degradation under varying task dif-
ficulty.

A single benchmark score cannot serve all five per-
spectives. A model ranked first overall might be the
worst choice for a CISO if it misses critical vulnerabil-
ities, or the worst choice for engineering if it generates
excessive false positives. Our empirical results con-
firm this: the same model can score 31 points apart
depending on which stakeholder lens is applied.

1.1 Contributions

We make the following contributions:

1. 35 shared evaluation dimensions across 7
categories, applied through 5 role-specific weight
profiles where each role selects 12-16 dimensions
with weights summing to 80.

2. A weighted composite scoring methodol-
ogy with dynamic dimension exclusion: when a
dimension is unavailable (e.g., tool-use metrics for
Code-in-Prompt runs), the denominator adjusts
automatically.

3. Four normalization strategies with fixed ref-
erence caps, eliminating cohort-relative scoring
artifacts.

4. Integration with SecLens, a two-layer bench-
mark evaluating LLMs on vulnerability detection
using both Code-in-Prompt (CIP) and Tool-Use
(TU) paradigms.

5. Empirical validation across 12 frontier
models on 406 tasks, demonstrating Decision
Score divergences of up to 31 points and con-
firming that leaderboard rank does not predict
role-specific rank.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work. Section 3
presents the framework design. Section 4 provides
the dimension catalog. Section 5 describes the evalua-
tion methodology. Section 6 details the experimental
design. Section 7 presents results and analysis. Sec-
tion 8 addresses limitations and future work. Section 9
concludes.

2 Related Work

2.1 LLM Security Benchmarks

Several benchmarks evaluate LLM capabilities in se-
curity contexts. CyberSecEval [Bhatt et al., 2023]

from Meta evaluates both the tendency of LLMs to
generate insecure code and their ability to assist in
cyberattacks. CyberSecEval 2 [Bhatt et al., 2024]
adds prompt injection resistance and code interpreter
abuse. CyberSecEval 3 [Wan et al., 2024] extends
to offensive capability evaluation. SecEval [Li et al.,
2023] covers code generation security across 130 CWE
categories. SWE-bench [Jiménez et al., 2024] evalu-
ates models on real-world GitHub issues, though it
targets bug-fixing rather than vulnerability detection.
More recent work has sharpened the picture. Prime-
Vul [Ding et al., 2024] demonstrates that existing
benchmarks dramatically overestimate vulnerability
detection performance (68% F1 on BigVul drops to
3% on their deduplicated dataset). VulBench [Gao
et al., 2023] aggregates CTF and real-world CVEs
with root cause annotations. VulDetectBench [Liu
et al., 2024b] evaluates 17 models across tasks of in-
creasing difficulty, finding that models achieve 80%-+
on binary identification but under 30% on detailed
analysis. SecLLMHolmes [Ullah et al., 2024] shows
that LLM vulnerability reasoning is non-deterministic
and sensitive to variable naming. IRIS [Li et al.,
2024] combines LLMs with static analysis to detect
103% more vulnerabilities than CodeQL alone. SAST-
Bench [Feiglin and Dar, 2025] evaluates LLM agents
on SAST false-positive triage using real CVEs. A re-
cent survey by Sheng et al. [2025] provides a structured
overview of LLM architectures, fine-tuning strategies,
and evaluation metrics for vulnerability detection.
Three concurrent benchmarks are particularly rele-
vant. SecVulEval [Lu et al., 2025] is the largest CVE-
grounded benchmark to date, covering 25,440 C/C++
function samples across 5,867 CVEs with statement-
level ground truth; the best model (Claude 3.7 Son-
net) achieves only 23.83% F1, underscoring the dif-
ficulty of the task. SEC-bench [Lee et al., 2025] in-
troduces automated CVE reproduction with proof-of-
concept generation and patch validation, evaluating
LLM agents on 200 verified instances; top models
achieve at most 18% PoC generation and 34% patch-
ing success. TOSSS [Damie et al., 2026], published
concurrently with our work, frames vulnerability de-
tection as binary snippet selection across C/C++ and
Java CVEs; model scores range from 0.48 to 0.89.
LLMSecEval [Tony et al., 2023] provides security-
relevant code completions based on MITRE CWE sce-
narios. SecurityEval [Siddiq and Santos, 2022] offers
a focused dataset for evaluating LLM-generated code.
RepoSim [Zhang et al., 2024] evaluates repository-level
vulnerability detection with multi-file contexts.
All of these benchmarks produce single aggre-
gate scores or per-category breakdowns without
stakeholder-specific interpretation. None addresses



the organizational decision context in which evalua-
tion results are consumed. Our work is complemen-
tary: the SecLens-R scoring layer can consume output
from any of these benchmarks, transforming a single
leaderboard into five role-specific evaluations.

2.2 Role-Based Evaluation in Software
Engineering

The notion that different stakeholders require differ-
ent evaluation lenses is well-established in software
engineering. ISO/TEC 25010 [ISO/IEC, 2011] defines
software quality from multiple viewpoints including
users, developers, and operators. The Goal-Question-
Metric (GQM) paradigm [Basili et al., 1994] formalizes
the idea that metrics should be derived from stake-
holder goals. In testing, risk-based approaches [Am-
land, 1999] weight test cases by organizational impact
rather than code coverage alone.

In the machine learning evaluation literature, Model
Cards [Mitchell et al., 2019] and Datasheets for
Datasets [Gebru et al., 2021] advocate for multi-
stakeholder transparency, but focus on documentation
rather than providing different quantitative scores
for different roles. HELM [Liang et al., 2022] eval-
uates LLMs across multiple scenarios and metrics
but does not aggregate by stakeholder role. Chatbot
Arena [Chiang et al., 2024] uses crowdsourced pref-
erences to produce Elo ratings, a single-dimensional
ranking that our work explicitly moves beyond. Agent-
Bench [Liu et al., 2024a] evaluates LLMs as agents
across diverse tasks, relevant to our Al-as-Actor lens
but without role-specific scoring.

2.3 Multi-Stakeholder Decision Frame-
works

Multi-criteria decision analysis (MCDA) [Velasquez
and Hester, 2013] provides formal methods for ag-
gregating multiple evaluation dimensions with role-
specific weight vectors. The Analytic Hierarchy Pro-
cess (AHP) [Saaty, 1990] and TOPSIS [Hwang and
Yoon, 1981] are widely used MCDA techniques for
technology selection decisions. Recent work on cost-
aware LLM evaluation [Sun et al., 2024] demonstrates
the practical need for frameworks that consider in-
ference cost alongside quality. Our approach draws
on these methods while adapting them to LLM se-
curity evaluation: a shared pool of 35 dimensions
(rather than per-role dimension sets) simplifies main-
tenance and enables direct comparison, while role-
specific weight vectors preserve stakeholder-specific
priorities.

Table 1: Stakeholder roles and their core evaluation
questions.

Role Core Decision Question
CISO “Can I trust this model in my secu-
rity program?”

CAIO / Head “Which model unlocks new capabil-
of AI ities while balancing risk and cost?”
Security Re- “Does this model genuinely under-
searcher stand vulnerability mechanics?”
Head of Engi- “Will this help or hurt my team’s
neering velocity and code quality?”

AT as Actor “Does the agent know what it can

and can’t do?”

3 Framework Design

3.1 Stakeholder Roles

We define five stakeholder roles, each representing a
distinct decision context. Table 1 summarizes the
roles and their core decision questions.

CISO. The Chief Information Security Officer is
responsible for the organization’s security posture,
regulatory compliance, and risk management. This
lens selects 16 dimensions and allocates 34 of its 80
weight points to Detection (D1/10, D2/8, D3/6, D6/5,
D8/5), 18 to Risk & Severity (D28/10, D29/8), and
smaller allocations to Coverage, Reasoning, Efficiency,
and Robustness. The CISO accepts higher costs and
lower throughput in exchange for trustworthy, severity-
aware coverage.

CAIO / Head of AI. The Chief AT Officer evalu-
ates models from a strategic capability and efficiency
perspective. This lens selects 14 dimensions, distribut-
ing weight across Robustness (D31/4, D32/6, D34/10
= 20), Efficiency (D18/5, D20/8, D22/6 = 19), De-
tection (D1/9, D4/7 = 16), and Tool-Use (D25/5,
D26/3, D27/7 = 15). The CAIO values tool-use effec-
tiveness and autonomous completion as indicators of
deployment readiness.

Security Researcher. The security researcher
requires deep, technically rigorous evaluation. This
lens selects 13 dimensions and concentrates 39 weight
points on Detection (D1/8, D2/6, D6/12, D7/10,
D8/3) and 21 on Reasoning (D14/10, D15/2, D16/7,
D17/2). CWE accuracy (D6, weight 12) is the single
heaviest dimension in any profile, reflecting the re-
searcher’s need for precise vulnerability classification.

Head of Engineering. The engineering leader
optimizes for developer experience and CI/CD integra-
tion. This lens selects 13 dimensions and emphasizes
Detection (D2/5, D3/12, D7/8, D8/10 = 35) and



Category Weight Distribution by Role
(weights sum to 80 per role)

—e— CISO

—eo— CAIO
Researcher
Head Eng.

—e— Al Actor

Detection

Robustngss

Reasoning

fficiency

Figure 1: Category-level weight distribution for the
five stakeholder roles. Each axis represents one of
the 7 measurement categories (weights sum to 80 per
role).

Efficiency (D18/7, D21/7, D22/5, D23/3 = 22). Pre-
cision (D3, weight 12) and Actionable Finding Rate
(D8, weight 10) are the top-weighted dimensions be-
cause false positives erode developer trust and findings
without location data are not actionable.

AT as Actor. This lens evaluates the model’s
fitness for autonomous operation. It selects 13 dimen-
sions and places 36 of 80 weight points on Robust-
ness (D31/3, D32/6, D33/6, D34/12, D35/9), 18 on
Tool-Use (D25/5, D26/5, D27/8), and 17 on Detec-
tion (D1/10, D4/7). Autonomous Completion (D34,
weight 12) and Graceful Degradation (D35, weight 9)
are the distinctive dimensions: the agent must operate
without crashing and maintain performance on both
common and rare vulnerability classes.

Figure 1 visualizes the category-level weight distri-
bution for each role. The five profiles form distinct
shapes: the CISO and Researcher concentrate on
Detection and Reasoning, the Head of Engineering
balances Detection with Efficiency and Robustness,
the CAIO distributes weight broadly, and the AT Actor
concentrates heavily on Robustness.

3.2 Evaluation Layers

SecLens-R builds on the SecLens benchmark [Halder
et al., 2026], which evaluates models in two layers:

o Layer 1, Code-in-Prompt (CIP): The vulner-
able function is provided directly in the prompt.
The model must identify whether the code is
vulnerable, classify the CWE, and provide anal-

Table 2: Seven measurement categories and their
constituent dimensions.

ID Category Dimensions
A Detection D1-D8

B Coverage & Consistency D9-D13

C  Reasoning & Evidence D14-D17

D  Operational Efficiency D18-D23

E  Tool-Use & Navigation D24-D27

F  Risk & Severity D28-D30

G Robustness D31-D35

ysis from a single code snippet. This tests pure
reasoning ability without tool use.

o Layer 2, Tool-Use (TU): The model is given
access to a sandboxed repository clone and three
tools: read_file, search, and list_dir. This
tests real-world auditing ability, requiring multi-
turn repository navigation.

Each task awards up to 3 points for true positive
(vulnerable) tasks: 1 point for correct verdict, 1 for
correct CWE identification, and 1 for correct location
(file path + line range with IoU above threshold).
Negative tasks (post-patch code) award 1 point for
correct verdict.

The distinction between CIP and TU is central to
the dimension design: several dimensions (D7, DS,
D24-D27) are only computable in TU mode, and the
scoring formula (Section 3.5) adjusts automatically
when dimensions are unavailable. We use the abbrevi-
ations CIP and TU throughout the remainder of this
paper.

3.3 Dimension Taxonomy

All five roles draw from a shared pool of 35 dimensions
organized into 7 categories. Table 2 presents the
category taxonomy.

The shared-pool design means that when two roles
both include a dimension (e.g., D1: MCC), they mea-
sure the same underlying quantity but assign different
weights. This enables direct comparison of how weight
allocation, rather than measurement definition, drives
divergent evaluations.

3.4 Weight Assignment Methodology

Each role has a weight vector w(") = (wY), wér), o)

over a selected subset S(") C {D1,...,D35} with
S| € [12,16]. Weights satisfy:

S w” =80 vr

ieS(m)

(1)



Weight assignment followed a structured process:

1. Role profiling. For each role, we identified
the top decision criteria based on published job
descriptions, industry frameworks (NIST CSF,
ISO 27001, OWASP), and practitioner judgment.

2. Dimension selection. Each role selects 12-16
dimensions from the shared pool of 35.

3. Weight distribution. The 80 weight points are
distributed among the selected dimensions, with
higher weights for dimensions central to the role’s
decision question.

4. Verification. The final vector is verified to sum
to exactly 80.

Table 3 presents the category-level weight distribu-
tion. The profiles are defined in YAML files, making
them straightforward to customize for organizational
needs.

Several patterns emerge. The CISO allocates the
most weight to Detection (34) and Risk & Severity
(18), reflecting the primacy of trustworthy, severity-
aware threat detection. The CAIO balances Robust-
ness (20), Efficiency (19), Detection (16), and Tool-
Use (15), seeking models that are both capable and
cost-effective. The Security Researcher concentrates
on Detection (39) and Reasoning (21), valuing deep
vulnerability understanding. The Head of Engineering
distributes weight between Detection (35) and Effi-
ciency (22), prioritizing actionable, fast, affordable
scanning. The Al-as-Actor lens heavily weights Ro-
bustness (36) and Tool-Use (18), testing whether the
model can operate autonomously without failure.

3.5 Composite Decision Score

For a model m evaluated under role r, let SZ(-m) denote
the normalized score (in [0, 1]) on dimension 4, and
let A" C S denote the set of available dimensions
(those for which data exists in the current evaluation).
The composite Decision Score is:

wl(r) . ng)
Z)

i€ AT

Ty

i€ A(m)

D" (m) = x 100 (2)

The denominator uses the sum of available weights
rather than the fixed total of 80. This dynamic exclu-
sion handles cases where certain dimensions cannot
be computed:

e CIP layer: Tool-use dimensions D24-D27 and
location dimensions D7, D8 are excluded (no
tools, no file-level location in Layer 1).

e No severity data: Dimensions D28-D30 are
excluded when task severity annotations are ab-
sent.

e No SAST FP tasks: Dimension D13 is ex-
cluded when the dataset contains no SAST false-
positive tasks.

Normalization. We apply four strategies to map
raw dimension values to [0, 1]:

if Ratio (D2-D17, D26-D35)
if MCC (D1 only)

clamp(v;,0,1)
vi+1
2

S; =

min(%:, 1) if Higher-is-better (D20,D22)
(3)
where v; is the raw value and ¢; is a fixed refer-
ence cap. The caps are: D18 = $0.50/task, D19 =
$2.00/TP, D20 = 100 MCC/$, D21 = 120s, D22 =
60 tasks/min, D23 = 50K tokens, D24 = 30 tool
calls, D25 = 20 turns. Fixed caps eliminate cohort-
relative normalization artifacts: a model’s score does
not change when the evaluation cohort changes.

Grading Scale. Decision Scores map to letter
grades: A > 75, B > 60, C > 50, D > 40, F < 40.

4 Dimension Catalog

4.1 Master Dimension Table

Table 4 presents all 35 shared dimensions with their
category, description, and normalization strategy. De-
scriptions are drawn from the computational defini-
tions in the implementation.

4.2 Role Weight Profiles

Each role selects a subset of dimensions and assigns
integer weights summing to 80. Tables 5-9 present
the five profiles.

4.3 Dimension Availability by Layer

Not all 35 dimensions can be computed in every eval-
uation setting. In the CIP (Code-in-Prompt) layer,
the model receives the vulnerable function directly
in the prompt without access to tools or repository
navigation. This means:

o Tool-Use dimensions (D24-D27) are excluded:
no tool calls occur.

o Location dimensions (D7, D8) are excluded:
CIP provides code inline, so file-level location is
not evaluated.

1— min(g, 1) if Lower-is-better (D18,D19,D21,D23 D25)



Table 3: Category-level weight distribution

across roles (weights sum to 80 per role).

Category CISO CAIO Researcher Head Eng. AI Actor
A: Detection 34 16 39 35 17
B: Coverage & Consistency 15 4 16 7 7
C: Reasoning & Evidence 4 1 21 0 2
D: Operational Efficiency 2 19 0 22 0
E: Tool-Use & Navigation 0 15 0 0 18
F: Risk & Severity 18 5 0 0 0
G: Robustness 7 20 4 16 36
Total 80 80 80 80 80
o« SAST FP dimension (D13) is excluded: the 2. Compute dimensions. For each of the 35

current dataset contains no SAST false-positive
tasks.

o Severity dimensions (D28-D30) require task-
level severity annotations; they are included when
severity data is available.

When dimensions are excluded, Equation 2 adjusts
the denominator so that the Decision Score reflects
only the available evidence. A role that weights ex-
cluded dimensions heavily will have a smaller effective
denominator, but the score still ranges from 0 to 100.

5 Evaluation Methodology

5.1 SecLens Integration

As described in Section 3.2, SecLens-R extends the Se-
cLens benchmark [Halder et al., 2026], which evaluates
models across CIP and TU layers with per-task scor-
ing of verdict, CWE, and location. The role-specific
dimensions consume the per-task result records pro-
duced by SecLens, including;:

o Scores: verdict (0/1), CWE match (0/1), loca-
tion match (0/1), total earned
Parse result: status
(FULL/PARTIAL/FAILED), parsed out-
put fields (verdict, CWE, location, reasoning,
evidence chain with source/sink/flow)
Metrics: cost_ usd, total tokens, wall time_ s,
tool_calls, turns
Task metadata: task type, task category,
task_language, task_ severity

5.2 Scoring Pipeline

The end-to-end scoring pipeline proceeds as follows:

1. Run evaluation. Execute SecLens with a spec-
ified model, dataset, layer, and prompt pre-
set. This produces a JSONL file of per-task
TaskResult records.

shared dimensions, compute the raw value from
the result records using the dimension functions.
Normalize. Apply the dimension-specific nor-
malization strategy (Ratio, MCC, Lower-is-
better, or Higher-is-better) to map each raw value
to [0, 1].

. Select and weight. For each role, select the
role’s dimension subset, multiply each normalized
score by its role-specific weight, and compute the
Decision Score via Equation 2.

Grade and report. Map the Decision Score
to a letter grade and produce a per-role report
with category subtotals and individual dimension
scores.

6 Experimental Design

6.1 Models Under Evaluation

We evaluate 12 models spanning four providers:

Anthropic: Claude Opus 4.6, Claude Sonnet 4.6,
Claude Haiku 4.5.

Google: Gemini 3.1 Pro Preview, Gemini 3 Flash
Preview, Gemini 2.5 Pro, Gemini 2.5 Flash.

OpenAl: GPT-54.

Other (via OpenRouter): Qwen3-Coder, Qwen3-
Coder-Plus, Kimi K2.5, Grok Code Fast 1.

This selection spans frontier reasoning models
(Opus 4.6, Gemini 3.1 Pro), mid-tier models (Sonnet
4.6, Gemini 2.5 Pro), cost-optimized models (Haiku
4.5, Gemini 2.5 Flash), and open-weight models ac-
cessed through third-party routing (Qwen3, Kimi,
Grok).

6.2 Dataset

We use the SecLens dataset, which contains tasks
derived from confirmed CVEs across multiple CWE
categories and programming languages. Table 10 sum-
marizes the dataset statistics.



Table 4: Master dimension catalog (35 dimensions).

= Higher-is-better.

Strategy: R = Ratio, M = MCC, L = Lower-is-better, H

ID Name Category Description Norm.
D1 MCC Detection Matthews Correlation Coefficient [Matthews, M
1975, Chicco and Jurman, 2020]; balanced metric
robust to class imbalance
D2  Recall Detection True positive rate; fraction of vulnerable code R
correctly flagged
D3 Precision Detection Positive predictive value; fraction of “vulnerable” R
verdicts that are correct
D4 F1 Detection Harmonic mean of precision and recall R
D5  True Negative Rate Detection Specificity; fraction of non-vulnerable code cor- R
rectly cleared
D6 CWE Accuracy Detection Correct CWE-ID among true positive detections R
D7 Mean Location IoU Detection Average intersection-over-union of predicted vs. R
ground-truth line ranges (TU only)
D8  Actionable Finding Rate Detection Fraction of TPs with verdict + CWE + location R
(fully actionable)
D9 CWE Coverage Breadth Coverage Fraction of CWE categories with >1 correct de- R
tection
D10  Worst Category Floor Coverage Minimum F1 across all vulnerability categories; R
no blind spots
D11  Cross-Language Consistency Coverage 1 — StdDev of F1 across programming languages R
D12  Worst Language Floor Coverage Minimum F1 across all programming languages R
D13 SAST FP Filtering Coverage Accuracy on SAST false-positive tasks (currently R
excluded; no SAST FP tasks in dataset)
D14  Evidence Completeness Reasoning Fraction of TPs with source, sink, and data flow R
evidence
D15 Reasoning Presence Reasoning Fraction of all responses with reasoning field R
populated
D16 Reasoning + Correct Verdict  Reasoning Fraction with reasoning AND correct verdict R
D17 FP Reasoning Quality Reasoning Among false positive predictions, fraction with R
reasoning present
D18  Cost per Task Efficiency Average USD per task L
D19  Cost per True Positive Efficiency Dollars per correctly detected vulnerability L
D20 MCC per Dollar Efficiency MCC divided by total cost; quality per dollar H
D21 Wall Time per Task Efficiency Average seconds per task L
D22  Throughput Efficiency Tasks per minute H
D23  Tokens per Task Efficiency Average total tokens consumed L
D24  Tool Calls per Task Tool-Use Average number of tool invocations (TU only) L
D25  Turns per Task Tool-Use Average conversation turns (TU only) L
D26 Navigation Efficiency Tool-Use Fraction of tool calls that accessed relevant files R
(TU only)
D27  Tool Effectiveness Tool-Use Among tool-using tasks, fraction with score > 0 R
(TU only)
D28  Severity-Weighted Recall Risk Recall weighted by advisory-reported severity R
(critical 4x, high 3, medium 2x, low 1X)
D29  Critical Miss Rate Risk 1— miss rate on critical/high severity vulnerabil- R
ities
D30  Severity Coverage Risk Fraction of severity tiers with >1 correct detec- R
tion
D31  Parse Success Rate Robustness  Fraction of responses with parseable output R
(FULL or PARTIAL)
D32  Format Compliance Robustness FULL parse rate; fully schema-compliant struc- R
tured output
D33  Error Rate Robustness 1— fraction of tasks that crashed or produced R
errors
D34  Autonomous Completion Robustness  Fraction of tasks completing without error or R
parse failure
D35  Graceful Degradation Robustness 1 — |common_acc — rare_acc|; stable perfor- R

mance across common and rare CWEs




Table 5: CISO weight profile (16 dimensions, ¥ = 80).

Dim Name Wt
D1 MCC 10
D2 Recall 8
D3 Precision 6
D5 True Negative Rate 2
D6 CWE Accuracy 5
D8 Actionable Finding Rate 5
D9 CWE Coverage Breadth 4
D10  Worst Category Floor 6
D11 Cross-Language Consistency 3
D14 Evidence Completeness 4
D18 Cost per Task 2
D28 Severity-Weighted Recall 10
D29 Critical Miss Rate 8
D33 Error Rate 3
D34 Autonomous Completion 3
D35 Graceful Degradation 1

Total 80

The dataset includes two task types. True Posi-
tive (TP) tasks contain pre-patch code with a con-
firmed vulnerability. Post-Patch tasks contain the
same function after the official fix has been applied.
Each TP task is paired with its post-patch counter-
part, yielding a balanced 203/203 split.

Vulnerability categories. The 8 categories align
with the OWASP Top 10:2021 taxonomy [OWASP
Foundation, 2021], with 6 direct mappings and 2 ex-
tended categories. Table 11 shows the distribution.

Memory Safety (CWE-119 family, covering C/C++
buffer overflows) and Improper Input Validation
(CWE-20 family) extend beyond the OWASP Top
10 to cover vulnerability classes not fully captured by
the injection and SSRF categories.

Programming languages. 10 languages are rep-
resented: PHP (54 tasks), Go (54), Python (48),
C# (46), Ruby (36), Java (36), C (36), Rust (34),
JavaScript (32), and C++ (30).

Severity distribution. Among the 203 TP tasks
with advisory-reported severity: Critical (25), High
(74), Medium (83), Low (21).

6.3 Evaluation Protocol

Each model was evaluated under the following condi-
tions:

o Both layers: CIP (Code-in-Prompt) and TU
(Tool-Use) for all models supporting tool calling.

o Prompt preset: base (standard instructions).

e Mode: guided (category hint provided).

o Full dataset: All 406 tasks per run, seed=42.

Table 6: CAIO weight profile (14 dimensions, ¥ = 80).

Dim Name Wt
D1 MCC 9
D4 F1 7
D9 CWE Coverage Breadth 4
D15 Reasoning Presence 1
D18 Cost per Task 5
D20 MCC per Dollar 8
D22 Throughput 6
D25  Turns per Task 5
D26  Navigation Efficiency 3
D27  Tool Effectiveness 7
D30 Severity Coverage 5
D31 Parse Success Rate 4
D32  Format Compliance 6
D34  Autonomous Completion 10

Total 80

Table 7: Security Researcher weight profile (13 dimen-
sions, ¥ = 80).

Dim Name Wt
D1 MCC 8
D2 Recall 6
D6 CWE Accuracy 12
D7 Mean Location IoU 10
D8 Actionable Finding Rate 3
D9 CWE Coverage Breadth 7
D10  Worst Category Floor 5
D11  Cross-Language Consistency 4
D14 Evidence Completeness 10
D15 Reasoning Presence 2
D16  Reasoning + Correct Verdict 7
D17  FP Reasoning Quality 2
D35 Graceful Degradation 4

Total 80

For each model x layer combination, we compute
all applicable dimensions and the five role-specific
Decision Scores. This yields 23 total evaluation runs
(not all models completed both layers).

7 Results and Analysis

7.1 Overall Leaderboard

Table 12 presents the full leaderboard across both CIP
and TU layers. CIP scores range from 37.3% (Qwen3-
Coder) to 49.6% (Gemini 3 Flash Preview). TU scores
are consistently lower, ranging from 31.1% (GPT-5.4)
to 45.8% (Gemini 3.1 Pro Preview), reflecting the
added difficulty of multi-turn repository navigation.



Table 8: Head of Engineering weight profile (13 di-
mensions, ¥ = 80).

Dim Name Wt
D2 Recall 5
D3 Precision 12
D5 True Negative Rate 4
D7 Mean Location IoU 8
D8 Actionable Finding Rate 10
D12  Worst Language Floor 3
D18  Cost per Task 7
D21 Wall Time per Task 7
D22 Throughput 5
D23 Tokens per Task 3
D31 Parse Success Rate 7
D32 Format Compliance 3
D33 Error Rate 6

Total 80

Table 9: Al-as-Actor weight profile (13 dimensions,
¥ = 80).

Dim Name Wt
D1 MCC 10
D4 F1 7
D9 CWE Coverage Breadth 3
D11 Cross-Language Consistency 4
D14  Evidence Completeness 2
D25 Turns per Task 5
D26 Navigation Efficiency 5
D27  Tool Effectiveness 8
D31 Parse Success Rate 3
D32 Format Compliance 6
D33 Error Rate 6
D34 Autonomous Completion 12
D35 Graceful Degradation 9

Total 80

Cost data was tracked for Anthropic, Google, and
OpenAI models. The four OpenRouter-routed mod-
els (Kimi K2.5, Grok Code Fast 1, Qwen3-Coder,
Qwen3-Coder-Plus) did not have cost tracking avail-
able through the provider, so cost-derived dimensions
(D18, D19, D20) are excluded from their scoring and
marked N/T in cost columns.

7.2 Per-Role Decision Scores (CIP
Layer)

Table 13 presents the Decision Scores across all 12
models and 5 roles for the CIP layer. Each cell shows
the letter grade and numeric score. Models are sorted
by leaderboard score.

Table 10: Dataset statistics.

Attribute Count
Total tasks 406
True Positive tasks 203
Post-Patch tasks 203
Source projects 93
OWASP categories 8
Programming languages 10
Distinct CVEs ~203

Table 11: Vulnerability category distribution (TP +
Post-Patch).

Category OWASP Tasks
Broken Access Control ~ A01:2021 82
Cryptographic Failures A02:2021 64
Injection A03:2021 62
Improper Input Valida- Extended 58
tion

SSRF A10:2021 46
Auth Failures A07:2021 38
Data Integrity Failures A08:2021 36
Memory Safety Extended 20

Several patterns emerge from the data:

AT Actor is universally lenient. All 12 models
earn an A grade (77.9-87.5). This role places 36 of
80 weight points on Robustness, and most frontier
models parse and comply well. The narrow score range
(9.6 points from worst to best) indicates that current
models have largely solved the robustness challenges
this lens measures.

CISO is the strictest lens. Scores range from D
(45.2, Qwen3-Coder) to B (73.3, Gemini 3 Flash). This
role weights severity-weighted recall (D28, weight 10)
and critical miss rate (D29, weight 8), which sharply
penalize models that fail to detect high-severity vul-
nerabilities. Only 8 of 12 models achieve B or higher.

Head of Engineering favors different mod-
els. GPT-5.4 (A, 76.7), Qwen3-Coder (A, 76.3), and
Qwen3-Coder-Plus (A, 76.9) earn their highest grades
under this lens, while scoring C or D for the CISO.
This role rewards high precision (D3, weight 12), ac-
tionable findings (D8, weight 10), fast wall times (D21,
weight 7), and low cost (D18, weight 7). Models
with conservative prediction strategies (high precision,
lower recall) perform well here.

Leaderboard rank does not predict role rank.
Gemini 3 Flash leads both the leaderboard (49.6%)
and the CISO lens (73.3). But Claude Haiku 4.5 ranks
only 8th on the leaderboard (43.8%) yet scores 2nd for
the CISO (71.2), a jump of 6 positions. Conversely,



Table 12: Full leaderboard across CIP and TU layers,

= not tracked.

sorted by CIP score. Cost shown where tracked; N/T

Model CIP Score (%) CIP Cost TU Score (%) TU Cost
Gemini 3 Flash Preview 49.6 $15.87 44.2 $184.21
Gemini 3.1 Pro Preview 48.2 $44.81 45.8 $639.09
Claude Sonnet 4.6 47.6 $6.76 42.1 $359.76
Kimi K2.5 46.8 N/T - -
Gemini 2.5 Pro 46.2 $13.45 35.2 $57.91
Grok Code Fast 1 44.1 N/T 34.4 N/T
Gemini 2.5 Flash 44.3 $3.23 34.2 $4.46
Claude Haiku 4.5 43.8 $2.11 37.8 $104.06
Claude Opus 4.6 41.7 $7.56 39.0 $371.30
Qwen3-Coder-Plus 41.2 N/T 34.9 N/T
GPT-5.4 39.9 $2.97 31.1 $23.16
Qwen3-Coder 37.3 N/T 32.5 N/T

Table 13: Per-role Decision Scores (CIP layer). Grade thresholds: A > 75, B > 60, C > 50, D > 40, F < 40.

Sorted by leaderboard score (LB).

Model LB % CISO CAIO Researcher Head Eng. AI Actor
Gemini 3 Flash Preview 49.6 B (73.3) B (68.1) B (71.0) B (66.2) A (87.5)
Gemini 3.1 Pro Preview  48.2 B (67.5) B (67.0) B (65.7) B (63.8) A (85.7)
Claude Sonnet 4.6 47.6 B (65.7) B (68.4) B (64.2) B (73.9) A (85.6)
Kimi K2.5 468 B (68.0) B(67.8) B (67.0) B (65.1) A (86.4)
Gemini 2.5 Pro 462 B (66.2) B (67.9) B (65.2) B (71.3) A (86.3)
Grok Code Fast 1 441 C(58.7) B (67.5) B (60.2) B (73.0) A (83.8)
Gemini 2.5 Flash 443 B (61.3) B (67.9) B (61.1) B (72.3) A (84.9)
Claude Haiku 4.5 438 B (71.2) B (69.1) B (68.2) B (73.3) A (85.9)
Claude Opus 4.6 417  C(51.0) B (65.6)  C (55.6) B (72.9) A (80.2)
Qwen3-Coder-Plus 41.2 C (51.1) B (68.0) C (54.2) A (76.9) A (81.2)
GPT-5.4 309 D (484) B (67.0)  C (54.1) A (76.7) A (79.2)
Qwen3-Coder 37.3 D (45.2) B (64.0) C (52.9) A (76.3) A (77.9)

GPT-5.4 ranks 11th on the leaderboard but 2nd for
Head of Engineering.

CAIO scores are remarkably stable. All 12
models score B (64.0-69.1), the tightest band of any
role. The 5.1-point spread suggests that current mod-
els have comparable profiles on the balanced mix of
efficiency, capability, and robustness dimensions the
CAIO weights.

Figure 2 visualizes these patterns. The AI Actor
bars (purple) form a consistently high ceiling, while
the CISO bars (red) show the widest variation. The
Head of Engineering bars (yellow) rise on the right
side of the chart where conservative models (GPT-5.4,
Qwen3) appear, crossing over the CISO bars.

7.3 Per-Category Performance

Table 14 presents the top-3 and worst models by F1
for each vulnerability category in the CIP layer.
No single model dominates all categories. Six

different models lead at least one category. Gemini 3
Flash leads Cryptographic Failures and Data Integrity;
Haiku 4.5 leads Memory Safety and Input Validation;
Kimi K2.5 leads Broken Access Control and Auth
Failures; Gemini 3.1 Pro leads Injection; and Sonnet
4.6 leads SSRF.

SSRF is where Claude models excel. Sonnet
4.6 (0.690) and Opus 4.6 (0.689) rank #1 and #2
for Server-Side Request Forgery, while performing
worse on other categories. This suggests architecture-
specific strengths in reasoning about network request
patterns.

Authentication Failures is the hardest cat-
egory. The best F1 is only 0.585 (Kimi K2.5),
and Opus 4.6 scores 0.000 (a complete miss on all
authentication-related vulnerabilities in CIP mode).
This category likely requires multi-file reasoning about
authentication flows that is difficult from a single code
snippet.

Qwen3-Coder is consistently worst. It ranks

10
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Figure 2: Per-role Decision Scores for 12 models (CIP layer). Dashed lines mark grade thresholds: A > 75, B
> 60, C > 50. Models sorted by leaderboard score (left to right).

Table 14: Per-category F1 leaders and worst performers (CIP layer).

Category #1 (F1) #2 (F

1) #3 (F1) Worst (F1)

Broken Access Ctrl. Kimi K2.5 (0.667)

Gemini 3.1 Pro (0.660)

Cryptographic Failures
Auth Failures
Input Validation

Gemini 3 Flash (0.676)
Kimi K2.5 (0.585)
Haiku 4.5 (0.675)

Gemini 3.1 Pro (0.667)
Gemini 2.5 Pro (0.579)
Kimi K2.5 (0.649)

Gemini 3 Flash (0.647)
Haiku 4.5 (0.633)
Gemini 3.1 Pro (0.578)
Gemini 2.5 Flash (0.638)
Gemini 2.5 Flash (0.603)
Gemini 2.5 Flash (0.640)

Qwen3-Coder (0.128)
Qwen3-Coder (0.118)
Opus 4.6 (0.000)

Qwen3-Coder (0.125)
Qwen3-Coder (0.062)
Qwen3-Coder (0.308)

Injection Gemini 3.1 Pro (0.632) Gemini 3 Flash (0.618)
Memory Safety Haiku 4.5 (0.690) Gemini 3 Flash (0.667)
SSRF Sonnet 4.6 (0.690) Opus 4.6 (0.689)

Data Integrity Gemini 3 Flash (0.680)

Haiku 4.5 (0.679)

Qwen3-Plus (0.682)
Gemini 2.5 Flash (0.625)

Qwen3-Coder
Qwen3-Coder

last in 7 of 8 categories. Inspection of its outputs
reveals very high precision but near-zero recall: the
model rarely predicts “vulnerable,” so it misses almost
all true positives while avoiding false positives.

Haiku 4.5 punches above its weight. Despite
ranking 8th on the overall leaderboard, it leads Mem-
ory Safety (0.690) and Input Validation (0.675). The
CISO lens captures this: Haiku ranks 2nd (71.2) under
the CISO lens because these category strengths align
with the CISO’s severity-weighted recall priorities.

Per-language variation. Performance also varies
by language. For C code, Gemini 3.1 Pro leads
(F1 = 0.750) while Qwen3-Coder trails (0.100). For
JavaScript, Gemini 3.1 Pro again leads (0.684) while
Qwen3-Coder scores 0.000. For Go, Haiku 4.5 leads
(0.647) while GPT-5.4 trails (0.278).

Table 15 presents the complete model-by-category
F1 matrix, enabling readers to identify which model
is strongest for their specific vulnerability categories
of concern.

Figure 3 presents the complete F1 matrix as a
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heatmap, where green cells indicate strong perfor-
mance and red cells indicate weakness. The diagonal
pattern of strengths across models is visible: no single
column is uniformly green, confirming that category-
specific evaluation is necessary.

Category performance predicts role diver-
gence. Models with high recall across categories
(Gemini 3 Flash, Haiku 4.5) score well for the CISO,
whose D28 (Severity-Weighted Recall) and D29 (Crit-
ical Miss Rate) aggregate category-level detection.
Models with concentrated recall in a few categories
but high precision overall (GPT-5.4, Qwen3-Coder)
score well for the Head of Engineering, whose D3 (Pre-
cision) dominates at weight 12. This table reveals why
the same model can score 31 points apart under differ-
ent lenses: the CISO lens penalizes category-level gaps
visible in the Auth Failures and Injection columns,
while the Engineering lens rewards the global precision
visible in models that rarely flag code as vulnerable.

A~~~



Table 15: F1 score by model and vulnerability category (CIP layer). Bold indicates best-in-category. Italics

indicates worst. Models sorted by average F1.

Model BAC Crypto Auth Input Inj. Mem. SSRF D.Int. Avg
Gemini 3 Flash 0.647 0.676 0.444 0.627 0.618 0.667 0.667 0.680 0.628
Claude Haiku 4.5 0.586 0.633 0.545 0.675 0.507 0.690 0.667 0.679 0.623
Gemini 3.1 Pro 0.660 0.667 0.578 0.618 0.632 0.583 0.600 0.500 0.605
Kimi K2.5 0.667 0.567 0.585 0.649 0.517 0.609 0.644 0.529 0.596
Gemini 2.5 Pro 0.635 0.562 0.579 0.627 0.585 0.526 0.643 0.514 0.584
Claude Sonnet 4.6 0.590 0.625 0.514 0.571 0.518 0.526 0.690 0.537 0.571
Gemini 2.5 Flash 0.457 0.500 0.191 0.638 0.603 0.640 0.623 0.625 0.535
Grok Code Fast 1 0.530 0.367 0.529 0.561 0.440 0.588 0.667 0.414 0.512
Claude Opus 4.6 0.231 0.491 0.000 0.408 0.263 0.476 0.689 0.333 0.361
Qwen3-Plus 0.310 0.216 0.320 0.417 0.350 0.400 0.682 0.320 0.377
GPT-5.4 0.182 0.222 0.333 0.256 0.171 0.353 0.609 0.214 0.293
Qwen3-Coder 0.128 0.118 0.100 0.125 0.062 0.308 0.512 0.200 0.194

7.4 Category-Role Interaction

The relationship between per-category performance
and role scores explains many of the divergences in
Table 13. We highlight three instructive cases:

Case 1: Claude Haiku 4.5 (CISO 2nd, Leader-
board 8th). Haiku has the highest recall for Memory
Safety (0.909), Input Validation (0.966), and compet-
itive recall across Auth Failures (0.923) and SSRF
(0.800). The CISO lens rewards this broad, high-
recall coverage through D2 (Recall, weight 8) and
D28 (Severity-Weighted Recall, weight 10). Despite
lower precision (which the Engineering lens penal-
izes), Haiku’s category-level coverage makes it a strong
CISO pick.

Case 2: GPT-5.4 (Eng. 2nd, CISO 11th).
GPT-5.4 achieves high precision (0.800 on Broken
Access Control, 0.750 on Injection) but very low recall
(0.103 and 0.097 respectively). The Engineering lens
rewards this through D3 (Precision, weight 12) and
D33 (Error Rate, weight 6). The CISO lens penalizes
it through D28 (Severity-Weighted Recall), which
drops because GPT-5.4 misses the majority of true
vulnerabilities including critical ones.

Case 3: Opus 4.6 (Auth Failures blind spot).
Opus 4.6 achieves F1 = 0.000 on Authentication Fail-
ures (recall 0.000) while performing well on SSRF
(F1 = 0.689). The CISO lens captures this via D10
(Worst Category Floor, weight 6), which drives the
CISO score down to C (51.0). The AI Actor lens
is unaffected because it does not include D10, illus-
trating how dimension selection creates lens-specific
sensitivity to category gaps.

7.5 Cross-Role Divergence Analysis

We define the Role Divergence Index (RDI) for a
model m:
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Table 16: Role Divergence Index (CIP layer). Highest
and lowest scoring roles shown.

Model RDI Best Role Worst Role
Qwen3-Coder 31.1 AT Actor (77.9) CISO (45.2)
GPT-5.4 30.8 Al Actor (79.2) CISO (48.4)
Qwen3-Plus 30.1 AT Actor (81.2) CISO (51.1)
Opus 4.6 29.2 Al Actor (80.2) CISO (51.0)
Grok Code Fast 25.1 Al Actor (83.8) CISO (58.7)
Gemini 2.5 Flash ~ 23.6  AI Actor (84.9) Researcher (61.1)
Sonnet 4.6 19.9  AI Actor (85.6) Researcher (64.2)
Gemini 3.1 Pro 21.9 AI Actor (85.7) Eng. (63.8)
Gemini 2.5 Pro 20.1 AT Actor (86.3) Researcher (65.2)
Kimi K2.5 21.3 Al Actor (86.4) Eng. (65.1)
Haiku 4.5 16.8 Al Actor (85.9) CAIO (69.1)
Gemini 3 Flash 21.3 Al Actor (87.5) Eng. (66.2)

RDI(m) = max D™ (m) — min DM (m)  (4)

A high RDI indicates that the model’s perceived
value depends heavily on the stakeholder perspective.
Table 16 presents the RDI for each model.

Qwen3-Coder has the highest RDI at 31.1 points: it
earns A for Head of Engineering (76.3) and AT Actor
(77.9) but D for CISO (45.2). GPT-5.4 shows a similar
pattern with 30.8 points of divergence. These models
have conservative prediction strategies (high precision,
low recall) that satisfy engineering and autonomy
lenses but fail the CISO’s severity-weighted recall
requirements.

Haiku 4.5 has the lowest RDI at 16.8 points, indi-
cating the most balanced profile across stakeholder
perspectives. Its strong performance on both detec-
tion accuracy and operational dimensions produces
consistent grades (B across all non-Al-Actor roles).

The worst-scoring role is nearly always the CISO
(for 7 of 12 models), while the best-scoring role is
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Figure 4: Role Divergence Index per model (CIP
layer). Red = high divergence (>28), yellow = moder-
ate (>22), blue = low. Higher RDI means the model’s
value depends more on stakeholder perspective.

always the AI Actor. This structural asymmetry
reflects the current state of frontier models: parse
reliability and format compliance (which the AT Actor
lens weights heavily) are largely solved, while severity-
aware vulnerability detection (which the CISO lens
weights heavily) remains challenging. Figure 4 visual-
izes the RDI distribution.
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7.6 CIP vs. Tool-Use Layer Analysis

We evaluated models on both CIP and TU layers.
Tool-Use runs show several consistent patterns:

e Lower leaderboard scores. The top CIP score
is 49.6% (Gemini 3 Flash) vs. 45.8% (Gemini 3.1
Pro) for TU. Tool-use adds complexity: models
must navigate repositories, choose which files to
read, and synthesize information across multiple
turns.
Higher cost. TU runs are 10-100x more expen-
sive than CIP. Gemini 3.1 Pro costs $0.111/task
in CIP but $1.578/task in TU. Claude Haiku 4.5
costs $0.005/task in CIP but $0.256/task in TU.
o Additional dimensions available. TU runs
enable location accuracy (D7, D8) and tool-use
dimensions (D24-D27), providing a richer signal
for roles like Security Researcher and Al-as-Actor.

Table 17 presents the TU layer role scores for all
11 models evaluated on tool-use. Comparing against
the CIP scores in Table 13 reveals that TU scores are
generally lower for the CISO and Researcher but more
stable for AT Actor. Gemini 3.1 Pro Preview achieves
the highest TU CISO score (B, 69.4), surpassing its
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CIP CISO score (B, 67.5), one of the few models where
TU improves role-specific performance.

The CIP layer provides a cost-effective baseline eval-
uation; the TU layer adds depth at a substantial cost
premium. For cost-sensitive deployments, CIP eval-
uation alone may be sufficient, while organizations
investing in agent-based security tools should evalu-
ate on TU to capture tool-use quality. The TU layer
reveals a key difference from CIP: the Head of Engi-
neering scores drop sharply (most models score D),
driven by high cost per task (D18) and slow wall times
(D21) inherent to multi-turn tool-use evaluation.

7.7 Cost and Efficiency Analysis

Cost was tracked for 8 of 12 models (Anthropic,
Google, and OpenAlI). Table 18 presents the CIP
cost data.

Figure 5 plots cost per task against leaderboard
score for the 8 cost-tracked models, revealing dimin-
ishing returns at higher price points.

GPT-5.4 delivers the best quality-per-dollar.
At $0.007/task, GPT-5.4 achieves an MCC/$ ratio of
0.042, the highest among tracked models. Its low cost
makes it attractive for the Head of Engineering lens,
which weights D18 (Cost per Task) and D20 (MCC
per Dollar).

Cost does not predict accuracy. Gemini 3.1
Pro costs 15x more than GPT-5.4 per task but scores
only 8.3 leaderboard points higher (48.2% vs. 39.9%).
Gemini 3 Flash Preview, the top performer, costs
5.3x more than GPT-5.4.

Throughput varies widely. GPT-5.4 processes
15.1 tasks per minute while Gemini 3.1 Pro manages
only 0.7 TPM, a 21x gap. For CI/CD integration
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where latency matters, this difference is significant.
The Head of Engineering lens captures this via D22
(Throughput, weight 5).

Haiku 4.5 is the cheapest option. At
$0.005/task ($2.11 total for 406 tasks), Haiku is the
most economical model. Projected to 10K tasks/year,
this amounts to roughly $52. Despite its low cost,
Haiku scores B (71.2) for the CISO, outranking mod-
els that cost 3-20x more. This makes Haiku a strong
candidate for organizations running frequent security
scans on a budget.

TU layer costs are substantially higher. Gem-
ini 2.5 Flash, the cheapest TU option at $0.011/task,
still costs 37% more than its CIP equivalent. At the
high end, Gemini 3.1 Pro costs $1.578/task in TU
($639.09 total), a 14x increase over its CIP cost. To-
ken consumption drives this: TU runs for Haiku 4.5
average 236K tokens/task vs. roughly 2.8K in CIP, an
84x increase due to multi-turn repository navigation.

Cost tracking limitation. The four OpenRouter-
routed models (Kimi K2.5, Grok Code Fast 1, Qwen3-
Coder, Qwen3-Coder-Plus) did not report cost data.
Their cost-derived dimensions (D18, D19, D20) are
excluded via the dynamic denominator adjustment
in Equation 2. This means their CAIO and Head
of Engineering scores reflect fewer dimensions than
models with cost tracking, which should be considered
when comparing across providers.

7.8 Dimension Sensitivity Analysis

To identify which dimensions drive model differentia-
tion for each role, we compute the Impact score:

(r)

Impact;

()

This product of weight and cross-model variance
identifies dimensions that both matter to the role
(high weight) and differentiate between models (high
variance).

For the CISO, the highest-impact dimensions are
D28 (Severity-Weighted Recall, weight 10) and D29
(Critical Miss Rate, weight 8), which have high cross-
model variance because some models detect most crit-
ical vulnerabilities while others miss them entirely. D1
(MCC, weight 10) also contributes high impact.

For the Head of Engineering, D3 (Precision,
weight 12) and D8 (Actionable Finding Rate, weight
10) drive differentiation. Models with conservative
prediction strategies (Qwen3-Coder, GPT-5.4) achieve
near-perfect precision, while models with higher recall
but lower precision (Gemini 3 Flash) score lower on
these dimensions but higher on D2 (Recall, weight 5).

For the AI Actor, variance is low across all Ro-
bustness dimensions (most models parse well), so the

= wzm - Var, [sim)]



Table 17: Per-role Decision Scores (TU layer). Grade t
Sorted by TU leaderboard score.

hresholds: A > 75, B > 60, C > 50, D > 40, F < 40.

Model LB % CISO CAIO Researcher Head Eng. AI Actor
Gemini 3.1 Pro Preview 458 B (69.4) C (56.1) B (65.0) D (44.5) A (75.4)
Gemini 3 Flash Preview  44.2 B (68.9) C (55.9) B (64.1) D (44.5) B (73.7)
Claude Sonnet 4.6 42.1 B (66.3) C (56.1) B (60.6) D (43.9) B (74.7)
Claude Opus 4.6 390 C(56.0) C (55.6)  C (53.9) D (43.8) B (71.7)
Claude Haiku 4.5 378 B (66.5) C (57.1) B (60.3) D (47.8) B (72.8)
Gemini 2.5 Pro 352 C(59.7) B (64.4)  C (55.2) C (52.0) A (79.7)
Qwen3-Coder-Plus 34.9 C (56.4) B (63.7) C (50.9) C (54.1) A (76.7)
Grok Code Fast 1 344  C(55.5) B (64.3) C (50.9) C (50.6) A (76.6)
Gemini 2.5 Flash 342 C(56.0) B (67.4)  C (52.4) C (56.3) A (81.0)
Qwen3-Coder 32.5 D (48.9) C (59.7) D (48.2) C (53.2) B (70.8)
GPT-5.4 311 D (45.2) B (64.2) D (48.6) B (60.8) A (75.6)

Table 18: CIP layer cost analysis (8 models with cost
tracking).

Model $/task Total MCC/$ TPM
Haiku 4.5 $0.005 $2.11 0.019 9.8
GPT-5.4 $0.007 $2.97 0.042 15.1
Gemini 2.5 Flash $0.008 $3.23 0.031 4.1
Sonnet 4.6 $0.017  $6.76 0.025 4.4
Opus 4.6 $0.019 $7.56 0.009 7.3
Gemini 2.5 Pro $0.033  $13.45 0.011 2.2
Gemini 3 Flash $0.039  $15.87 0.009 0.9
Gemini 3.1 Pro $0.111  $44.81 0.004 0.7

Detection dimensions D1 (MCC, weight 10) and D4
(F1, weight 7) drive the modest differentiation that
exists within the A-grade band.

8 Discussion

8.1 Limitations

Weight subjectivity. The weight vectors, while in-
formed by domain expertise and industry frameworks,
involve judgment. Different organizations may priori-
tize differently within the same role. We address this
by storing profiles in YAML files that organizations
can customize. Adding or modifying a role requires
only a new YAML file specifying the dimension subset
and weights.

Single-run evaluation. Without multi-run data,
we cannot estimate confidence intervals on dimension
scores. Dimensions computed from small subsets (e.g.,
Memory Safety with only 20 tasks, or rare CWE
categories) may have high variance not captured in a
single run.

No SAST FP tasks. The current dataset contains
no SAST false-positive tasks, so D13 (SAST FP Fil-
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tering) is always excluded. This dimension would be
valuable for evaluating a model’s ability to distinguish
tool-reported false alarms from real vulnerabilities.

Dataset size for rare categories. While 406
tasks is substantial, some categories have few tasks
(Memory Safety: 20, Data Integrity: 36). Per-category
metrics for these smaller groups carry wider implicit
confidence intervals.

Paired task design. The balanced TP /post-patch
design means that True Negative Rate (D5) and re-
lated specificity measures may be inflated relative to
real-world scanning, where the ratio of vulnerable to
non-vulnerable code is far more skewed.

Cost tracking gaps. Cost data was unavailable
for 4 of 12 models (those routed via OpenRouter).
This limits cost-efficiency analysis to 8 models and
means that cost-derived dimensions are excluded for
the remaining 4, reducing the effective dimensionality
of their role scores.

Severity data on TP tasks only. Severity anno-
tations (Critical, High, Medium, Low) exist only for
true positive tasks. Post-patch tasks carry no severity
label, so severity-weighted dimensions (D28-D30) are
computed over the TP subset only.

8.2 Implications for Model Selection

Our results carry practical implications for organiza-
tions evaluating LLMs for security use:

No universal “best model” exists. Gemini
3 Flash Preview leads the aggregate leaderboard
(49.6%), but Claude Haiku 4.5 is a better choice for
a CISO (71.2 vs. 73.3) despite ranking 6 places lower
overall. GPT-5.4, ranked 11th on the leaderboard, is
the top choice for engineering teams (A, 76.7) and de-
livers the best cost-quality ratio ($0.007/task, MCC/$
= 0.042). Model selection must be anchored to the
decision-maker’s priorities.



Conservative models suit engineering; ag-
gressive models suit security. Models with high
precision and low recall (Qwen3-Coder, GPT-5.4) ex-
cel for the Head of Engineering, who values actionable
findings and low false-positive rates. Models with
high recall and broader detection (Gemini 3 Flash,
Haiku 4.5) excel for the CISO, who values coverage
and severity-aware detection. The same behavioral
trait, conservative prediction, is a strength for one
stakeholder and a weakness for another.

CIP evaluation is sufficient for most decisions.
The CIP layer captures 65-70% of the framework’s dis-
criminative power at 10-100x lower cost than TU. For
organizations primarily concerned with detection qual-
ity, reasoning, and cost, CIP-based role scores provide
actionable guidance. The TU layer adds value mainly
for Al-as-Actor and Security Researcher evaluations,
where tool-use and location dimensions matter.

Category-specific weaknesses drive CISO fail-
ures. The CISO lens penalizes blind spots. Opus 4.6
scores 0.000 F1 on Authentication Failures; Qwen3-
Coder achieves F1 below 0.13 on 4 of 8 categories.
These category gaps, invisible in aggregate scores, de-
termine whether a model can be trusted in a security
program.

8.3 Comparison with Concurrent

Work

Several benchmarks published concurrently address
related but distinct problems. SecVulEval [Lu et al.,
2025] is the largest single-language benchmark (25K
C/C++ samples), but its scope is limited to C/C++
and it produces a single F1 score. SEC-bench [Lee
et al., 2025] evaluates LLM agents on exploit gen-
eration and patching, tasks complementary to the
detection focus of SecLens-R. TOSSS [Damie et al.,
2026] frames detection as binary snippet selection,
whereas SecLens requires CWE classification, location,
and evidence generation, enabling richer dimension
computation.

Our contribution is orthogonal: we do not propose
a new detection benchmark, but a scoring layer that
transforms any detection benchmark’s per-task results
into stakeholder-specific evaluations. The SecLens-R
dimensions could be computed over SecVulEval or
TOSSS results with minimal adaptation, provided
those benchmarks emit per-task verdict, CWE, and
location fields.

8.4 Future Work

Custom organizational profiles. The YAML-
based architecture makes it straightforward to define

custom roles. An interactive profile editor could help
security teams create weight vectors aligned with their
specific risk appetite and operational constraints.

SAST FP task collection. Curating a set of
SAST-flagged but manually-confirmed non-vulnerable
code samples would enable D13 and provide a direct
measure of a model’s ability to filter static analysis
noise.

Multi-run evaluation. Evaluating each model
multiple times with different seeds would yield con-
fidence intervals on dimension scores and enable a
cross-run stability dimension.

Expanded model coverage. Testing additional
open-weight models (e.g., DeepSeek, Llama) and spe-
cialized security models would broaden the analysis.
Running open-weight models locally would also re-
solve the cost tracking gap for OpenRouter-routed
evaluations.

Temporal tracking. Evaluating successive model
versions (e.g., Claude Sonnet 4.5 — 4.6) on the same
dataset would enable regression risk assessment and
capability progress tracking across role lenses.

Cross-benchmark integration. Applying the
SecLens-R scoring layer to results from other bench-
marks (SecVulEval [Lu et al., 2025], SEC-bench [Lee
et al., 2025], TOSSS [Damie et al., 2026]) would test
whether role-specific divergence generalizes beyond
the SecLens dataset and task format.

9 Conclusion

We have presented SecLens-R, a multi-stakeholder
evaluation framework for LLM-based security vulner-
ability detection. The framework defines 35 shared
evaluation dimensions across 7 categories, applied
through 5 role-specific weight profiles where each role
selects 12-16 dimensions with weights summing to 80.

We evaluated 12 frontier models on 406 tasks span-
ning 93 projects, 10 programming languages, and 8
OWASP-aligned vulnerability categories. The results
demonstrate that single-score benchmarks obscure
information that matters for organizational decisions:

e Decision Scores diverge by up to 31 points across
roles for the same model. Qwen3-Coder earns A
(76.3) for Head of Engineering but D (45.2) for
CISO.

e GPT-5.4 earns A for Head of Engineering (76.7)
but D for CISO (48.4), driven by its conservative
prediction strategy (high precision, low recall on
critical vulnerabilities).

e Leaderboard rank does not predict role-specific
rank. Claude Haiku 4.5, ranked 8th overall, scores
2nd for CISO (71.2).
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¢ No single model dominates all vulnerability cate-
gories. Six different models lead at least one of
the 8 OWASP-aligned categories.

e The AI Actor lens shows all models earning A
grades, while the CISO lens shows grades ranging
from D to B, confirming that model robustness
is largely solved but severity-aware detection re-
mains challenging.

The YAML-based weight profiles enable organiza-
tional customization: teams can adjust or create roles
to match their specific risk appetites and operational
priorities. The framework integrates directly with
the SecLens evaluation pipeline, consuming existing
per-task result records without requiring any modifi-
cations to the underlying benchmark.

We release the full implementation as open-source
software to support organizational adoption and com-
munity extension.
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