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Abstract

In September 2026 TypeSafe AI released Jev, a hosted “System One” model that answers typed questions
about a text state with a probability distribution over declared options instead of generated text. Within
a week a first wave of preprints evaluated it, built open alternatives and embedded it in judges, agents,
annotation pipelines and edge systems. We review this evidence as it stood on 24 Sep 2026: 17 core stud-
ies, 1 peripheral study and 53 background references, extracted into 75 claim-level evidence records with
locators, measurement scopes and sample sizes, plus an openness audit of 33 implementation and evalua-
tion resources. Seven findings emerge. A type-valid answer can still be wrong: rebinding option names to
rubrics lowered hosted Jev’s AUROC from .8146 to .5806 with zero type errors. A native probability makes
calibration measurable, not guaranteed: reliability varies by task and construct, and recalibration on held-
out labels helps. The most consistent use is a cheap first pass with confidence-gated escalation, whose value
depends on thresholds set on separate data and on strong cheap baselines. Speed and cost figures come
from incompatible measurement scopes. Open implementations reproduce the interface through at least
six non-equivalent mechanisms, none of which establishes the commercial architecture. System-level gains
need module-level attribution. And the evidence is young, clustered and unreplicated. We contribute a
versioned evidence base, a synthesis that keeps incomparable numbers apart, an implementation and open-
ness audit, and a proposed evaluation protocol. We compare the work with a prior public survey draft and
make no priority claim.

1 Introduction
Many software decisions are small and bounded: route a ticket, accept or escalate a judgment, pick the
next tool, code a variable from a narrative. Large language models can make such decisions, but they return
strings thatmust be parsed, validated and retried, and their stated confidence is usually a verbalised estimate
rather than a probability the program can threshold [1, 2]. Typed decision models change the contract. The
caller declares the admissible answers; the model returns one of them together with a probability for every
option; no free text is generated, so a parse failure is impossible by construction.

TypeSafe AI’s Jev, released in early access on 15 September 2026, made this contract prominent [3]. Its
launch materials describe a “new class of frontier models” optimised with “Reinforcement Learning for Cal-
ibrated Decisions” and report end-to-end responses of 70–500 ms at $0.042 per million input tokens [3, 4].
Between 19 and 23 September 2026, 17 arXiv preprints evaluated Jev, built open Jev-like models, or used
typed decisions inside larger systems. The claims in this literature range from schema validity to calibration,
cost, latency and end-task success; the measurement protocols range from 20 curated scientific choices to
499,500 crash narratives.

A public survey draft, Decisions, Not Tokens, dated 21 September 2026, already places typed decisions in
the history of classification, calibration, selective prediction and routing, and proposes a five-dimensional
taxonomy and four evaluation layers [5]. Its bibliography at the pinned commit contains none of the core
preprints reviewed here. This survey therefore does something different: it is an empirical survey and
evidence audit of the first wave, organised so that incomparable numbers stay apart.

We keep three objects distinct throughout: (A) the commercial model, TypeSafe’s hosted Jev, whose
architecture and training data are undisclosed; (B) the paradigm, Jev-like typed decision models and read-
outs built by others; and (C) systems whose results depend on typed decisions. A result about one is not
evidence about another.

We ask six questions. RQ1 (definition and lineage): how do runtime-defined finite-option decisions re-
late to classifiers, zero-shot labelling, rerankers, rewardmodels and constrained generation? RQ2 (probabil-
ity quality): what do returned probabilities and confidencemean, andwhere do they hold? RQ3 (efficiency
attribution): how much of a speed or cost gain comes from the readout, and how much from model size,
batching, prefix sharing, caching or the network? RQ4 (selective control): which decisions can be delegated,
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and when should software escalate, abstain or defer to code? RQ5 (robustness): how do option names, or-
der, rubric binding, missing options, language and distribution shift change decisions? RQ6 (openness):
what do alternatives release, and how much of the literature survives a common protocol?

Our contributions are concrete artefacts rather than claims of priority:

1. A versioned evidence base of 71 references and 75 evidence records. Each record carries a source locator,
evidence type, test level, measurement scope, sample size andmodel version, with explicit reasons where
a value is missing (§3).

2. A synthesis into seven findings, each listing supporting and qualifying evidence (§7). Study families are
synthesised once, and nothing is pooled across incompatible scopes.

3. An implementation lineage of six readout families and an openness audit that separates code, weights,
data, raw predictions, recomputability and reproduction (§6, §9).

4. A catalogue of failuremodeswith sources andmitigations (§8), and aproposed evaluationprotocolwhose
first experiment targets the intersection of name binding, calibration and escalation (§10).

5. A public website, generated README, BibTeX and CSV exports, all produced from the same data by
scripts with validation and link checks.

2 Scope, definitions and what is documented
2.1 The interface
A caller sends a state (a string, JSON object or array of text values) and amap of typed questions; the model
evaluates every question independently against the shared state and returns one answer per question [6, 7].
Three primitives exist. A Choice selects among named options, each defined by a description; the answer
includes the chosen option, a probability for every option and a confidence value. The launch post states
support for up to 255 options, with a two-stage procedure for high cardinality [3]. A Score places the answer
on two to ten ordered, described levels; it returns a position that may fall between levels, probabilities per
level and confidence. The vendor warns against interpolating exact magnitudes from it [8]. ANoul returns
the probability that a yes/no proposition holds and carries no separate confidence [7, 9].

At the cutoff the documented model was jev-1.13.0. The aliases jev-latest and jev-preview both
pointed to it, and the vendor advises pinning the versioned ID when thresholds are tuned to a version [4].
Input is text only; images, audio and video must first be converted to text or structured fields, and English is
the primary training language [4, 6]. Visual Jev and JEVQA, discussed below, do not change this: one is an
independent model and the other feeds text features to hosted Jev.

2.2 Probability semantics
Probabilities and confidence are different objects. The documentation defines confidence as a statistic com-
puted from the returned distribution and recommends thresholds tested on the user’s own data [9]. The
exact statistic is not specified in prose; an interactive demo on the documentation page computes a nor-
malised maximum probability and labels it as how that demo computes confidence. We therefore do not treat
the demo formula as the production implementation. Empirically, one study found that native confidence
ranked items almost exactly like the maximum label probability (Spearman 0.948–0.999) [10]. The vendor
also states that calibration is measured across groups of predictions and does not guarantee that an indi-
vidual answer is correct [11]. Two independent sources observe that probabilities are returned on a 0.01
grid, which bounds calibration error for rare events from below and can put exactly zero on a correct answer
[12, 13].

2.3 What is not disclosed
The launch post names a new architecture, a parallel sampler and the RLCD training method, and the docu-
mentation says one set of weights serves every account without per-customer fine-tuning [3, 4]. The archi-
tecture, training data and objective are not published. Community reconstructions exist; Kev, for example,
follows an architecture described in a third-party blog post. They remain speculation and are not evidence
about the commercial model [14].
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2.4 Vendor claims as hypotheses
The headline “193.6× faster, 444.6× cheaper” comes from the vendor’s workflow evaluations. Their reference
answers average two external frontier models; the vendor expects the gains to be at the high end of real-
world use and notes that its own capabilities team wrote the workflows [3]. The plotted 0% type-error rate
is described as analytical rather than empirical, and latency figures were measured from the vendor’s West
Coast laptops [3]. We record these as vendor claims, not as evaluations.

2.5 Names that collide
Several names mean different things. TypeSafe’s System One borrows Kahneman’s System 1 metaphor, but
System 1/2 reasoning literature predates the product and is broader [15]. RLCD in the Jev context expands to
Reinforcement Learning for Calibrated Decisions and is unrelated to RLCD, Reinforcement Learning from
Contrastive Distillation (2023); one core study makes the same distinction [16]. OpenJev names three dif-
ferent things: the former name of SemIf (a frozen-decoder readout), a DiffusionGemma server, and the
“Open-Jev” of one paper’s title (JevLite) [17–19]. Visual Jev is independent research, not a TypeSafe release
[20]. One repository called a “synthetic survey” is a questionnaire experiment [21]. Adjacency in name
implies neither the same algorithm nor copying.

3 Review method
3.1 Search
The snapshot of 23 September 2026 ran 17 accepted arXiv API queries. They returned 225 hits and 197 unique
records after de-duplication by unversioned arXiv ID (Appendix A). Queries combined the brand and inter-
face vocabulary (jev, typesafe, “System One”, “typed decision”, “calibrated decisions”) with open-model
names, survey terms and a date-bounded “decision model” query. The last matters: arXiv all: searches
metadata rather than full text, and it found a core study that brand-name queries missed [16]. One com-
pound query reported 1,232,608 results andwas stopped by rate limiting; it was rejected rather than screened
and replaced by narrow title/abstract queries. Six background references came from these queries and 38
more were retrieved by explicit ID as a purposive seed for theory and baselines.

A same-day increment re-ran all 17 queries. The totals were identical. It then added 19 expansion queries
on interface vocabulary and open-model names; four were rejected by rule because the API parsed their
phrases so loosely that they returned thousands of records. It screened 128 new records by title and abstract
and added 9 as background references. No new core study appeared, which is expected: arXiv announces
new submissions around 00:00 UTC. For repositories, five GitHub searches produced 1,082 unique discovery
results. From these we audited 81 catalogues and research guides (79 READMEs at pinned commits) and 33
priority implementation and evaluation resources. The 4,666 outgoing links found in catalogue READMEs
are kept as unverified candidates and never counted as projects.

3.2 Eligibility
A study is core if it evaluates TypeSafe Jev, a clearly identified Jev-like typed-decision implementation, or a
systemwhose contribution materially depends on such decisions. Peripheral studies fall within reach of the
scope but rest on contested, self-reported claims; they stay visible but are not pooled. Background references
are adjacent methods with a stated role. We excluded namematches (Japanese encephalitis, JEPA, unrelated
uses of “TypeSafe”, other expansions of RLCD) and generic System 1/2 work without a typed-decision link.

3.3 Reading depth and extraction
We read the core and peripheral studies in full, checking key tables and limitation sections. Background
references were checked against metadata and abstracts; one reranker paper was spot-checked in full [22].
Repository evidence comes from READMEs at pinned commits and 12 source files read in 10 repositories.
Nothing was executed and no experiment was re-run.

Each checkable statement became an evidence record. A record stores its subject, text, headline and
source locator, and an evidence type: author-reported experiment, vendor documentation, vendor-reported
result, community report, or code/README inspection. It also stores the metric, value and baseline; the
sample size, model version and hardware, each with a reason when unknown; the test level (model test,
system test, hybrid, simulation); and themeasurement scope (single request, amortized per question, batch,
end to end, simulation, author estimate, vendor claim). Each record links to the findings of §7 as supporting or
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qualifying evidence. Openness is recorded as six independent fields per study: code visible, weights available,
data available, raw predictions available, recomputable, independently reproduced.

3.4 Synthesis and its limits
Tasks, metrics, binning and scopes are heterogeneous, so we pool nothing and rank nothing. Findings are
stated at the strength their records allow, with qualifying records listed beside supporting ones. The two
edge-orchestration studies share authors and a service path, so they form one study family [23, 24]. The
review was carried out by one AI-assisted reviewer and is not a registered or PRISMA-compliant systematic
review; §12 lists what this implies.

4 Related surveys and positioning
Decisions, Not Tokens treats machine-native decision models broadly, from classical classifiers to Jev [5]. It
offers an operational definition, a five-dimensional taxonomy (output contract, inference mechanism, learn-
ing objective, uncertainty interface, system control), four evaluation layers and a fair replication protocol.
We adopt its separation of structural validity, semantic correctness, probabilistic reliability and decision util-
ity, and credit it for that framing. The differences are empirical and procedural. At its pinned commit the
draft lists search sources and keyword families but publishes no query log or screening decisions, and it cites
none of the core preprints. Its failure analysis is conceptual, and its figures are labelled conceptual illustra-
tions. This survey adds the evidence records, a synthesis that keeps scopes apart, an implementation and
openness audit, and a data pipeline that regenerates every table. A dimension-by-dimension comparison is
maintained in the repository (docs/related-surveys.md). Because both documents are working drafts, the
comparison describes pinned versions and may change.

Adjacent surveys cover uncertainty quantification and calibration in LLMs [2], the move from System 1
to System 2 reasoning [15], efficient reasoning under budgets [25] and decision-focused learning [26]. None
of them addresses typed decision APIs. Community catalogues and evidence guides helped with discovery
but are not evidence in themselves.

5 Lineage and an analytical frame
5.1 Lineages
Typed decisions recombine long-standing ideas. Discriminative classification with bidirectional encoders
[27, 28], few-shot classifiers [29] and generalist lightweight classifiers [30, 31] are the natural baselines, and
zero-shot labelling via label descriptions anticipated runtime-defined options [32]. Task-agnostic discrimina-
tivemodules [33] and domain probabilistic decision systems such as SalesRLAgent [34] predate the product.
They establish context, not shared architecture or priority. Calibration and temperature scaling [35] and the
failure of calibration under shift [36] frame every probability claim, alongside the gap between models’ self-
knowledge and verbalised confidence [1], semantic uncertainty [37] and RL-trained confidence expression
[38]. Selective prediction [39, 40], learning to defer [41] and conformal methods [42, 43] supply the theory
of acting on confidence. Decision-aware calibrationmeasureswhatmatters downstream [44–47]. Structured
output research shows that constrained decoding guarantees validity but not semantics [48–50], that prefix
sharing and scheduling yield their own speed-ups [51], and that schema compliance and forced forms need
their own benchmarks [52–54]. Judges and rewardmodels [55–57], routing and cascades [58–61] and label
and format sensitivity [62–64] complete the background.

5.2 Five places a claim can live
We read each study by where its claim sits on the path from a declared question to a workflow outcome
(Table 1). This is an analytical organisation for comparing evidence. It is not the internal architecture of any
model, and we do not claim it as the first such taxonomy.

6 Implementation families
Implementations share the request and response shape, not the mechanism that produces the probabilities.
We distinguish six families by their readout (Table 2).
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Table 1: Five places a claim can live: an analytical organisation, not a model architecture.

Stage Question Evidence to look for Studies

Decision contract What exactly is being asked, and what may the
answer be?

Type validity; name and order invariance;
closed-set failure when the right option is miss-
ing.

6

Inference & readout How is a distribution over the declared options
produced?

Same-backbone ablations; readout geometry;
what is and is not disclosed.

5

Probability & calibra-
tion

What does a returned probability or confidence
mean, and for which population?

Per-task reliability, high-confidence errors, recal-
ibration on held-out labels.

7

Selective control When should software act, ask, escalate or ab-
stain?

Coverage at fixed risk; escalation rate; thresh-
olds chosen on a separate selection set.

6

Downstream use Does the whole workflow get better, cheaper or
faster?

System-level baselines; module attribution;
matched measurement scope.

16

Table 2: Six readout families. Compatible interfaces do not imply equivalent mechanisms.

Family Principle Public Boundary

Hosted System One
service

A closed, hosted model returns a
distribution over declared options
for each typed question about a
shared text state.

Interface, primitives, pricing, lim-
its, versioning and known failure
modes are documented; architec-
ture, training data and the exact
confidence statistic are not.

Black-box evaluation only; the
served model can change behind
aliases; text-only input.

Encoder decision
heads

A bidirectional encoder reads state,
question and options together; a
head scores each option and a soft-
max is taken over the legal set.

Weights and inference code for
Laya; the readout geometry
(marker token vs span mean)
changes name sensitivity.

Short context windows; option-
name polarity can dominate the
rubric; adjacent to GLiClass, SetFit
and NLI zero-shot classifiers.

Frozen decoder op-
tion readout

An unmodified causal LM is
prompted once and the next-token
logits of single-token option labels
are renormalised over the declared
options.

Fully open and training-free; the
natural low-cost baseline for any
trained decision model.

Raw logits are order-sensitive and
poorly calibrated without correc-
tion; label tokenisation matters.

Fine-tuned decoder
decision models

A decoder is adapted (LoRA or full
fine-tuning) so that a designated
position or pointer head yields cal-
ibrated option probabilities in one
pass.

Several release weights, training
code and evaluation data; lineages
exist (this-that-model is adapted
from decider-2b).

Gains may come from task cov-
erage in training; derived check-
points are not independent meth-
ods.

Diffusion struc-
tured readout

A discrete diffusion LM is seeded
with the answer template; after one
denoising step, the distribution at
each answer slot is read directly.

Open serverswith a Jev-compatible
wire API; depends on request ex-
tensions proposed in an unmerged
vLLM PR.

A different mechanism from last-
token decoder readout; custom
entropy-based confidence.

Generative & con-
strained adapters

A general LLM is asked (often un-
der JSON-schema constraints) to
emit a decision and probabilities,
which are validated and returned
in Jev-shaped responses.

Wire compatibility for controlled
comparisons; probabilities are gen-
erated or verbalised, not read from
logits.

Interface compatibility is not mech-
anism equivalence; retries, parsing
and self-reported probabilities re-
main.

Hosted service. TypeSafe’s Jev documents its interface, prices, limits, versions and known failure modes.
It is observable only as a black box that can change behind aliases.

Encoder decision heads. Laya usesModernBERT-large andmmBERT-base checkpointswith a router and
reports 33 ms per question on a T4 in its README [65]. The option-binding study audits two open encoder
heads, one scoring a marker token and one mean-pooling the option span, and shows that readout geometry
sets how much the option name can matter [66].

Frozen decoder readouts. SemIf reads option-token probabilities from an unmodified open model and
states that it reproduces the interface pattern, not Jev’s model or training [17]. AnyJev adds label-free per-
mutation calibration. For a frozen Qwen3-8B on BANKING77 (n = 300) it reports that flips under option
reversal fall from 0.230 to 0.073 and that the share of items decidable at ≤5% error rises from 7.7% to 52.0%
with 100–500 labels [67]. These training-free readouts are the natural low-cost baseline for any trained deci-
sion model.

Fine-tuned decoder models. Kev (0.8B–9B, Qwen3.5 with LoRA and a pointer head), decider (Qwen3.5
2B/4B/35B), this-that-model-1.0 (adapted from decider-2b), NanoJev (0.6B), Bespoke Nimble (9B), JevLite
and Visual Jev train a decoder so that a designated position yields calibrated option probabilities in one
pass [14, 19, 20, 68–71]. Two same-backbone ablations locate the gain. JevLite’s two-label readout decides
4.9× faster than the same Qwen3-4B fine-tuned to generate its answer [19]. In Visual Jev, a matched typed
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15 Sep 16 Sep 17 Sep 18 Sep 19 Sep 20 Sep 21 Sep 22 Sep 23 Sep 24 Sep

Replacing LLMs with Jev at the Edge
Intent-Driven 6G Edge Orchestration

this-that-model-1.0
Open-Jev on CallScreenBench

Jev-Mem
Calibrated Decisions at Scale

JEVQA
Decision Models for CSS Annotation

Jev for Scientific Decisions
Universal Fractal Decision Map

Visual Jev
REFLEX with Jev

JEV-as-a-Judge
Type-Safe Is Not Error-Free

JEV-Star
KITE

Jev as a Radiology Report Judge
Jev on Contract Inference

Jev launch
Vendor limits page

last reviewed
Prior survey
draft dated Cutoff

Evaluates hosted Jev
Independent Jev-like model

Uses Jev inside a system
Peripheral (open marker)

Figure 1: Submission dates of the core and peripheral studies (arXiv v1) against context events, by primary relationship
to Jev.

head brings no consistent accuracy advantage over reading the LM head [20]. Derived checkpoints are
not independent methods: this-that-model’s own paper records its lineage from decider-2b and its reuse of
NanoJev’s recorded cohort [69].

Diffusion structured reads. djev and OpenJev seed a discrete diffusion model’s canvas with the answer
template and read each answer slot after one denoising step. They rely on request extensions proposed in
an unmerged vLLM pull request and define their own confidence [18, 72].

Generative adapters. TypeSafe’s official adapter routes typed questions to general LLM APIs for com-
parisons [73]. LocalJev asks a model for JSON probabilities, then validates, retries and normalises them; its
README calls the result wire-compatible but “not mathematically equivalent” to a logit read [74].

The implication for RQ1 and RQ6 is direct. The interface can be reproduced by at least six mechanisms
whose probabilities mean different things, and none of them reveals how the commercial model works.

7 Evidence synthesis
7.1 The evidence base
The core studies appeared between 19 and 23 September 2026, beginning four days after the launch (Figure
1). Relationships overlap: 12 studies evaluate or use hosted Jev, 5 build or evaluate independent Jev-like
models, and 8 embed typed decisions in a larger system (Table 3). Of the 15 studies that query hosted Jev,
12 state the version they called (jev-1.13.0 or jev-1.13; one uses typesafe/jev1.13 through OpenRouter
[16]) and 3 state none. Every core study is an arXiv preprint; two had a second version by 24 September, and
their evidence was read on the first.

7.2 F1 · A type-valid answer can still be the wrong answer
Typed interfaces remove parse and schema failures by construction, and nothingmore. In themost direct test,
the authors held question, state, rubric wording and the set of option names fixed and changed only which
name was bound to which rubric [66]. For hosted Jev, rebinding the rubrics behind no/yes flipped 32.50%
of answers, against 2.08% and 1.67% under neutral names. It lowered balanced accuracy from .7127 to .5163
and AUROC from .8146 to .5806 on 1,200 items. The swap produced 24× the model’s test–retest floor, while
the type-error rate stayed at 0% in every condition. The larger reversal in the abstract, AUROC .9376 → .2315,
belongs to an open marker-readout head, not to Jev. That head is also where neutral renaming of multi-way
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Table 3: Core and peripheral studies (* peripheral; † same study family). Headline values are author-reported.

Study v1
(2026)

Test level Version Headline (as reported) Ref.

Replacing LLMs with Jev
at the Edge †

09-19 Hybrid jev-1.13 Median client decision latency −15.9% to −26.5% [24]

Intent-Driven 6G Edge Or-
chestration †

09-19 Hybrid Jev 1.13 Median decision latency −22.4% vs DeepSeek,
−61.9% vs Gemini

[23]

this-that-model-1.0 09-20 Model test 1.0; not re-
ported

30.9 ms per decision on one laptop GPU; 32 deci-
sions/s

[69]

Open-Jev on CallScreen-
Bench

09-21 Model test paper v1
(three seeds)

JevLite ensemble AUROC .974, ECE .052; no false
alarms

[19]

Jev-Mem 09-21 System test not reported LoCoMo judge 0.777 (+11.0%); build 158 s; 0.93
s/query

[75]

Calibrated Decisions at
Scale

09-21 System test jev-1.13.0 499,500 narratives screened for $25.23; 195,857
fully coded

[12]

JEVQA 09-21 Model test jev-1.13 PLCC vs VMAF: 0.737 (metadata) → 0.824 (+bit-
stream, pixel)

[76]

Decision Models for CSS
Annotation

09-21 Model test typesafe/jev1.13 Behind best LLM on 14/15 tasks (−11.6 F1) at 44×
lower cost

[16]

Jev for Scientific Decisions 09-21 System test Jev 1.13 Full semantic correctness; median 0.335 s, p95
0.442 s

[77]

Universal Fractal Decision
Map *

09-21 Model test not reported Self-reported 92.6% macro-accuracy, 7.08 ms on
CPU, “#1” on JevBench

[78]

Visual Jev 09-22 Model test paper v1 Macro accuracy 0.706 → 0.761 after post-training
(seen families)

[20]

REFLEX with Jev 09-22 System test jev-1.13.0 95% success with 1.12 strong calls/task vs 88% and
4.10 (−72.7%)

[79]

JEV-as-a-Judge 09-22 Model test jev-1.13.0 RewardBench 92.2% vs 93.5%; HaluEval 87.5% vs
86.7% (GPT-6)

[10]

Type-Safe Is Not Error-Free 09-22 Model test not reported Hosted Jev AUROC .8146 → .5806 after name–
rubric swap; 0% type errors

[66]

JEV-Star 09-23 System test Jev 1.13 4/4 full-game wins incl. two vs Lv7 with GPT-6
plans; Jev-only never expanded

[80]

KITE 09-23 System test jev-1.13.0 1.7%flagship anchors cut effect error 41%; decision
gain 0.27 → 0.39

[81]

Jev as a Radiology Report
Judge

09-23 Model test jev-1.13.0 Kendall τ 0.573 / 0.398 with expert error counts;
beats open NLI

[82]

Jev on Contract Inference 09-23 Model test jev-1.13.0 $0.000228 and 1.24 s per contract — lowest of ten
models

[83]

options changed 52.42% of answers. Random character-string names returned flip rates to the neutral regime
without costing accuracy, which suggests that polarity, not naming itself, drives the effect. Community audits
add closed-set and primitive effects. Removing an abstain option drove accuracy on unanswerable items
from 0.950 to 0.000 at 0.79 confidence, and a Noul and a two-option Choice over the same question differed
by 0.125 on average [84]. In a synthetic-panel study, the choice of primitive reversed a comparison with
GPT-4.1 [21]. In agents, reliability depends on the size of the action set and on near-valid alternatives near
authorisation boundaries [79]. In scientific workflows, wrong selections changed derived counts while the
final label stayed correct [77]. The vendor’s own list of weaknesses — literal reading, arithmetic, dates,
indirection, large irrelevant state and adversarial text — points the same way [8].

Two qualifications matter. Order is a different intervention from binding: one community audit saw no
argmax flips in 400 order permutations on hosted Jev [84], whereas frozen open readouts are order-sensitive
until calibrated [67]. And the mitigations the authors propose (neutral identifiers, randomised names in
training) have not been evaluated. Related work outside the Jev literature reaches the same conclusion from
other directions: schema descriptions act as prompts [64], forced forms invite invented answers [54], and
tool-using agents fail by binding the right action to the wrong entity [85].

Consistency is not correctness either. On contract inference, five of Jev’s 30 fixed anchors received the
same wrong label in all twelve responses across request conditions and repeats [83].

7.3 F2 · A native probability makes calibration measurable, not guaranteed
Every call returns a distribution, so reliability can be audited on each run. Measured reliability varies. Across
15 computational-social-science tasks, Jev’s median ECE was 0.157 (95% CI 0.108–0.233). That beat the ver-
balised confidence of 16 of 19 LLMs but not three frontier Claude models (best 0.066) [16]. The same study
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shows how a global average hides a local failure: on empathy in peer-support dialogues the model was con-
fident while near chance, a task ECE of 0.538. On crash narratives, probabilities ranked well but overstated
prevalence. Recalibration fitted on half of 2,416 blinded human judgments cut calibration error by about 3.3×,
and calibration varied by model rather than by paradigm [12]. Community audits disagree across datasets.
One pre-registered audit found ECE 0.0204 on CLINC150 and 0.0936 on Banking77 [86]. Another found that
a temperature of about 3.4 was needed on a task whose rule is not recoverable from the text [13]. A third
found that a Spanish state cost 3.0–6.4 accuracy points and doubled ECE on the hardest tasks [87]. Open
models show the same pattern: JevLite reaches calibration error .052 with a temperature-scaled two-label
readout, but on synthetic calls and with a recipe chosen under test-set exposure [19].

The qualifications are specific. Native confidence is essentially the maximum probability [10], and the
vendor presents calibration as a group property [11]. The probabilities are quantised to two decimals [12].
The background literature explains the rest: calibration degrades under shift [36]; the ranking of confidence
signals changes out of domain [88]; answer-preserving attacks can move confidence readouts [89]; and con-
formal certificates can fail under a change in how scores are produced [90]. Calibration is therefore a property
to verify per workload and per construct, with recalibration on held-out target labels. It is not a certificate.

Two new studies point the same way. On radiology report factuality, raw sentence-level probabilities
had ECE 0.1192, lowered to 0.0077 on a held-out half by isotonic calibration [82]. In population simulation,
honest intervals needed a fitted human–model discrepancy: coverage was 0.93 and 0.96 at nominal 0.80 and
0.90, against 0.29 and 0.36 from sampling alone [81].

7.4 F3 · A bounded first pass with confidence-gated escalation
Across judging, annotation and agent control, the typedmodel is usually the cheapest and fastest component,
and rarely the most accurate. As a judge, Jev stayed within three points of the strongest comparator (GPT-
6 Astra) on ordinary preference and evidence-grounded factuality: 92.2% vs 93.5% on RewardBench and
87.5% vs 86.7% on HaluEval. A frozen two-order cascade kept 99% of the comparator’s accuracy at 57% of
its fee [10]. In agent control, a Jev-gated agent reached 95% success with 1.12 strong-model calls per task
against 88% and 4.10 calls for a strong-only agent [79]. In annotation, Jev trailed the per-task best LLM on
14 of 15 tasks (median −11.6 macro-F1) at a median 44× lower cost. Routing its low-confidence items to an
LLM matched or exceeded the LLM alone at a quarter to half of the cost [16]. On crash narratives the typed
model reached F1 0.908 against human labels, and one frontier model was 0.059 higher [12].

Every one of these gains is conditional. Thresholds chosen on a selection set did not transfer for every fall-
back, and simulated cascade fees say nothing about real cascade latency [10]. On BFCL and τ-style episodes,
where ordinary routing is already accurate, a cheap generative cascade remained competitive [79]. Trained
feature models still beat zero-shot JEVQA on video quality [76]. On multi-step arithmetic, an open typed
model trails strong reasoning models [69]. The prior art is also clear. Cascades and routers have long traded
cost against quality [58–60]. In one recent comparison a cheap trained ensemble beat every LLM configura-
tion outright, and a hybrid escalated only its least-confident predictions to an LLM [91]. The lesson for RQ4
is to include cheap trained and generative cascades as baselines, and to fix thresholds on data separate from
the test set.

The pattern extends to new domains. On contract inference, Jev was the cheapest and fastest of ten con-
figurations but below all seven hosted LLMs on accuracy (77.38% against 78.96–83.21%) [83]. As a radiology
report judge, a one-question configuration beat an open NLI judge but trailed a local 27B RadMatch on clini-
cally significant errors [82]. In population experiments, the Jev kernel passed content-fidelity gates but failed
intervention-sensitivity gates until sparse flagship anchors, on 1.7% of states, cut effect error by 41% [81].

7.5 F4 · Speed and cost claims decompose into different mechanisms and scopes
Speed figures in this literature measure different things (Table 4). Single-request latencies include 0.335 s
median for scientific Choices [77], 64.5 ms for JevLite on a consumer GPU [19] and 30.9 ms for this-that-
model on a laptop GPU [69]. Visual Jev’s 5.7 ms is amortized over 32 questions sharing one image: the batch
takes about 182 ms [20]. End-to-end figures include network, queueing and retries [10, 24]. Electricity-only
marginal cost excludes hardware and operations and cannot be compared with an API bill [69]. Several
mechanisms produce speed-ups: avoiding autoregressive decoding (JevLite’s 4.9× on the same backbone),
prefix sharing and batching (Visual Jev’s 8.9× and 3.4×), and caching. Caching alone largely removed the
latency advantage of Jev over a structured-output LLM in an edge service [24]. Faster decisions did not raise
end-to-end success: in a real image service reached over simulated radio access, Jev completed 459 of 1,080
requests correctly and on time, against 463 for DeepSeek [23]. Serving systems explain part of the effect
independently of the model [51]. For RQ3 the answer is that no single speed or cost number describes a
typed decision model; each figure is valid only within its scope.
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Table 4: Speed and cost figures grouped by measurement scope. Figures in different groups are not comparable.

Scope Reported figure Ref.

Single request Full semantic correctness; median 0.335 s, p95 0.442 s [77]
Single request 64.5 ms/decision; 4.9× faster than same backbone generating [19]
Single request 30.9 ms per decision on one laptop GPU; 32 decisions/s [69]
Single request Median decision latency −22.4% vs DeepSeek, −61.9% vs Gemini [23]
Single request Median client decision latency −15.9% to −26.5% [24]
Single request Self-reported 92.6% macro-accuracy, 7.08 ms on CPU, “#1” on JevBench [78]
Amortized per question 8.9× vs serial, 3.4× vs no-reuse batch; 5.7 ms/question amortized [20]
End to end 0.36% of the comparator’s fee; ≈$0.04 per 1,000 judgments at 0.15 s [10]
End to end 95% success with 1.12 strong calls/task vs 88% and 4.10 (−72.7%) [79]
End to end Behind best LLM on 14/15 tasks (−11.6 F1) at 44× lower cost [16]
End to end Low-confidence routing matches the LLM at ¼–½ of its cost [16]
End to end 499,500 narratives screened for $25.23; 195,857 fully coded [12]
End to end LoCoMo judge 0.777 (+11.0%); build 158 s; 0.93 s/query [75]
End to end Correct & on time: Jev 459, DeepSeek 463, Qwen 435 of 1,080 [23]
End to end No cache: e2e −11.1–25.3%; fees per correct completion −69–71% [24]
End to end Repeated-request caching largely removes the latency gap [24]
End to end $0.000228 and 1.24 s per contract — lowest of ten models [83]
End to end $0.0227 per 1,000 predictions; median 213 ms [81]
End to end Jev 0.422 s median; $0.15 of $3.71 per game [80]
Simulated Frozen two-order cascade: 99% of GPT-6 accuracy at 57% of its fee [10]
Simulated Simulated completion +3.50 / +8.35 points [23]
Author estimate $0.000217 electricity per suite pass vs $10.636 for a hosted model [69]
Author estimate Under $0.03 per 100 report pairs (judgment calls only) [82]
Vendor claim No type errors by construction; plotted 0% is analytical [3]
Vendor claim $0.042 / M input tokens; 70–500 ms end to end (vendor) [3]
Vendor claim 193.6× faster, 444.6× cheaper on vendor workflow evals [3]

Newer figures keep the scopes apart: $0.000228 per contract at a 1.24 s median, measured end to end [83];
judgment calls priced at under three cents per hundred radiology report pairs, excluding local statement
extraction [82]; $0.0227 per thousand predictions at a 213 ms median [81]; and a 0.422 s median action
response inside a StarCraft II controller whose planning calls take 27.6 s and 96% of the model cost [80].

7.6 F5 · Interface compatibility is not mechanism equivalence
§6 established that the request and response shape can be served by encoders, frozen or fine-tuned decoders,
diffusion reads and prompted generators. The evidence adds three points. First, readoutmattersmore than a
“typed head” label. JevLite’s gain over generation comes from reading two label logits on the same backbone,
and a ModernBERT encoder was not significantly worse [19]; Visual Jev’s typed head gave no consistent
gain [20]. Second, comparisons between open and commercial models are fragile. this-that-model’s 0.941
vs Jev’s 0.765 on a third party’s 68 questions rests on 12 items, and its 0.844 vs 0.803 on 2,250 questions uses
question shapes the open model was trained on [69]. Third, several projects state explicitly that they do not
reproduce the commercial model [14, 17, 74]. Typed primitives with confidence-gated execution also appear
independently in data systems [92].

7.7 F6 · System-level gains need module-level attribution
Systems improve for many reasons at once. Jev-Mem reports a LoCoMo judge score of 0.777 (+11.0% rela-
tive), memory construction in 158 s and 0.93 s per query. Each figure is measured against a different baseline,
and the quality metric is itself an LLM judge [75]. JEVQA’s quality depends mainly on feature engineering:
metadata-only PLCC 0.737 rose to 0.824 with bitstream and pixel features, while a pixel-only variant failed
[76]. The choice of reference matters as much as the model. Administrative crash codes understated narra-
tive fidelity by a median 0.26 kappa [12], and correct final labels concealed wrong intermediate quantities in
scientific workflows [77]. Attribution needs ablations, matched baselines and references that measure what
the workflow reuses.

JEV-Star wins full games against the strongest non-cheating built-in StarCraft II AI only with GPT-6 plans
added, and its two controllers also differ in candidate descriptions and execution handling, so the planner’s
share of the gain is not isolated [80].
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Figure 2: Which study bears on which finding, derived from the evidence records (filled: supports; half: qualifies).

7.8 F7 · The evidence is young, clustered and unreplicated
The core preprints appeared within five days of one another, most as a single version (Figure 2). Two form
one study family [23, 24]. The hostedmodel is non-deterministic: the test–retest floorwas up to 1.33% answer
flips [66], and 50 identical requests produced 15 distinct answers in one audit [84]. Several comparisons rest
on small or test-informed samples. The recipe selection in one study had test-set exposure [19], and the
68-question comparison above rests on 12 items. The peripheral study reports “0.0% injection bypass” with
a 95% interval up to 30.8% [78]. The vendor’s workflow evaluations use model outputs as references [3].
None of the core results has been independently reproduced, and several claimed releases of code and raw
predictions could not be located (§9).

8 Reliability and failure modes
Table 5 collects the failure modes reported so far, the stage where each arises, its sources and a mitigation.
Mostmitigations are procedural rather than architectural. Use neutral identifiers and putmeaning in rubrics;
include an explicit abstain option; fix the primitive in the protocol; keep arithmetic, counting and date logic
in code; evaluate in the deployment language; measure a test–retest floor; and score intermediate quantities.
None has been tested at scale on hosted Jev.

9 Openness and reproducibility
Openness is not a single property (Table 6, Figure 3). Among the 18 core and peripheral studies, code was
located in full for 7, in part or as a project page only for 2, and claimed but not located for 2. Weights were
located for 1 study, and raw predictions were fully available for 2. The two studies whose code and per-item
data are claimed but unlocated could not be matched to a public package [10, 66]. Data restrictions are
sometimes legitimate: crash narratives cannot be redistributed under their data agreement [12]. The best
recomputable case is the CSS replication package with complete per-call records [16]. Among repositories,
weights and inference code are common for openmodels; training code, evaluation data and raw predictions
are not. Licence fields reported byGitHub as NOASSERTIONmean “not identified”, not “no licence”. We record
“not located” rather than “absent” throughout.
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Table 5: Failure modes reported in the first wave, with mitigations (not yet evaluated at scale).

Failure mode Stage Mitigation Sources

Option name outweighs
the rubric

Decision con-
tract

Neutral identifiers with meaning carried in the rubric; name-
invariance checks next to type-error rates.

[66]

Order is a different inter-
vention

Decision con-
tract

Report order permutation and name rebinding as separate
arms.

[67, 84]

The primitive changes the
answer

Decision con-
tract

Fix the primitive in a protocol; test both when a result de-
pends on it.

[21, 84]

Forced choice without an
exit

Decision con-
tract

Include an explicit unknown/abstain option and test with it
removed.

[84]

Confident on the wrong
construct

Probability &
calibration

Audit reliability per task and construct, not with one global
ECE.

[16, 86]

Unknowable rules and dis-
tribution shift

Probability &
calibration

Hold out domains and rule changes; recalibrate on target-
domain labels.

[13]

Language shift costs accu-
racy

Probability &
calibration

Evaluate in the deployment language; pin the model version. [4, 87]

Two-decimal probabilities Probability &
calibration

Treat rare-event probabilities with care; smooth before log-
loss.

[12, 13]

Same request, different an-
swer

Inference &
readout

Measure a test–retest floor and report effects relative to it. [66, 83, 84]

Validity effects masquer-
ade as quality

Downstream
use

Count invalid outputs as errors and report parse rates sepa-
rately.

[10]

Right label, wrong quan-
tity

Downstream
use

Score intermediate relations and derived quantities, not only
final labels.

[77]

Vendor-listed jagged edges Decision con-
tract

Keep arithmetic and date logic in code; filter state; split indi-
rect questions.

[8]

Consistent is not correct Decision con-
tract

Score every repeat against gold labels and report stable errors
separately from changing ones.

[83]

Code Weights Data Raw preds. Recomputable Reproduced
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n/a / not attempted

Figure 3: Openness of the core and peripheral studies across six independent fields.
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Table 6: Openness of core and peripheral studies: six separate fields (“not located” is not “absent”).

Study Code Weights Data Predictions Recomputable Reproduced

Replacing LLMs with Jev at the Edge not located n/a partial not located no no
Intent-Driven 6G Edge Orchestration not located n/a partial not located no no
this-that-model-1.0 available available partial not located partial no
Open-Jev on CallScreenBench not located not located not located not located no no
Jev-Mem available n/a available not located · no
Calibrated Decisions at Scale available n/a restricted partial partial no
JEVQA not located n/a partial not located no no
Decision Models for CSS Annotation available n/a available available available no
Jev for Scientific Decisions not located n/a partial not located no no
Universal Fractal Decision Map partial n/a partial not located · no
Visual Jev page only not located available partial partial no
REFLEX with Jev not located n/a partial not located no no
JEV-as-a-Judge claimed n/a partial claimed no no
Type-Safe Is Not Error-Free claimed not located claimed claimed no no
JEV-Star available n/a partial partial no no
KITE available n/a partial not located partial no
Jev as a Radiology Report Judge not located n/a restricted not located no no
Jev on Contract Inference available n/a available available available no

10 A proposed evaluation protocol
No experiment is reported in this survey. The protocol below is proposed so that the open questions of §7
can be answered with comparable numbers.

Tasks. Six compact tracks: intent/semantic classification, pairwise judging, tool and model routing, nar-
rative variable coding, sequential agent control, and open-set detection with an explicit unknown option.
Visual inputs form a separate track, and text-only systems receive the same extracted features.

Systems and baselines. A majority/rule baseline; TF-IDF or embedding plus a linear classifier; SetFit,
ModernBERT andGLiClass [28–30]; frozen-LM option logits with andwithout permutation calibration; con-
strained JSON generation with the same backbone [50]; open decision models; version-pinned hosted Jev; a
strong LLM; and two cascades (cheap generative, Jev-gated). Supervised systems report their training data
and cost.

Metrics. Accuracy ormacro-F1 (invalid outputs counted as errors); NLL, Brier and ECEwith a stated bin-
ning and bootstrap intervals, keeping Choice and Noul separate; risk–coverage curves, AURC and coverage
at fixed risk, with thresholds and temperatures fitted on validation data only; flip rates under order permu-
tation, name–rubric rebinding, neutral and random names, negation, a missing correct option and language
variants, each against a test–retest floor; single-request p50/p95, amortized per-question time, throughput
and end-to-end time as separate columns; API bills per correct decision, and hardware and energy reported
separately.

Splits and records. Group splits and bootstraps by scenario or document, so that 577 turn-level decisions
are never treated as 577 independent cases. For each item keep the input, schema, option order, full distri-
bution, model ID and version, timestamp, errors, retries and cost. Register the analysis plan before running
it.

First experiment. Name–rubric binding × native calibration × selective escalation on a fixed test set.
Measure the base error under each binding. Then testwhether low-confidence escalation catches the binding-
induced errors, and at what cost. This directly asks whether structured, probabilistic errors are in fact easier
to intercept (F1 × F2 × F3).

11 Open problems
1. Semantic invariance by design. Train or calibrate readouts so that decisions follow rubrics rather than

option-name polarity, and report name-invariance next to type-error rates.
2. Per-construct reliability. Identify, before deployment, the constructs and languages on which confidence

is uninformative, using small labelled pilots and recalibration.
3. Escalation that transfers. Find threshold-selection rules that survive distribution shift and a change of

fallback model, under explicit risk budgets [42, 43].
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4. Joint consistency. Questions are answered independently against a shared state; logical constraints across
answers (exclusion, implication) are unchecked.

5. Open-set decisions. Closed option sets force errors when the right answer is missing; abstain options and
out-of-set detection need standard tests.

6. Adversarial confidence. Confidence gates are attack surfaces [89, 90]; evaluation should include manip-
ulation of state text and options.

7. Reproducible commercial evaluation. Pinned versions, raw responses and dated repeats are needed to
separate model drift from effects.

8. Honest efficiency accounting. Report the scope of every timing and cost figure and attribute gains to
readout, batching, caching and network.

12 Limitations
This survey was carried out by one AI-assisted reviewer, without a second independent screener or a reg-
istered protocol. Literature search used the arXiv API (metadata fields) and GitHub; other databases were
not searched exhaustively. The cutoff is 23 September 2026, and the field changes daily. Background refer-
ences were checked at abstract depth. Repositories were read, not executed. No result was reproduced, and
every number is author-, vendor- or community-reported. The five stages and six families are an analytical
organisation, not an architecture. Author names, DOI and publication status are intentionally unset.

13 Conclusion
Typed decisionmodels make an old requirement concrete: software needs answers it can parse, probabilities
it can act on and a principled route to escalate when unsure. The first week of evidence on Jev shows that
the first requirement is met by construction, the second must be verified per workload, and the third works
as a first pass with carefully chosen thresholds rather than as a replacement for stronger models. The open
ecosystem already reproduces the interface in several ways, which is a strength for research and a warning
against reading any of them as the commercial model. The most useful next steps are not new leaderboards
but version-pinned, same-protocol experiments that measure name invariance, calibration and escalation
together, with raw predictions released.
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https://github.com/marcosmartinez/jev-acento/blob/7e007b4c2bd552471b56eff035f9a3df7593f9fe/README.md
https://arxiv.org/abs/2608.19558v2
https://arxiv.org/abs/2608.19558v2
https://arxiv.org/abs/2608.06571v1
https://arxiv.org/abs/2609.04445v1
https://arxiv.org/abs/2609.04445v1
https://arxiv.org/abs/2609.17977v1
https://arxiv.org/abs/2608.20630v1


A Search queries

Table 7: arXiv API queries: 17 accepted snapshot queries (Q) and the increment’s expansion queries (X).

ID Query Hits

Q01_jev all:jev 14
Q02_typesafe all:typesafe 5
Q03_system_one all:”System One” AND submittedDate:[202601010000 TO 202609232359] 84
Q04_typed_decision all:”typed decision” 20
Q05_calibrated_decisions all:”calibrated decisions” 46
Q06_jevqa all:jevqa 1
Q07_jev_survey (all:jev OR all:typesafe OR all:”System One”) AND (ti:survey OR

ti:review)
25

Q08_decision_survey (all:”decision model” OR all:”decision models”) AND (ti:survey OR
ti:review) AND submittedDate:[202501010000 TO 202609232359]

5

Q09_rlcd all:RLCD AND (cat:cs.AI OR cat:cs.CL OR cat:cs.LG) 2
Q10_recent_decision_models (ti:”decision model” OR abs:”decision model” OR

abs:”decision-only” OR abs:”typed decisions” OR abs:”typed
questions”) AND submittedDate:[202609140000 TO 202609232359]

12

Q11_recent_systemone (all:”system-one” OR all:systemone OR all:”TypeSafe AI”) AND
submittedDate:[202609140000 TO 202609232359]

6

Q12a_openjev ti:openjev OR abs:openjev 0
Q12b_nanojev ti:nanojev OR abs:nanojev 0
Q12c_jevlite ti:jevlite OR abs:jevlite 1
Q12d_jevlike ti:jevlike OR abs:jevlike 0
Q13_rlcd_expanded all:”Reinforcement Learning for Calibrated Decisions” 0
Q14_typed_surveys (ti:survey OR ti:review OR ti:overview) AND (all:”typed

decision” OR all:”decision-only” OR all:”non-generative”) AND
submittedDate:[202001010000 TO 202609232359]

4

X01_machine_native all:”machine-native” AND submittedDate:[202601010000 TO
202609232359]

3

X02_decision_head (abs:”decision head” OR abs:”decision heads”) AND
submittedDate:[202606010000 TO 202609232359]

3

X03_open_model_names (all:laya OR all:anyjev OR all:semif OR all:djev OR
all:localjev OR all:”this-that-model” OR all:”visual jev”) AND
submittedDate:[202609010000 TO 202609232359]

11530 (re-
jected)

X03a_laya (ti:laya OR abs:laya) AND submittedDate:[202609010000 TO
202609232359]

0

X03b_anyjev ti:anyjev OR abs:anyjev 0
X03c_semif ti:semif OR abs:semif 1
X03d_djev ti:djev OR abs:djev 0
X03e_localjev ti:localjev OR abs:localjev 0
X03f_this_that ti:”this-that-model” OR abs:”this-that-model” 1231268

(rejected)
X03g_visual_jev ti:”visual jev” OR abs:”visual jev” 1
X04_system1_model (all:”System 1 model” OR all:”System-1 model” OR all:”system one

model” OR all:”System One models”) AND submittedDate:[202609010000
TO 202609232359]

2

X05_typed_outputs (abs:”typed output” OR abs:”typed outputs” OR abs:”typed
probabilistic” OR abs:”option probabilities”) AND
submittedDate:[202606010000 TO 202609232359]

5

X06_confidence_gating (abs:”confidence-gated” OR abs:”confidence gated” OR
abs:”selective escalation” OR abs:”escalate when”) AND
submittedDate:[202606010000 TO 202609232359]

73

X07_benchmark_names (all:jevbench OR all:callscreenbench OR all:”sysone” OR
all:”workflow evals”)

4

X08_decision_models_plural (ti:”decision models” OR abs:”decision models”) AND (cat:cs.CL
OR cat:cs.AI OR cat:cs.LG) AND submittedDate:[202609140000 TO
202609232359]

4

X09_structured_decisions (abs:”structured decisions” OR abs:”fast structured decisions”
OR abs:”smart if-statements” OR abs:”semantic if”) AND
submittedDate:[202606010000 TO 202609232359]

7697 (re-
jected)

X09a_structured_decisions abs:”structured decisions” AND submittedDate:[202606010000 TO
202609232359]

42

X09b_smart_if abs:”smart if-statements” OR abs:”smart if statements” 0

19



ID Query Hits

X09c_semantic_if abs:”semantic if” OR abs:”semantic ifs” 78323 (re-
jected)

B Evidence record fields
Each record in data/claims.json contains: id, subject (paper, repository or vendor source), claim_text,
headline, source_url, locator, evidence_type, reported_by, independently_reproduced (false unless a
public run log exists), metric, value, unit, baseline, task, sample_size (n and unit, or a reason), model,
model_version (value or reason), hardware (value or reason), test_level, measurement_scope, findings
(F1–F7 with relation), limitations and note.

20
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